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Abstract In this study, we analyze the nonstationarity in meteorological droughts at the multidecadal
scale in different parts of the contiguous United States during 1901-2017. We develop metrics to compare
the drought risk calculated under the assumptions of stationarity and nonstationarity and identify their
spatial and temporal patterns. By analyzing the variability of drought risk in the past and exploring its
ongoing patterns, we evaluate in which regions of the contiguous United States the assumption of
stationarity can be safely used for drought risk planning and management. We find statistically significant
interdecadal changes in the probability distribution functions of drought severity in parts of the Northwest,
upper Midwest, the Northeast, eastern parts of Great Plains and in parts of Arizona, New Mexico, Utah, and
Nevada in the Southwest. In these regions, the nonstationary risk has been significantly higher than the
stationary estimate of risk in the past, which shows that the assumption of stationarity can lead to the
underestimation of drought risk in these regions. The multidecadal drought risk shows low variability in
California, parts of northern and western Great Plains, Ohio Valley, and in the Southeast, since the statistical
properties of droughts have not changed significantly in these regions during 1901-2017. However, the
meteorological drought risk has increased in California and the Southeast in the recent decades due to the
influence of global warming and hence the assumption of stationarity for risk estimation may lead to
underestimation of drought risk in future in these regions if this effect of global warming persists.

Plain Language Summary Traditionally, statistical approaches adopted by water resource
managers for planning and design of water resource systems and infrastructure are based on the
assumption of stationarity; that is, it is assumed that the probabilistic characteristics of the hydrological
and meteorological processes do not change with time, and hence, the planning and designs for future can
be based on the past observations. In this paper, we have evaluated the validity of the stationarity
assumption for meteorological drought risk estimation at the multidecadal scale by comparing drought risk
calculated under the assumptions of stationarity and nonstationarity, respectively, in different parts of

the continental United States. We find statistically significant nonstationarity in meteorological droughts
in the Northwest, upper Midwest, the Northeast, eastern Great Plains and in parts of Nevada, Utah, Arizona,
and New Mexico in the Southwest United States, which results in high interdecadal variability of drought
risk in these regions. This result demonstrates that the assumption of stationarity can lead to
underestimation of drought risk in these regions, thereby exposing water resource systems to failure under
severe droughts.

1. Introduction

Droughts can last for multiple seasons or years and can hence cause widespread impacts on water resources,
economy, environment, and society (World Meteorological Organization, 2006). In the United States,
droughts rank among the costliest natural disasters. The droughts of 1930s and 1950s in the Great Plains
and the Midwest droughts of 1988 and 2012 had a catastrophic effect on the agricultural productivity of
the country. The 1988 drought resulted in economic losses of 40.8 billion $ (National Ocean and
Atmospheric Administration, 2016), whereas the recent 2012 drought caused an economic loss of 30 billion
$ (Rippey, 2015). The socioeconomic impacts of droughts are expected to further increase in the future due to
the effects of increase in temperatures as well as the increasing human water demands, as it was evident in
the recent California drought (Diffenbaugh et al., 2015; He et al., 2017). This has intensified the need for a
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shift from emergency response-focused crisis management strategies to risk management strategies, which
focus on drought impact mitigation through long-term planning (Cai et al., 2015; Wilhite et al., 2000).

Statistical approaches such as return periods, risk, and reliability are commonly used by water resource man-
agers for planning and design of water resource systems and infrastructure, and hence constitute an essential
component of risk management strategies. Traditionally, these approaches are based on the assumption of
stationarity; that is, it is assumed that the probabilistic characteristics of the hydrological and meteorological
processes do not change with time and hence the planning and designs for future can be based on the past
observations. However, this assumption can be violated due to the changes in hydro-meteorological pro-
cesses under the influence of climate change and anthropogenic activities (Milly et al., 2008, 2015). As a
result, nonstationary statistical models have been proposed for the modeling of nonstationary processes,
which account the variability of probability distribution parameters as a function of external covariates such
as time or low-frequency climate signals (Katz et al., 2002). Numerous studies have applied these models for
modeling the occurrences of extreme events such as extreme rainfall (Cheng & AghaKouchak, 2014;
Steinschneider & Lall, 2015), floods (Lima et al., 2015; Lopez & Francés, 2013; ; Sun et al., 2015; Towler
et al., 2010), droughts (Du et al., 2015; Mondal & Mujumdar, 2015), snow water equivalent (Bracken
et al., 2018), and extreme sea levels (Serafin & Ruggiero, 2014). Also, several new frameworks have been pro-
posed for risk analysis under nonstationarity (Qi, 2017; Read & Vogel, 2015; Rootzen & Katz, 2013; Rosner
et al., 2014; Salas & Obeysekera, 2014; Vogel et al., 2011; Volpi et al., 2015). While these studies have shown
that the nonstationary models are able to improve the statistical representation of time series experiencing
changes in statistical properties, the more complex structure of nonstationary models introduces additional
uncertainty in the estimation of design events for planning and management (Serinaldi & Kilsby, 2015). This
makes it important to ensure that the nonstationary models are used only if the nonstationarity in the time
series is statistically significant. As a result, considerable research has been conducted for the development of
statistical tests to detect gradual and abrupt changes in univariate (Rasmussen, 2001; Rouge et al., 2013;
Wong et al., 2006; Xie et al., 2014; Yue et al., 2002) as well as multivariate (Chebana et al., 2013; Xiong
et al., 2015) hydro-meteorological time series.

Most of the studies mentioned above have modeled and analyzed the nonstationarity of annual maximum
rainfall and floods. Further, a number of these studies have analyzed the nonstationarity in annual maxi-
mum rainfall and floods at the regional, national, and even global scale (e.g., Archfield et al., 2016; Do
et al., 2017; Ishak et al., 2013; Mallakpour & Villarini, 2015; Prosdocimi et al., 2015; Stahl et al., 2010;
Villarini, Serinaldi, et al., 2009). While a number of studies have also analyzed the nonstationarity of
droughts (Ahn & Palmer, 2016; Burke et al., 2010; Jiang et al., 2015; Kwon et al., 2016; Kwon & Lall,
2016; Mondal & Mujumdar, 2015; Osorio & Galiano, 2012; Sarhadi et al., 2016), none of the previous studies
have analyzed the nonstationarity at the multidecadal time scale, which is the most relevant time scale for
long-term planning and drought risk management (Wilhite et al., 2000). Also, most of the studies on the
nonstationarity of droughts have been performed at the watershed or regional scale (e.g., Ahn & Palmer,
2016; Jiang et al., 2015; Mondal & Mujumdar, 2015; Sarhadi et al., 2016), and there are very few studies at
the national scale (e.g., Burke et al., 2010). To our knowledge, no study has been published to analyze the
nonstationarity of meteorological droughts at the national scale in the United States.

The analysis of nonstationarity in meteorological droughts at the multidecadal scale is particularly impor-
tant in the United States, where the hydro-climatology and the hydro-climatic extremes are significantly
influenced by multidecadal oscillations in the sea surface temperatures (SSTs) in the Atlantic and Pacific
Oceans, namely, the Atlantic Multidecadal Oscillation (AMO) and the Pacific Decadal Oscillation (PDO;
Enfield et al., 2001; Hoerling & Kumar, 2003; McCabe & Dettinger, 1999; Tootle et al., 2005). McCabe
et al. (2004) have shown that changes in AMO and PDO have a significant influence on the meteorological
drought risk in different parts of the United States at the decadal scale. This has further been verified by stu-
dies using climate models, which have shown that the changes in SSTs have been the dominant forcing of
the major drought events in the twentieth century in the country, such as the droughts of 1930s and 1950s
(Schubert et al., 2004a). Further, global warming has also influenced the long-term changes in precipitation
in the United States in the twentieth century (Groisman et al., 2004). This motivates our study to analyze the
multidecadal changes in meteorological droughts in the last century and to evaluate how safely the assump-
tion of stationarity can be relied upon for the estimation of drought risk for planning and management of
water resource systems in different parts of the country.
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In this study, we analyze the nonstationarity in meteorological droughts at the multidecadal scale in differ-
ent parts of the contiguous United States (CONUS) during 1901-2017. We use a moving window of multide-
cadal time scale to analyze how drought risk varies across decades at each grid point of a high-resolution
precipitation data set for the CONUS. We define certain metrics to compare the multidecadal drought risk
calculated using moving windows with the drought risk calculated assuming stationarity in the entire obser-
vation period. We also analyze the spatial patterns and temporal changes in these metrics to understand
which regions of the CONUS have shown a relatively higher degree of variability of drought risk. By quan-
tifying the variability of drought risk in the past and studying its ongoing changes, we evaluate how reason-
able the assumption of stationarity is for drought risk estimation in different parts of the CONUS.

