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ABSTRACT: Drought is a natural hazard developing slowdy and affecting large areas which may have severe consequences 
on society and economy. Due to the effects of climate change, drought is expected to exacerbate in various regions in future. 
In this study, the impact of climate change on drought characteristics is assessed, and statistical methods are employed to 
analyse the significance of projections. This is the first study utilizing 21 recently available downscaled global climate models 
generated by NASA (NEX-GDDP) to evaluate drought projections over various regions across the United States. Drought 
is investigated through a multi-model dual-index dual-scenario approach to probabilistically analyse drought attributes while 
characterizing the uncertainty in future drought projections. Standardized Precipitation Index and Standardized Precipitation 
Evapotranspiration Index values at the seasonal scale (3 months) are used to project and analyse meteorological drought 
conditions from 1950 to 2099 at 0.25° spatial resolution. Two future concentration pathways of RCP4.5 and RCP8.5 are 
considered for this analysis. Accounting for the combined effects of precipitation and temperature variations reveals a 
considerable aggravation in severity and extent of future drought in the western United States and a tendency toward more 
frequent and intense summer droughts across the Contiguous United States.
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1. Introduction

Drought, as a natural recurring hazard, is expected to exac­
erbate in various regions in the future due to the effects 
of cluiiate change (Dai, 2011; Orlowsky and Senevi- 
ratne, 2013; Cook etal, 2015; Zhao and Dai, 2015). It 
is a complex phenomenon indicating an imhalance in 
water availability (Madadgar and Moradkhani, 2014a; Van 
Loon, 2015). Several studies have assessed future changes 
of drought characteristics over the globe (Sheffield and 
Wood, 2008; Tonma etal, 2015), along with several 
regional studies of future drought conditions and impacts 
(Seager et al., 2009; Heinrich and Gobiet, 2012; Madadgar 
and Moradkhani, 2013; Swain and Hayhoe, 2014; Diff- 
enbaugh etal., 2015; Duffy etal., 2015; Li etal., 2015; 
Thober et al, 2015). Numerous studies have focused only 
on precipitation deficits due to simplicity of calculation 
and ease of access to the data. However, to have a bet­
ter understanding of the effects of climate change on 
drought, it is advised to account for temperature effects as 
well (Strzepek etal, 2010; Vicente-Serrano etal, 2010; 
Sheffield etal, 2012). Although global studies are bene­
ficial in identifying the overall changes, studying drought 
at regional scales can better discern local characteristics of

* Correspondence to: A. Ahmadalipour, Remote Sensing and Water 
Resources Lab, Department of Civil and Environmental Engineering, 
Portland State University, Portland, OR, USA. E-mail: aahmad2@ 
pdx.edu

drought, resulting in a more accurate projection of drought 
conditions, which may he more useful in water resources 
planning and management.

The uncertainties in GCM parameterization and the exis­
tence of large biases in raw GCM outputs given the model 
development assumptions have resulted in overestima­
tion of precipitation (Risley etal, 2011; Sheffield etal, 
2013; Nasrollahi etal, 2015). In a regional stndy over 
the Pacific Northwest United States, Ahmadalipour et al 
(2015) showed that raw GCMs over-estimate summer pre­
cipitation and under-estimate winter temperature. More­
over, current GCMs have a fairly coarse resolution and 
therefore, are not able to reproduce small-scale regional 
climate characteristics (Wemer, 2011; Rana and Morad­
khani, 2016; Rana etal, 2016). The bias corrected and 
downscaled GCMs provides less erroneous data and also 
finer scale realizations of climate scenarios improving 
the accuracy of projections (Ficklin et al, 2016). Further­
more, in order to better assess the nneertainty of future 
projections, an ensemble modeling approach is recom­
mended (Knutti, 2008). Several studies have applied objec­
tive multi-modeling methods in order to reduce the model 
uncertainty of future projections, and to provide likely 
future projections (Madadgar and Moradkhani, 2014b; 
Demirel and Moradkhani, 2016; Najafi and Moradkhani, 
2015a, 2015b). Therefore, ntilizing raw GCMs, as well 
as employing only a few models, are perceived as the 
main deficiencies in climate change impact studies, which
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may result in biased conclusions (Rupp etal., 2013; 
Ahmadalipour et al, 2015) or may result in a poor under­
standing of uncertainties in drought projections.