The rest of this paper is organized as follows. Section 2 provides the details of the methodology used in this
study. Section 3 shows the results of the analysis in the form of spatial and temporal patterns of variability of
drought risk. Section 4 discusses the results of the nonstationary analysis including the probable causes of
the observed spatial and temporal patterns and the implications for drought risk management. Finally,
section 5 concludes the paper with a summary of the results.

2. Materials and Methods

This section provides (i) data sets used in the study, (ii) methodology adopted for risk calculation, and (iii)
definition of metrics for the quantification of variability of drought risk.

2.1. Data Set and Drought Definition

The focus of this study is on meteorological droughts, which are defined as deficits in precipitation. We use
the Climate Research Unit monthly rainfall data set (CRU TS 4.02) that has a 0.5° spatial resolution and
covers the period 1901 to 2017. Meteorological droughts are identified in this study using the Standardized
Precipitation Index (McKee et al, 1993), which is recommended by the World Meteorological
Organization for meteorological drought assessment. Here we use the Standardized Precipitation Index cal-
culated at a six-month time scale (SP16). We also performed the analysis using SPI3 to test the sensitivity of
the results to the time scale of SPI, which is discussed later in the paper. A drought event is defined as the
period when the value of SPI6 is below the threshold of —1 (moderate droughts). The length of a drought
event is referred to as the duration of drought, whereas the severity of a drought event is defined as the cumu-
lative deficit of SPI6 below the threshold during the event. In this study, we only focus on the severity of
drought events.

2.2. Calculation of Drought Risk

First, we define certain terms involved in risk-based design of water resource systems. A design drought
event is defined as the drought event for which a water resource system or structure is designed; that is,
the system or the structure can successfully operate until the design event is exceeded (Joseph, 1970). The
project life is defined as the duration of time for which the system or structure is designed. The risk of the
design event during the project life is the probability that the design event will be exceeded at least once
during the project life (Chow, 1964).

In this study, stochastic simulation of drought events is used for drought risk estimation, using the metho-
dology suggested by Salas et al. (2005). According to this method, to find the risk associated with a drought
event of severity S, during a project life of n years, a time series model needs to be developed to replicate the
statistical properties of the observed time series. If the risk is to be estimated for a project life of n years, the
time series model is used to simulate a large number (N) of synthetic time series sequences of length n years.
Then the number of simulations out of N, in which the design event severity S, is exceeded at least once, is
counted. Denote this number as e. Then the risk of design event S, in the project life of n years is given by

e
Risk = — 1
is N (1)

For each grid point in the observation data set, we calculate the risk associated with a design event (S,)
assuming stationarity and nonstationarity and compare the values of the two estimates.

2.2.1. Annual Precipitation T Series Modeling

As mentioned above, a time series model is needed, which can be used for the stochastic simulation of
droughts and then for risk calculation. Traditionally, linear parametric models such as Autoregressive
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Moving Average have been most commonly used for time series modeling, but they rely on assumptions
such as normal distribution of variables and a linear dependence between successive time steps, which
can be violated in hydrologic time series (Box & Jenkins, 1976; Bras & Rodriguez-Iturbe, 1985).
Nonparametric methods, such as k-nearest neighbor (KNN) bootstrap resampling, overcome these draw-
backs of linear parametric models, but are unable to simulate values outside the range of the historical data
(Mehrotra & Sharma, 2007; Rajagopalan & Lall, 1999; Sharma et al., 1997; Srinivas & Srinivasan, 2005). A
detailed overview of these models can be found in Rajagopalan et al. (2010). Generalized linear models
(GLMs) (Coe & Stern, 1982) offer an alternative to these approaches, and are able to model nonnormal
and nonlinear time series by modeling the parameters of probability distribution functions of variables as
a function of external covariates through link functions. The main advantage offered by GLMs is that it expli-
citly allows variables to be linked with external covariates such as low-frequency climate signals, thereby
enabling the model to capture the low-frequency variability in the observed time series. The ability of time
series models to capture low-frequency variability is crucial for multidecadal drought risk estimation, since
the low-frequency variability in precipitation time series has a significant impact on the changes in the
drought risk at the multidecadal scale. That is why, in this study, we use the generalized additive model
for location, scale, and shape (GAMLSS; Rigby & Stasinopoulos, 2005), which is a variant of GLM, for simu-
lating the precipitation time series in this study. The advantage of GAMLSS over GLM is that GLM requires
the observations of the time series to have the exponential family of distributions as the underlying distribu-
tion. However, there is no such restriction in GAMLSS, allowing time series modeling for observations with
any underlying distribution (Rigby & Stasinopoulos, 2005). Because of its ability to relate time series vari-
ables with external covariates, GAMLSS has been employed by many studies for nonstationary modeling
and attribution (Jiang et al., 2015; Lépez & Francés, 2013; Tan & Gan, 2015; Villarini, Smith, et al., 2009;
Villarini et al., 2010, 2011; Xiong et al., 2018; Zhang et al., 2014, 2015). GAMLSS has also been used for sto-
chastic simulation of climate variables and in weather generators (Chun et al., 2013; Serinaldi & Kilsby,
2012, 2014; Tye et al., 2016; Verdin et al., 2015). For example, Serinaldi and Kilsby (2012) used GAMLSS
for stochastic modeling of monthly precipitation at multiple sites in the United Kingdom. They demon-
strated that the model could not only capture the statistical properties of monthly precipitation but was also
successful in reproducing the drought properties such as duration and severity, making it a useful tool for
drought risk assessment.

We use GAMLSS for simulating the annual precipitation time series, which is then disaggregated to monthly
time series. We adopt this approach because previous studies have shown that daily and monthly weather
generators produce simulations that tend to be overdispersed at the annual time scale and are unable to
reproduce the low-frequency persistence of observed time series (e.g., Katz & Parlange, 1998; Wilks,
1999). To overcome this problem, several studies have proposed modeling the low-frequency component
explicitly and then superimposing the high-frequency components of the time series (e.g., Kwon et al.,
2007; Steinschneider & Brown, 2013). Following these studies, we have used GAMLSS for explicitly model-
ing the low-frequency component in the annual precipitation time series and then disaggregated the annual
values into monthly values.

The model structure of GAMLSS, described in Rigby and Stasinopoulos (2005), is briefly introduced as
follows. If Y'is the variable whose time series is to be simulated using GAMLSS, it is assumed that the inde-

and shape. Commonly p is less than or equal to 4, depending on the type of the distribution selected, as one-,
two-, three-, and four-parameter distributions provide sufficient flexibility for most applications. For a given
“n” length vector of the response variabley = (y1,y5 ... ... ', gr(.)fork=1,2 ... p are defined as link func-
tions relating the distribution parameters to explanatory variables and random effects through an additive
model given by

Jk
8 (Ok) = M = Xy + lejkl’jk @)
f

where 6 and 7y, are vectors of length n. 6, = (6,1(, Gi, ...... GQ)T represents the values of the kth parameter of
the distribution function at time steps 1,2 ... n and 7y is the vector containing the corresponding values of the
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link function. Ji is the number of explanatory variables and X}, is a n X J, matrix containing the values of
these predictors at the n time steps. B, = (8 B, ks -+ Jkk)T is the parameter vector, which needs to be
determined. Zj is a fixed known design matrix of dimension n X gjx and yj is a gj. dimensional random
variable.

Equation (2) can be used to obtain the relation between all the parameters k = 1,2 ... . p of the distribution
function Fy with the selected explanatory variables. The linear prediction function is composed of two com-
ponents: parametric component X (linear function of explanatory variables) and random component
Zjyjk- Parameters S in equation (2) are estimated using the maximum likelihood principle. The best model
can be selected using Akaike information criteria (Akaike, 1974). The details about the model fitting and
selection can be found in Rigby and Stasinopoulos (2005). Once the GAMLSS model is trained and selected,
the time series can be generated by the simulation of standard uniform random numbers. The random
numbers can be used to generate the time series by applying the probability integral transform to the
time-varying probability distribution functions. One of the requirements of the GAMLSS model is that the
observations of the variable being simulated (Y) need to be independent of each other. However, previous
studies have shown that GAMLSS is able to reproduce the statistical properties of the observed time series
even when this condition is not strictly fulfilled (Serinaldi, 2011; Villarini & Serinaldi, 2012).

In this study, we use GAMLSS to simulate the annual precipitation time series at each grid point in the
observation data set (i.e., response variable y represents annual precipitation). We consider three probability
distribution functions: gamma, lognormal, and Weibull distributions as candidates for modeling annual
precipitation, based on the findings of previous studies which have performed distribution fitting for annual
precipitation in the CONUS (Guttman et al., 1993; Markovic, 1965). The best distribution at each site was
selected as the one with the lowest Akaike information criterion value (Figure S1). Time is used as the expla-
natory variable in our study and the parameters of the probability distributions are modeled as a fifth-order
polynomial function of time, so that there is sufficient flexibility to capture the decadal changes in annual
precipitation. The logarithmic function is chosen as the link function. Thus, in equation (2) at any time t,

g(6x) = log(6}) 3)

Xl B = By + Byt + ot + Bat® + Byt* + Bst® )

where 65{ is the value of the parameter 6y at time t; X f( is the £ row of the matrix X; t=1901, 1902 ..., 2017,
and k = 1, 2 since the distributions are two-parameter distributions. Thus, in our study the length of the time
series at each grid point is T = 117 years. We perform the GAMLSS simulation using the GAMLSS package
(Stasinopoulos & Rigby, 2007) in the software R.

2.2.2. Disaggregation of Annual Precipitation

The annual precipitation time series generated using GAMLSS needs to be disaggregated to monthly time
series so that monthly SPI values can be calculated for estimating drought risk. Numerous techniques have
been employed in literature for the disaggregation of annual precipitation and streamflow time series. Linear
stochastic disaggregation techniques disaggregate annual time series linearly into monthly values by assum-
ing that both the annual and monthly variables are normally distributed, and hence require the data to be
transformed to normal distribution prior to disaggregation (Mejia & Rousselle, 1976; Santos & Salas, 1992;
Stedinger & Vogel, 1984; Valencia & Schakke, 1973). However, the back transformation of the disaggregated
values in the original space does not guarantee that the monthly values will add up to the annual values.
These techniques have been modified by some studies to avoid the need for transformation, but they still rely
on the assumption of linearity (Koutsoyiannis, 1999, 2001). An alternate to these models is a nonparametric
model, in which the disaggregation function is fitted locally to a limited number of neighbors at each point
rather than fitting functions to the entire data set (Kumar et al., 2000; Sharma et al., 1997; Tarboton et al.,
1998). This allows the nonparametric models to capture the nonnormal and nonlinear characteristics of
the time series. In this study, we apply one such nonparametric approach developed by Prairie et al.
(2007), which is based on the KNN algorithm. This approach has been applied successfully by many other
studies for the disaggregation of streamflow and precipitation time series (e.g., Bracken et al., 2010; Kalra
& Ahmad, 2011; Lu et al., 2016; Sinha et al., 2014; Wang et al., 2015). A brief description of this approach
is provided in Appendix A.
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2.2.3. Nonstationary Drought Risk

In this study, we use a moving window approach to understand how the drought risk has changed at the
multidecadal scale. We choose a design event with drought severity SO and calculate the drought risk asso-
ciated with the design event in each moving window based on the statistical properties of droughts during
that window. The length of the moving window needs to be chosen such that the window is long enough
to characterize the statistical properties of droughts during that period, but at the same time, the time series
can be assumed stationary within the moving window. Guttman (1989) suggested that a duration of 30 years
can be used to characterize the climate of a given place. Kao and Ganguly (2011) recommended the use of a
30-year window for studying the influence of multidecadal oscillations. A number of other studies have also
used 30-year windows for nonstationary analysis of time series (Ghosh et al., 2012; Gilroy & McCuen, 2012;
Jain & Lall, 2001; Qi, 2017; She et al., 2015; Vittal et al., 2013). Following these studies, we also use a 30-year
moving window in this study. By using a 30-year moving window, we assume that the statistical properties of
climate remain stationary within each 30-year period. Hence, for calculating the drought risk, we assume
that the project life n is the same as the length of the moving window, that is, n = 30, to ensure that the pro-
ject life, for which the risk is being calculated, is not longer than the period of assumed stationarity in
drought properties. If we denote a moving window by its last year, the " moving window mw(z) will consist
of data points [y, _ 29,: _ 28, --- ... . ], Where y, is the annual precipitation in year ¢. Since we have 117 years of
data for each grid point, there will be 88 such moving windows with ¢ € {1930,1931 ... ... ... 2017}. While cal-
culating drought risk using the nonstationary approach, we assume that the statistical properties of droughts
are different for each moving window. However, it should be noted that the risk calculated for successive
moving windows will be correlated due to the overlapping of moving windows. In order to calculate the
drought risk in the " moving window, the stochastic simulation of drought events should be based on
the statistical properties of the observed precipitation time series during the 30 years of the h moving win-
dow. Therefore, for calculating the nonstationary drought risk in moving window mw(t), we first use the
time series model to replicate the statistical properties of the observed precipitation time series during the
30 years of the moving window (i.e., t € {t — 29,t — 28 ... ... ... ,t}) and then use it for drought risk calculation.
The steps for calculating the nonstationary drought risk for the design event S, in mw(t) are as follows:

1. First, generate a large number (N = 1,000) of synthetic 30-year samples of annual precipitation [y; _ 5o,
Vi — 285 - - . Y¢| Dy substituting [t — 29, — 28, ... ... ....t] into the GAMLSS model (equation (4)). This step
produces multiple annual precipitation time series sequences, which follow the statistical properties of
the observed time series during the period of the moving window.

2. Next, disaggregate each of the N time series sequences generated in step 1 using the KNN disaggregation
algorithm described in section 2.2.2. Use the disaggregated time series to calculate the severity of drought
events.

3. Finally, count the number of time series samples, in which the design event severity S, is exceeded at
least once. Let this number be denoted by e(f). The drought risk for the event of severity S, in mw(f) is
then calculated as

Risk,(t) = % (5)

where Risk,,(t) denotes the nonstationary risk in the h moving window. In steps 1 and 2, we use the time
series model for the stochastic simulation of drought events based on the statistical properties of the
observed precipitation time series during the 30 years of the th moving window t € {t — 29,
t—=28.. .. .. ,t}, which we then use for calculating the drought risk in step 3.