The importance of applying appropriate indices for 
drought assessment is also discussed in various studies 
(Mishra and Singh, 2010), and several researchers have 
demonstrated the impacts of temperature on evapotran­
spiration and drought (Strzepek etal, 2010; Sima etal, 
2013; Trenberth et al, 2014; Shukla et al, 2015). Differ­
ent drought indices can eventuate in diverse results (Burke, 
2011). The Standardized Precipitation Evapotranspiration 
Index (SPEI; Vicente-Serrano etal, 2010), is among the 
fairly new indices, which is calculated based on the dif­
ference between precipitation and potential evapotranspi­
ration (PET), thus accounting for temperature changes as 
well as precipitation variations. However, the Standardized 
Precipitation Index (SPI; McKee etal, 1993) solely con­
siders precipitation variations. Unlike some other indices 
with fixed temporal scale, e.g. the Palmer Drought Sever­
ity Index (PDSl;Palmer, 1965), both of these indices, i.e. 
SPI and SPEI, have the advantage of multi-scale appli­
cation, which is essential in addressing different drought 
types (Vicente-Serrano et al, 2010).

Given the extensive serious impacts of drought, under­
standing its causes in the past and projecting future drought 
conditions is an important task in drought studies, and has 
been well received in the literature. Many recent studies 
have employed various drought indices and have assessed 
trends in drought duration or severity (Dubrovsky etal, 
2014; Park et al, 2014; Yu etal, 2014; Duffy etal, 2015; 
Madhu etal, 2015; Swain and Hayhoe, 2015), investi­
gated the relationship of drought and climate teleconnec­
tions (Kam etal, 2014; Huang etal, 2015; Meque and 
Abiodun, 2015; Ujeneza and Abiodun, 2015), or evalu­
ated the causes of a particular drought event (Griffin and 
Anchukaitis, 2014; Diffcnbaugh etal, 2015; Mao etal, 
2015; Seager etal, 2015; Williams etal, 2015; Otkin 
etal, 2016). Improvements in accuracy and spatial reso­
lution of datasets as well as greater availability and acces­
sibility to ensembles of models with more realistic physi­
cal assumptions, allows for a better assessment of drought 
attributes in different regions while also characterizing the 
uncertainty of drought projections (Bamston and Lyon, 
2016).

The present study aims to investigate future impacts of 
global wanning and climate change on drought character­
istics over the Contiguous United States (CONUS). This 
study shows the first attempt in utilizing the newly avail­
able downscaled NASA datasets (NEX-GDDP) to investi­
gate futnre seasonal drought conditions over the CONUS. 
Three main attributes of drought are studied: spatial extent 
of drought (percentage of area under drought), trends in 
drought intensity, and changes in frequency of drought. All 
of these characteristics are analyzed separately for each 
season across different regions within the CONUS and 
the results are investigated for each case. Finally, the rela­
tionship between varions climate variables and changes in 
drought attributes are studied to figure out the probable fac­
tors involved in drought worsening in the future.

2. Methods

2.1. Model selection and data
Precipitation (Prec), maximum and minimum near-surface 
temperature (Tm^x and ^Mm) from 21 statistically down- 
scaled Global Climate Models (GCMs) were acquired on 
daily timescale from NASA Earth Exchange Global Daily 
Downscaled Projections (NEX-GDDP) (Thrasher etal, 
2012; dataset URL: https://nex.nasa.gov/nex/projects/ 
1356/). All of the models are included among the GCMs 
archived within the Coupled Model Intercomparison 
Project Phase 5 (CM1P5; Taylor and Stouffer, 2012), 
and are statistically downscaled to 0.25° X 0.25° spatial 
resolution. The dataset includes 21 models and a brief 
description about the models is provided in Table 1. The 
historical period of record for the dataset is from 1950 to 
2005, and the future period covers years 2006 to 2099. 
Two representative concentration pathways (RCP4.5 and 
RCP8.5) are available in the dataset and were utilized in 
this study.