2.2.4. Stationary Drought Risk

While calculating the nonstationary drought risk, we assume that the statistical properties of droughts are
different in each moving window. However, under the assumption of stationarity, the statistical properties
of droughts are assumed to be the same during the entire observation period, and hence, all the observed
drought events in the past are considered for risk calculation. Thus, instead of sampling multiple time series
sequences from a fixed 30-year period, we now sample 30-year sequences randomly from the entire observa-
tion period. The steps for the calculation of stationary drought risk are as follows:

1. First, randomly sample N values of ¢ with repetition, such that ¢ € {1930,1931 ... ... ... 2017}. For each
value of t, generate a 30-year sample of annual precipitation [y; _ 29,); _ 28, ... -.. - Y] by substituting
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[t —29,t — 28, ... ... ....t]into the GAMLSS model (equation (4)). This step is performed to randomly
sample a 30-year time series sequence from the entire record so that all drought events observed in the
past are considered in risk calculation.

2. Disaggregate each of the N time series sequences generated in step 1 using the KNN disaggregation algo-
rithm and use the disaggregated time series to calculate the severity of drought events.

3. Count the number of time series samples, in which the design event severity S, is exceeded at least once.

«, 9

Denoting this number by “e,” the stationary drought risk for the event of severity Sy is given by
. e
RlSks = N (6)

where Risks denotes the risk calculated assuming stationarity.

The main difference between the risk calculation using the nonstationary approach (equation 5) and the
stationary approach (equation (6)) is further explained as follows: with the nonstationary approach, we
calculate the drought risk during a given 30-year period based on the statistical properties of droughts in that
period only. However, with the stationary approach, we calculate the drought risk based on the assumption
that all drought events observed in the past (117 years considered in this study) have the same statistical
properties. That is to say, all the drought events occurring in the study period are used for the calculation
of drought risk in the stationary approach, and a single estimate of risk is obtained for the entire study
period, which remains unchanged across the entire observation period, as opposed to a time series of risk
obtained from each of the 30-year time window by the nonstationary approach.

While we have adopted a numerical approach in this study, an analytical approach for calculating drought
risk has also been proposed by a previous study (Loaiciga, 2005), which involves distribution fitting via para-
meter estimation. With the nonstationary approach, we need to compute the drought risk separately for each
30-year period. However, there may not be a sufficiently large number of drought events during a 30-year
window for reliable estimation of the distribution parameters. While with the numerical approach, a large
number of synthetic time series sequences are generated first. This procedure provides sufficient samples
of drought events, which allows a more reliable calculation of the drought risk. Thus, we adopt the numer-
ical approach to estimate the nonstationary meteorological drought risk in this study.

According to the definition of risk, it is the probability that the design event is exceeded at least once in the
planning period. Since our objective is to analyze the temporal changes in drought risk, we should select a
design event that does not have a very low or a very high probability of exceedance in the 30-year period.
For example, if we choose the 100-year return period event as the design event, the probability of exceedance
of such an extreme event can be zero or very close to zero in many of the moving windows, which can make
it difficult to understand the temporal patterns of changes in drought risk. That is why, in this study, we
choose the value of S, to be the drought severity with a return period of 30 years, which is expected to occur
once in every 30 years on an average in the long run. We calculate the magnitude of design event S, using the
relationship between drought severity and its return period, given by Shiau and Shen (2001):

E(L)

Ty=—1"7
* T 1-Fs(So)

(M
where Ty is the return period (set equal to 30 years), E(L) is the average interarrival time between any
two successive drought events, and Fg denotes the cumulative distribution function of drought severity.
We use equation (7) to determine the design event for each grid point and then use equations (5) and (6)
to calculate the risk associated with this event under the assumptions of nonstationarity and stationarity,
respectively.

2.3. Quantification of Drought Risk Variability

Next, we define certain metrics for the quantification and comparison of the variability of drought risk in
different parts of the CONUS. Due to the multidecadal oscillations in climate, the nonstationary risk at
any point of time can be higher or lower than the stationary risk. From a planning and management perspec-
tive, the periods in which the nonstationary risk is higher than the stationary risk need more attention, since
the underestimation of risk in these periods can lead to the failure of water resource systems and
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Figure 1. Definition of metrics used to quantify the variability of drought risk. The grey bars represent the nonstationary
risk calculated using moving windows and the black line represents the stationary risk. The x axis shows the last year of a
moving window.

infrastructure. Thus, in this study, we focus on those periods and we call these periods as stationary
risk-exceedance periods, denoted by ¢, = {t | Risk,(t) > Risk}.

We further define the following metrics to characterize the stationary risk-exceedance periods:

1. Risk exceedance duration D,: The number of moving windows (out of 88) in which the nonstationary risk
is higher than the stationary drought risk.

2. Risk exceedance severity S,: The cumulative surplus of nonstationary risk over the stationary risk
calculated across all risk-exceedance periods:

Se = Y. (Riskps(t)—Risky) ®)

tet,

3. Risk exceedance intensity I,: The maximum difference between the nonstationary and stationary risk
over all the risk-exceedance periods:

I, = max(Riskys(t)—Risks), tet, 9)

These metrics are illustrated in Figure 1 below. In the figure, the grey bars represent the nonstationary risk
calculated using moving windows and the black solid line shows the stationary risk calculated for a grid
point in the observation data set.

3. Results
3.1. Validation of Time Series Model

First, we evaluate the capability of the time series model to reproduce the statistics of the observed time
series. We compare the value of a particular statistic of the observed time series with the median value of
the statistic from 1,000 simulations generated by the time series model at each grid point. The details of
model validation are provided in the supporting information. Figure S2 shows the comparison of the statis-
tics of the observed and modeled annual precipitation time series, whereas Figures S3-S6 show the compar-
ison for the monthly statistics. For both monthly and annual scales, four statistics are compared: mean,
standard deviation, skewness, and lag-1 autocorrelation. For most of the locations in the observation data
set, the observed statistics at the annual scale lie within the range of the statistics of the time series generated
by the GAMLSS model. Also, the statistical metrics of the monthly time series, generated by the disaggrega-
tion of the annual time series, match well with those of the observed time series. These results show that the
GAMLSS model, combined with the KNN-based disaggregation, is able to reproduce the statistics of the
observed time series at both the annual and monthly time scales. In Figure S7, we also compare the observed
and modeled severities of drought events at four different levels: 25th, 50th, 75th, and 95th percentiles (Q25,
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Figure 2. Spatial distribution of (a) S, (b) De,and (c) I, (D, represents the number of moving windows in which the non-
stationary risk is higher than the stationary risk and the total number of moving windows is 88).

Q50, Q75, and Q95, respectively) drought severity during 1901-2017. For most of the locations in the
CONUS, the observed drought severities at all the four levels lie within the modeled range, showing that
the time series model is capable of modeling both the low- and high-severity drought events that have
occurred in the past.

3.2. Spatial Patterns of Drought Risk Variability

The spatial distribution of the metrics S,, D,, and I, are shown in Figure 2. The color scheme used in the
figure implies that the nonstationary risk has exceeded the stationary risk to a greater extent at the red
colored points relative to the blue colored points. From Figure 2, it can be seen that the risk exceedance
severity S, and intensity I, are highly correlated as their spatial patterns are very similar (Figures 2a and
2c). There are clusters of grid points with high values of S, in the following regions: (1) Oregon and
Washington in the Northwest; (2) Nevada, Utah, Arizona, and New Mexico in the Southwest; (3)
Tennessee, Nebraska, and Kansas in Central United States; (4) Minnesota and Michigan in the upper
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Midwest; and (5) in most of Northeast United States. This shows that these five regions have experienced
larger exceedance of stationary drought risk due to higher interdecadal variability of drought risk in the past.
On the other hand, there has been a smaller exceedance of the stationary drought risk due to low interdeca-
dal variability of drought risk in (1) California along the west coast; (2) North Carolina, South Carolina,
Georgia, and Alabama in the Southeast; (3) parts of northern and western Great Plains including
Wyoming, eastern Colorado, and western Nebraska; and in (4) the Ohio valley in the Midwest. The risk
exceedance duration D, shows a different pattern as compared to those of S, and I,. The Northwest U.S.
and the upper Midwest regions show high values of S, and I, but low values of D,. This implies that in these
regions, the exceedance of the stationary risk was high but for a short duration of time. On the other hand, in
the northern and central parts of Texas, the magnitude of risk exceedance is small, but the stationary risk has
been exceeded for a long duration.

3.3. Temporal Patterns of Drought Risk Variability

In Figure 3, we show the changes in the 95th percentile drought severity (Q95) calculated using the 30-year
moving windows for nine locations selected from across the CONUS. These locations have been selected
because they represent the characteristics of the changes in the drought severity in the regions from where
they have been selected. These include five locations from the regions with high multidecadal variability and
four from the regions with low multidecadal variability of drought risk. Figure 3 also shows the Q95 drought
severity in different moving windows generated in the 1,000 simulations of the time series models. The dark
grey bars show the interquartile range and the light grey bars show the complete range of the simulated
values at each of these locations. As it can be seen in the figure, the black lines representing the observed
values lie within the simulated range in all the moving windows. This shows that the time series model is
able to capture the multidecadal changes in the magnitude of extreme drought events. How the nonstation-
ary risk has changed in these locations is shown in Figures 4-6.

Figure 4 shows the changes in drought risk for four locations in Oregon, Minnesota, Kansas, and Tennessee.
The grey bars show the nonstationary risk calculated using equation (5) and the black solid line shows the
stationary risk calculated using equation (6). At all these four locations, the nonstationary drought risk is
very high compared to the stationary drought risk in the early part of the twentieth century. The nonstation-
ary risk peaks during the 1911-1940 moving window and declines in the following windows. The high risk
during this period was a result of the Dust Bowl droughts of 1930s, which affected parts of the Northwest
United States, northern and central Great Plains, and parts of the Midwest (Cook et al., 2014).

Figure 5 shows the changes in drought risk for another set of five locations selected from Nevada, New
Mexico, Texas, Massachusetts, and Arizona. In these five regions, the nonstationary drought risk is high
during the midtwentieth century. The nonstationary drought risk peaks during the 1941-1970 moving
window for Nevada, New Mexico, Texas, and Arizona, whereas it peaks slightly later in the 1951-1980
moving window in Massachusetts. The high drought risk in Nevada, New Mexico, Arizona, and Texas
during the 1941-1970 moving window is a result of the 1950s droughts, which had the most significant
impact in the southwest and southern Great Plains (Hoerling et al., 2009). The Northeast United States also
experienced a severe drought in the 1960s, which is indicated by the significantly increased drought risk level
during the 1951-1980 period (Namias, 1966).

By looking back at Figure 2, we can see that the regions affected by the Dust Bowl and the 1950s drought
show similar severity of risk exceedance (S,), but the duration of risk exceedance (D) is much smaller for
the regions affected by the Dust Bowl droughts. As a result, the regions affected by the Dust Bowl droughts
have a higher risk exceedance intensity (Figure 2c). For example, Oregon (Figure 4a) and Nevada
(Figure 5a) have a similar magnitude of S,, but the nonstationary risk is higher than the stationary risk
in Oregon only for roughly 30 moving windows as opposed to around 40 windows in Nevada. This is
because the Dust Bowl droughts of 1930s were followed by an abrupt transition from dry to wet conditions
in the 1940s, which affects the estimate of drought risk (rapid reduction) in the following years (Schubert
et al., 2004b).

The nonstationary and stationary drought risk for the remaining four locations selected from California,
North Carolina, Wyoming, and Ohio are shown in Figure 6. The S, values in these four regions are among
the lowest in the CONUS. As is evident from the figure, the reason for the low S, values in these regions is
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Figure 3. Observed and simulated time series of the Q95 drought severity at grid points selected from nine locations in the
CONUS. Regions with high variability and decreasing drought severity: (a) Oregon and Washington, (b) Minnesota and
Michigan, (c) Northeast United States, and (d) Tennessee, Nebraska, and Kansas. Regions with high variability and
increasing drought severity: (e) Nevada, Utah, Arizona, and New Mexico. Regions with low variability: (f) Ohio valley;
(g) Carolinas, Alabama, and Georgia; (h) California; and (i) Wyoming, eastern Colorado, and western Nebraska. The solid
black lines show the observed values, the dark grey bars show the interquartile range, and light grey lines show the

entire range of the Q95 severity values generated from the 1,000 simulations of the time series models. The x axis shows the
last year of a moving window.
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Figure 4. Stationary and nonstationary risk for locations selected from (a) Oregon, (b) Minnesota, (c) Tennessee, and (d) Kansas. Grey bars show the nonstationary
risk in moving windows and the black solid line shows the risk calculated assuming stationarity, which remains constant over the observation period. The x axis
shows the last year of a moving window.

that the multidecadal drought risk has remained quite stable in the past, because of which the nonstationary
and stationary risk do not differ significantly. In California, there is an increase in the drought risk since
2007, which is evidenced by the two multiyear droughts of 2007-2009 and 2012-2016 (Figure 6a). In the
Southeast United States, the drought risk has increased since the 1980s as evidenced by several severe
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Figure 5. Stationary and nonstationary risk for locations selected from (a) Nevada, (b) New Mexico, (c) Texas,
(d) Massachusetts, and (e) Arizona. The x axis shows the last year of a moving window.
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Figure 6. Stationary and nonstationary risk for locations selected from (a) California, (b) North Carolina, (c) Wyoming, and (d) Ohio. The x axis shows the last year

of a moving window.

droughts in the last three decades (Figure 6b), including the droughts during 1986-1987, 1998-2002,
and 2007-2008.

It is important to note that the number of rain gauge stations used for the development of the CRU data set
has not been constant over time, which can lead to some uncertainty in the data. In order to evaluate if the
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Figure 7. Spatial distribution of S, values calculated (a) before and (b) after 1970.

uncertainty in the CRU data set has an effect on the results, we selected rain gauge stations from the
United States Historical Climatology Network data set, which are located closest to the 13 grid points from
the CRU data set discussed in Figures 4-6. We computed the stationary and nonstationary risk levels for
these 13 rain gauge stations using the same methodology described in section 2.2. The results are shown
in Figures S12-S14 in the supporting information. Comparison of the results in Figures S12-S14 with
Figures 4-6 shows that the patterns of drought risk are very similar for the CRU data set and the data from
the rain gauge stations. The results suggest that the uncertainty in the CRU monthly rainfall data set does
not have a significant effect on the patterns of drought risk at the multidecadal scale identified in our study.
The multidecadal variability of drought risk is influenced by large-scale interdecadal changes in precipita-
tion, and these changes seem to be captured well in the CRU-TS data set. As shown in section 4.1, the multi-
decadal variability of drought risk is influenced by large-scale interdecadal changes in precipitation, but not
so much by the changes at the monthly scale.

Finally, we disaggregate the values of S,, calculated using the entire observation data, into two components
by calculating S, over the moving windows before and after the 1941-1970 moving window. We still use the
stationary risk calculated using the entire observation for calculating the S, values for these two periods.
Figure 7 shows the spatial distribution of S, values calculated for the two periods. As we can see, the results
before 1970 (Figure 7a) are almost the same as those calculated using the entire observation period. This
implies that most periods of high nonstationary drought risk in the CONUS have occurred before 1970.
However, after 1970, we can observe a totally opposite spatial pattern of S, values. Regions such as the
Northwest, the upper Midwest, Nebraska, Kansas, Tennessee, and the Northeast, in which high nonstation-
ary risk occurred before 1970, have very low S, values after 1970. On the other hand, parts of Arizona and
Southern California in the Southwest and most of the Southeast United States, which had low S, values
before 1970, show high S, values after 1970.