Observed precipitation from the Climate Prediction Cen­
ter’s (CPC) U.S. Unified Precipitation data set (Hig­
gins and Center, 2000; 0.25° X 0.25° gridded daily data, 
available from 1948 to 2006), and observed temper­
ature from the University of Delaware (Willmott and 
Robeson, 1995‘0.5° X 0.5° gridded monthly data, avail­
able from 1901 to 2010) were both acquired from the 
NOAA/OAR/ESRL, and used for the period of 1950-2005 
(base period). Three main reasons for this selection are: (1) 
these datasets cover the historical period of downscaled 
GCMs; (2) they have a fine spatial resolution similar to 
that of the downscaled GCMs; and (3) they are both based 
on gauge-based observation. To ensure consistent spatial 
resolution, observed temperature data are interpolated to 
0.25° resolution using a bilinear interpolation technique.

2.2. Drought analysis
2.2.1. Standardized Precipitation Index

SPI was developed by McKee et al (1993) and is among 
the most prominent drought indices, widely used for 
drought assessment in various studies around the globe. 
It is based on precipitation variations and distinguishes 
drought by quantifying precipitation deviation from his­
torical mean. Therefore, an SPI of zero implies that pre­
cipitation is equal to die mean of historical records. A true 
strength of the SPI is that it can be calculated at different 
timescales (e.g. 1, 3, 6, 9, 12, 24, and longer).

In this study, the SPI is calculated for a 3-month 
timescale in order to investigate seasonal drought 
attributes. To calculate the SPI, first the seasonal pre­
cipitation values for spring (AMJ), summer (JAS), fall 
(OND), and winter (JEM) are obtained. Then, the sea­
sonal precipitation deficits are calculated (deviation of 
precipitation from historical mean), and then fitted to 
a gamma distribution, as proposed in previous studies 
(McKee etal., 1993; Stagge etal, 2015; Touma etal, 
2015). Then, the cumulative probability of the gamma 
distribution is transformed into a standard normal function
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Table 1. 21 GCMs used in this study and their characteristics.

No. Model Center Original resolution 
(Lat X Lon)“

No. of
atmospheric levels

Type

1 ACCESS 1-0 Commonwealth Scientific and Industrial Research 
Organization/Bureau of Meteorology, Australia

1.875x1.25 38 AO

2 BCC-CSMl-1 Beijing Climate Center, China Meteorological 
Administration, China

2.8 X 2.8 26 ESM

3 BNU-ESM College of Global Change and Earth System 
Science, Beijing Normal University, China

2.8 X 2.8 26 ESM

4 CanESM2 Canadian Centre for Climate Modeling and 
Analysis, Canada

2.8 X 2.8 35 ESM

5 CCSM4 National Center for Atmospheric Research, United 
States

1.25x0.94 26 AO

6 CESMl-BGC Community Earth System Model Contributors 
[National Science Foundation (NSF), DOE, and 
NCAR]

1.4 X 1.4 26 AO

7 CNRM-CM5 National Centre for Meteorological Research, 
France

1.4 X 1.4 31 AO

8 CSIRO-MK3-6-0 Commonwealth Scientific and Industrial Research 
Organization/Queensland Climate Change Centre 
of Excellence, Australia