3.4. Statistical Test for Detecting Changes in Drought Severity

Having analyzed the spatial and temporal changes in drought risk, we perform statistical tests to determine if
the interdecadal changes in the probability distribution of drought severity have been statistically significant.
For each grid point, we identify two independent (or nonoverlapping) moving windows with the maximum
difference in the nonstationary drought risk in the past and compare the probability distribution functions of
drought severity in these two moving windows. For example, for the location selected from Oregon, shown
in Figure 4a, the moving windows with the maximum difference in the nonstationary risk are those with the
last years 1941 and 1973. We then apply the two-parameter Anderson-Darling test (Anderson & Darling,
1952) to test if the distribution functions are statistically different in the periods with highest and lowest risk
in the past for each grid point. Anderson-Darling (AD) test is a commonly used nonparametric test to test the
null hypothesis that two samples have the same underlying distribution and has been shown to be more
powerful than other nonparametric tests such as the Kolmogrov-Smirnov test and the Cramer-von Mises test
(Engmann & Cousineau, 2011; Razali & Wah, 2011). The results of the AD test at 5% significance level are
shown in Figure 8a. We find that the null hypothesis can be rejected at 44% of the total grid points in the
CONUS (shown as the dark blue points in Figure 8a), which shows that there has been a statistically
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Figure 8. (a) Results of Anderson-Darling test applied to probability distribution functions of drought severity in moving windows with maximum difference in
drought risk at each grid point at 5% significance level. (b) The last year of the 30-year moving window in which statistically significant change was detected in

the Anderson-Darling test.

significant change in the statistical properties of droughts in the past in these regions. We can see that the
null hypothesis is rejected in regions with high interdecadal variability of drought risk such as Oregon
and Washington in the Northwest; Nevada, Utah, Arizona, and New Mexico in the Southwest; Nebraska,
Tennessee, and Kansas in Central United States; and Minnesota and Michigan in the upper Midwest and
in most of the Northeast United States. The statistically significant changes in the underlying probability
distribution functions of drought severity show that the assumption of stationarity is violated in these
regions of the CONUS. On the other hand, the interdecadal changes in drought severity are not statistically
significant in California, the northern Plains, the Ohio valley, and the Southeast United States. Figure 8b
shows the years, each of which represents the last year of the moving window in which statistically signifi-
cant changes in drought severity are detected. The most significant change in drought severity is detected
during the 1920-1950 period in the Northwest, Tennessee, and Kansas in Central United States and parts
of Upper Midwest. In the Northeast United States, most locations show significant change in the 1951-
1980 period while some locations show significantly high severity during 1901-1930. In the Southwest
United States, locations in Utah, Nevada, and New Mexico show significant change during 1941-1970
whereas some locations in Arizona show statistically significant changes during 1986-2015. These results
are consistent with the temporal patterns shown in Figures 4-6.

We also perform the field significance test for each state of the CONUS to evaluate the joint statistical signif-
icance of the Anderson-Darling test at individual grid points in each of the states by applying the false
discovery rate criterion (Wilks, 2006). The fulfilment of the false discovery rate criterion in a given state
implies that the global null hypothesis of stationarity can be rejected for the grid points lying in the state.
The results of the field significance test at the field significance level of 5% are shown in Figure 9. The results
show a similar pattern as that in Figure 8; that is, statistically significant nonstationarity is identified for
states in the Northwest, eastern Great Plains, Upper Midwest, Northeast United States, and in some states
of the Southwest United States.

4. Discussion
4.1. Causes of Nonstationarity

One of the major criticisms about nonstationary models is that these models should not be used simply
because they improve the statistical representation of the observed data. Montanari and Koutsoyiannis
(2014) emphasized that it is important to identify the physical mechanisms which are contributing toward
the nonstationarity in the time series, before using the nonstationary models for any relevant information
and decision support. Hence, in this section, we discuss the factors that have contributed toward nonstatio-
narity in drought risk at the multidecadal scale in the CONUS.

Previous studies have shown that oscillations in SSTs in the Pacific (Hoerling & Kumar, 2003; McCabe &
Dettinger, 1999) and the North Atlantic Ocean (Enfield et al., 2001) have a significant impact on the
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Figure 9. Results of the field significance test for the Anderson-Darling test at field significance level of 5% for each state of
the CONUS.

changes in meteorological droughts in the CONUS at the decadal scale (Gray et al., 2003). The interdecadal
variability of precipitation in the CONUS is modulated by the PDO and the AMO (Dettinger et al., 2001;
McCabe et al., 2004). Also, the El Nifio-Southern Oscillation has a significant influence on droughts in
the CONUS at the annual scale (Kam et al., 2014a).

Previous studies have used statistical analysis to show that AMO, PDO, and global warming have been the
most relevant factors for the multidecadal variability of droughts in the CONUS in the last 117 years (Apurv
et al., 2019; McCabe et al., 2004). These studies have also shown that the northern hemisphere average tem-
perature (NH temperature) can be used as a proxy variable to represent the influence of global warming. The
time series of AMO, PDO, and NH temperature are shown in Figure 10. As the figure shows, AMO oscillates
in cycles of 60-80 years, whereas PDO has cycles of 40-60 years. In Figure 10, we also plot the correlation
coefficient between the nonstationary drought risk and the 30-year moving averages of AMO, PDO, and
NH temperature to illustrate how these variables influence the multidecadal variability of drought risk in
the CONUS. The correlation coefficients are plotted only for those grid points at which statistically signifi-
cant nonstationarity is detected using the Anderson-Darling test. Statistically significant correlations at a
5% significance level are marked with black dots in Figure 10. As can be seen, AMO has positive correlation
with the nonstationary drought risk in the Midwest, Great Plains, Southwest, and parts of Southeast United
States (Figure 10d). PDO shows negative correlation with drought risk in the Southwest, southern Great
Plains, and Northeast United States and positive correlation in the Northwest United States (Figure 10e).
Global warming, represented by NH temperature, shows strong negative correlations with drought risk in
the Northwest, Northeast, Midwest, and Great Plains and positive correlations in parts of Southeast and
Southwest United States (Figure 10f). In summary, the results described above show how AMO, PDO,
and global warming affect the nonstationary drought risk in different regions of the CONUS, as detailed
in the following.

Previous studies have shown that the positive phase of AMO creates favorable conditions for droughts in the
Central and Northern Great Plains and the Midwest (McCabe et al., 2004; Nigam et al., 1999, 2011), whereas
the negative phase of PDO is favorable for droughts in the Southwest and the Southern Great Plains (Mantua
et al., 1997; Mantua & Hare, 2002; McCabe et al., 2004). It can be seen from Figure 10a that AMO was in its
positive phase during 1930-1960. Previous studies have used climate models to show that the positive phase
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Figure 10. Time series of (a) AMO, (b) PDO, and (c) NH temperature anomaly with respect to 1961-1990, which includes temperature over both land and oceans of
the northern hemisphere. Correlation coefficients between the nonstationary drought risk and 30-year moving averages of (d) AMO, (e) PDO, and (f) NH tem-
perature for regions with statistically significant nonstationarity. Statistically significant correlations are marked with black dots (p < 0.05). Data sources: NOAA for
AMO and PDO and CRU for NH temperature time series.

of AMO and weak La Nina conditions in the 1930s played an important role in the initiation of the 1930s
drought (Schubert et al., 2004a, 2004b; Seager et al., 2008). However, other factors such as atmospheric
variability, soil moisture feedback, and dust storms also played a significant role in amplifying the severity
of droughts during this period (Cook et al., 2014; Hoerling et al., 2009), which ultimately resulted in high
drought risk during this period in the northern parts of the CONUS including the Northwest, central and
northern Great Plains, and the upper Midwest (Figure 4). During the 1950s, the AMO was in the positive
phase and the PDO was in the negative phase (Figures 10a and 10b). Studies by Hoerling et al. (2009) and
Schubert et al. (2004a) used climate model runs, forced with observed SSTs, to show that the positive
phase of AMO and the negative phase of PDO were the dominant factors affecting the droughts in the
Southwest and Southern Great Plains in the 1950s, which resulted in increased drought risk during this
period in these regions (Figure 5). More recently, the shift of PDO into its negative phase in the late 1990s
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has also contributed to increased droughts in the Southwest United States since the early 2000s (Kam &
Sheffield, 2016; Lehner et al., 2018; Figures 5a, 5b, and 5e).

Previous studies also provide evidences for the role of global warming in the reduced drought risk after
1970 in the Northwest, the Midwest, the Great Plains, and the Northeast United States, and the aggravated
risk in the Southwest and Southeast United States (Figures 7b and 10f). The increase in precipitation in the
northern parts of the CONUS including the Northwest and the Midwest has been shown to be associated
with earlier melting of snow in the spring season because of increasing temperatures, which in turn leads
to increased formation of cumulonimbus clouds and increased summer precipitation (Groisman et al.,
2004). For the Great Plains, a study by Trenberth et al. (2005) analyzed the moisture in vertical air columns
and showed that increasing temperatures contributed to more precipitation in these regions through
increased evaporation and increased moisture-holding capacity of the atmosphere. Meanwhile, the
increase in droughts in the Southwest and the decrease in droughts in the Northeast has been found to
be a result of the intensification of the dipole circulation pattern over United States, which is associated
with the formation of an anomalous midtropospheric high-pressure ridge over western United States
and a low-pressure trough formation over eastern United States (Singh et al., 2016). This has led to
decreased precipitation in the Southwest United States but increased precipitation in the Northeast
United States. Further, recent studies have attributed the intensification of the dipole pattern in recent dec-
ades to increased greenhouse gas concentration in the atmosphere (Singh et al., 2016; Wang et al., 2014;
Yoon et al., 2015). In the Southeast United States, the study by Li et al. (2011) showed that the increase
in the number of droughts in the last three decades is a result of the westward movement of the North
Atlantic Subtropical High (NASH). NASH brings warm and humid air from the tropical Atlantic, which
leads to large-scale summer precipitation in the Southeast United States (Kam et al., 2014b). However,
due to the westward movement of NASH, this moisture is supplied to the Midwest region, leading to
droughts in the Southeast United States. This westward movement of NASH has been attributed to the
anthropogenic warming caused by greenhouse gases (Li et al., 2011). Although the study by Diem
(2013) claimed that the westward movement of NASH had not been significant and that it was not influ-
enced by global warming, several later studies have shown that the increase in drought risk in the
Southeast United States is indeed linked to the intensification of NASH due to global warming (Li et al.,
2013; Ryu et al., 2018; Ryu & Hayhoe, 2017). Thus, the multidecadal changes in the drought risk in the last
117 years are a result of the joint influence of multidecadal oscillation of SSTs in the Atlantic and Pacific
Oceans and global warming.

4.2. Sensitivity Analysis

Different parameters such as the time scale of SPI calculation, the threshold used for defining droughts,
and the design event for which the risk is calculated are selected for sensitivity analysis. We repeat the
analysis for a different time scale of SPI (three months; Figure S8), for a different drought threshold —0.5
(Figure S9), and for different design events (Figures S10 and S11). The results of the analyses are shown
in Figures S8-S11 in the supporting information. We find that the results in Figure 2 do not change signifi-
cantly with the changes in these parameters, probably because the time scale of analysis of the changes in
drought risk in this study, which is 30 years, is much larger than the time scale of drought events. The
changes in drought risk at the 30-year scale are observed only when there are significant changes in preci-
pitation at the multidecadal scale. These large changes in precipitation across decades have a significant
influence on the drought events at all time scales, different threshold levels, and different magnitudes of
drought events. For example, consider the location in Nevada, shown in Figure 5a, where the drought risk
is very high during the 1941-1970 period. In Figure 11, we compare the time series of SP16 and SPI3 for this
location. As we can see, SPI6 is smoother than SPI3 because it considers six-month rainfall. However, if
we compare two moving windows, say 1941-1970 with 1951-1980, the droughts are more severe during
1941-1970 than those during 1951-1980 for both SPI6 and SPI3. As a result, we obtain similar changes in
drought risk using the 30-year moving windows for both the time scales of SPI (Figures 11c and 11d).
Similarly, if we choose a different threshold for defining droughts or a different design event, the drought
risk will always be higher during 1941-1970 than during 1951-1980. In summary, while using different time
scales for SPI calculation, different thresholds for defining droughts, or different design events, the relative
changes in the drought risk at the 30-year time scale show a similar pattern.
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Figure 11. Time series of SPI calculated at (a) six-month and (b) three-month time scales for the grid point in Nevada. (c and d) The nonstationary risk for SPI6 and

SPI3, respectively.

4.3. Implications for Drought Risk Planning and Management

We find high interdecadal variability of drought risk in parts of the Northwest, the upper Midwest, eastern
parts of the Great Plains, and the Northeast United States as a result of which the nonstationary drought risk
has been significantly higher than the stationary drought risk in these regions in the past (Figures 4 and 5d).
For example, for the grid point selected from Oregon in the Northwest United States (Figure 4a), the nonsta-
tionary drought risk was close to 100% during 1921-1950, as compared to the risk calculated by assuming
stationarity, which is around 59%. This means that it was almost certain that the design drought event SO
would be exceeded at least once during the 1921-1950 period. On the other hand, if we assume stationarity,
the probability of exceedance of the design event SO in any 30-year period is 0.59. Thus, even though the
current drought risk in these regions is much lower than the stationary estimate of drought risk, the assump-
tion of stationarity can lead to significant underestimation of drought risk in these regions if drought events
of similar magnitude as the 1930s drought were to occur again. We also find high multidecadal variability of
drought risk in the states of Nevada, New Mexico, Utah, and Arizona in the Southwest United States. These
regions have been subjected to high nonstationary drought risk during the 1941-1970 period (Figures 5a-5c¢
and 5e). For example, in Nevada (Figure 5a), the nonstationary risk is almost 40% higher than the stationary
drought risk during the 1941-1970 period. The drought risk in the Southwest decreases in the 1980s and
1990s but starts to increase again since the year 2000 and has again exceeded the stationary estimate of risk
in parts of Arizona (Figures 5e and 7b). Thus, assuming stationarity for the planning and design of water
resource systems in these regions with high interdecadal variability in the climate can expose the systems
to failure due to the underestimation of risk in the high-risk periods. Furthermore, the application of the
Anderson-Darling test shows that there have been statistically significant interdecadal changes in the
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probability distribution functions of drought severity in these regions, which indicates the violation of the
stationarity assumption (Figures 8 and 9).

We find low interdecadal variability of drought risk in California along the west coast, northern and western
Great Plains, the Ohio valley in the Midwest, and parts of the Southeast United States (Figure 6). In these
regions, the nonstationary drought risk has remained quite stable in the last 117 years, as a result of which
the estimates of risk obtained by assuming stationarity and nonstationarity are quite similar. However, there
isan increase in drought risk in California in the last decade (Figure 6a). Studies have shown that the drought
risk in California is expected to increase further in the future under the influence of global warming (Singh
et al., 2016; Wang et al., 2014; Yoon et al., 2015). This means that the nonstationary drought risk may exceed
the stationary estimate of risk in the near future in California. In the Southeast United States, the nonstation-
aryrisk has been higher than the stationary estimate of drought risk since 1980s (Figures 6b and 7b). Actually,
the region has experienced three major drought events since the 1980s: the droughts of 1986-1987, 1998-
2002, and 2007-2008, which is not common for this region. The increase in drought risk in this region has
been shown to be a result of global warming and is expected increase further in the future (Li et al., 2012,
2013; Ryu & Hayhoe, 2017; Ryu et al., 2018). Thus, in spite of the low interdecadal variability of drought risk
in the past, the assumption of stationarity for drought risk estimation may not be safe for planning and man-
agement in California and the Southeast United States in the future due to the increasing risk of droughts in
these regions under the influence of global warming. Meanwhile, in parts of northern and western Great
Plains and the Ohio valley, the stationarity assumption appears to be justified for estimating drought risk,
since the nonstationary risk has remained stable in almost the whole observation period (Figures 6c and 6d).

5. Conclusion

In this study, we analyzed the nonstationarity of meteorological droughts at the multidecadal scale in the
CONUS during 1901-2017. We used a moving window of 30 years to calculate the nonstationary drought
risk and compared it with the stationary drought risk at each grid point of a high-resolution precipitation
data set for the CONUS. Based on the extent of variability in the past and the ongoing changes in the non-
stationary drought risk in recent decades, we evaluated in which regions of the CONUS the assumption of
stationarity can be safely used for estimating drought risk for drought risk planning and management.

We find statistically significant interdecadal changes in the distribution functions of drought severity in the
past in parts of the Northwest, the upper Midwest, the Northeast, eastern parts of Great Plains and in parts of
Arizona, New Mexico, Nevada, and Utah in the Southwest, which leads to the violation of the assumption of
stationarity in these regions. We find that in these regions, the nonstationary drought risk estimate signifi-
cantly exceeds the stationary drought risk estimate in the past. Therefore, the assumption of stationarity for
estimation of drought risk could lead to underestimation of drought risk in these regions, thereby making
water resource systems vulnerable to failure from severe droughts. The results of our study show that a non-
stationary modeling framework is required to model the high interdecadal variability in the climate of these
regions. One of the possible ways of nonstationary modeling of droughts could be to use AMO and PDO as
external covariates in the nonstationary models, which strongly influence the hydro-climatic variability in
many of these regions such as the Southwest, the Great Plains, and the Northwest.

On the other hand, we find that the interdecadal changes in the distribution functions of drought severity are
not statistically significant in California, northern and western Great Plains, the Ohio Valley, and the
Southeast United States. In these regions, the drought risk estimated assuming stationarity and nonstatio-
narity are quite similar due to the low interdecadal variability of drought risk. However, the drought risk
has increased in the recent decades in the Southeast and in California, and the assumption of stationarity
can lead to underestimation of drought risk in the future if the ongoing trend continues under the influence
of global warming, as predicted by several recent studies. The strong role of global warming on the recent
changes in the drought risk in these regions makes it important to have more accurate general circulation
models that can predict the changes in the drought-relevant processes in these regions. Nonstationary mod-
els can be fit to projections from these general circulation models, which can then be used for risk estimation
in the future.

The strong multidecadal variability of meteorological drought risk identified in this study highlights the
necessity of conducting nonstationary risk analysis in many parts of the CONUS. The time series of
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indices representing SST oscillations (AMO and PDO) and global warming (NH temperature) can be used as
physical covariates for nonstationary modeling of multidecadal drought risk in the CONUS. However, the
estimation of future drought risk using nonstationary models remains as a challenging task due to the uncer-
tainties about how SST oscillations will operate in the future. Studies have shown that the current general
circulation models are not good enough at capturing the multidecadal variability of AMO and PDO
(Sheffield et al., 2013). This makes it difficult to project how these oscillations will evolve under global warm-
ing. Furthermore, studies have shown that CMIP5 models are unable to model the low-frequency variability
and persistence of meteorological droughts (Abatzoglou & Rupp, 2017; Ault et al., 2012, 2013; Cheung et al.,
2017; Moon et al., 2018). Thus, improved representation of the physical processes influencing the multide-
cadal variability of droughts in climate models is crucial for successful implementation of nonstationary
models for risk analysis in the future.

Under uncertain future drought conditions, bottom-up approaches (e.g., Brown et al., 2012; Lempert et al.,
2004; Prudhomme et al., 2010) can be useful for planning and management of water resource systems in
regions with significant multidecadal nonstationarity in the past. The focus of bottom-up approaches is to
ensure satisfactory performance of water resource systems over a wide range of plausible climate scenarios,
rather than relying on a limited number of future projections. The bottom-up approaches can be used for
testing the performance of water resource systems over a wide range of drought risk levels observed in the
past, as well as those projected for the future. Stochastic simulations of meteorological droughts from differ-
ent periods (e.g., 30 years), with varying levels of drought risk in the past, can be used for generating preci-
pitation scenarios as inputs for water resource system models. For example, for the location selected from
Oregon (in Figure 4a), simulation of precipitation time series based on the 1921-1950 period can be used
as a “high drought risk” scenario, whereas 1988-2017 can be used as a “low drought risk” scenario. The para-
meters of time series models can be further altered to generate more severe drought conditions than those
observed in the past.

Another limitation of our study is that while we have focused on meteorological droughts, the water avail-
ability during droughts is determined by the joint impact of precipitation and temperature during drought
events. Many recent studies have shown that high temperatures during drought events can significantly
exacerbate the impact of droughts (AghaKouchak et al., 2014; Diffenbaugh et al., 2015), and hence, the ana-
lysis of meteorological droughts presented in this study does not fully represent the risk posed by droughts to
water resource systems. Increase in temperatures due to global warming can introduce nonstationarity in
the drought risk even if the meteorological drought risk remains stationary. Therefore, in future studies,
the joint analysis of temperature and precipitation time series should be used to evaluate the nonstationary
of drought risk.

Appendix A

This appendix describes the procedure for the disaggregation of the annual precipitation time series into
monthly values using the nonparametric approach developed by Prairie et al. (2007).

The disaggregation procedure involves sampling from conditional probability density function f(x| Z), where
x is a “d” dimensional vector of monthly precipitation (d = 12) and Z is the annual precipitation. The
elements of x should add up to Z. This procedure involves the following steps:

1. First, a matrix X needs to be created, in which the rows correspond to monthly precipitation values and
the columns correspond to the years. Thus, the matrix X has dimensions d X T, where T is the number of

years.
2. The second step is to create an orthonormal rotation matrix R with dimensions d X d. The matrix can be
obtained by setting the last row of d dimensional identity matrix as the vector [ﬁ , %E  ceenenene , id} and then

applying Gram Schmidt orthonormalization procedure to the remaining d — 1 rows. The details of this
step can be found in Tarboton et al. (1998).

3. The third step is to rotate the monthly rainfall time series X into Y by multiplying it with the rotation
matrix R. Both X and Y have the same dimensions.
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Y = RX (10)
The last row of the matrix YisY,; = ld = Z'.If the first d — 1 rows of the matrix Y are denoted by U, then the
matrix Y can be denoted as Y = (U,Z').
4. Let us assume that the annual precipitation obtained from GAMLSS simulation is Zg;,,. One of the K
nearest neighbors of Z,, in the historical record is resampled using the following weight function:
1
w(k) = —— an
kY 1/i
i=1

where k = 1,2 ... K. This weight function gives higher weights to nearer neighbors and less weights to farther
neighbors. Lall and Sharma (1996) suggested that the number of nearest neighbors K = /N, where N is the
sample size of historical record. Let j be the index of the year (column in matrix Y) selected as the nearest
neighbor in KNN resampling.
5. The jth column of the matrix Y is then modified as

Y = (U, Zsim) 12)
The final step is back rotation of Y* into the original space

X" =R"Y" (13)
X* is the desired vector containing the disaggregated monthly precipitation values.
A more detailed description of the methodology can be found in Prairie et al. (2007).
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