1.8x1.8 18 AO

9 GFDL-CM3 NOAA/Geophysical Fluid Dynamics Laboratory, 
United States

2.5 X 2.0 48 AO

10 GFDL-ESM2G NOAA/Geophysical Fluid Dynamics Laboratory, 
United States

2.5 X 2.0 48 ESM

11 GFDL-ESM2M NOAA/Geophysical Fluid Dynamics Laboratory, 
United States

2.5 X 2.0 48 ESM

12 INMCM4 Institute for Numerical Mathematics, Russia 2x1.5 21 AO
13 IPSL-CM5A-LR LTnstitut Pierre-Simon Laplace, France 3.75x1.8 39 ChemESM
14 IPSL-CM5A-MR LTnstitut Pierre-Simon Laplace, France 2.5x1.25 39 ChemESM
15 MIROC-ESM Japan Agency for Marine-Earth Science and 

Technology, Atmosphere and Ocean Research 
Institute (The University of Tokyo), and National 
Institute for Environmental Studies

2.8 x 2.8 80 ESM

16 MIROC-ESM-CHEM Japan Agency for Marine-Earth Science and 
Technology, Atmosphere and Ocean Research 
Institute (The University of Tokyo), and National 
Institute for Environmental Studies

2.8 X 2.8 80 ChemESM

17 MIROC5 Atmosphere and Ocean Research Institute (The 
University of Tokyo), National Institute for 
Environmental Studies, and Japan Agency for 
Marine-Earth Science and Technology, Japan

1.4 x 1.4 40 AO

18 MPI-ESM-LR Max Planck Institute for Meteorology, Germany 1.9 X 1.9 47 ESM
19 MPI-ESM-MR Max Planck Institute for Meteorology, Germany 1.9 X 1.9 95 ESM
20 MRI-CGCM3 Meteorological Research Institute, Japan 1.1x1.1 48 AO
21 NorESMl-M Norwegian Climate Center, Norway 2.5 X 1.9 26 ESM

“All GCMs used are statistically downscaled to 0.25° resolution.
AO, coupled atmospheric-ocean model; ESM, Earth system model; ChemESM, atmospheric chemistry coupled with ESM models.

(with mean = 0 and standard deviation = 1), which will 
be the value of the SPI. This is done separately for each 
grid cell and each season over the CONUS resulting in 
continuity between seasonal values. The parameters of the 
gamma distribution are calculated based on the historical 
data, and the same methodology is used for future drought 
projections. Overall, about 13 000 grid cells across the 
CONUS were analyzed in this study.

2.2.2. Standardized Precipitation Evapotranspiration 
Index

SPEI was introduced by Vicente-Serrano etal. (2010), 
and has been used and received considerable attention in 
various studies to analyze drought condition. It is based 
on a climatic water balance and considers the role of

temperature in dronght assessment. SPEI considers the 
difference between precipitation and evapotranspiration 
(P-PET) as the parameter to characterize drought. It is 
a standardized index that can be calculated on different 
timescales and does not require any specific calibration.

In this study, the accumulation period for SPEI is 3 
months, the same as SPI. In order to calculate PET, 
Thomthwaite method (Thomthwaite, 1948) as described 
by Vicente-Serrano et al. (2010) is applied here. Previous 
studies have discussed that the technique chosen for 
calculating PET does not have serious effect on drought 
prediction (Mavromatis, 2007; Vicente-Serrano etal, 
2010; Burke, 2011; Dai, 2012). PET is calculated on a 
monthly timescale and is then accumulated to seasonal 
periods (JEM, AMJ, JAS, and OND). Therefore the deficit
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Figure 1. Spatial extent of historical and future drought across the CONUS according to the 3-month SPEl. [Colour figure can be viewed at
Wiley onlineUbrary. com].

(D) is calculated for each season as the difference between 
seasonal precipitation and seasonal PET:

£>3 = PyPET^

where is the seasonal deficit of a particular season, 
P3 is the seasonal precipitation, and PET^ is the seasonal 
accumulated PET.

In order to calculate the SPEl, we utilized empirical 
Weibull plotting position (Weibull, 1939), as a nonpara- 
metric approach which would eliminate the parametric dis­
tribution selection and fitting process, as follows:

P i^i) =
n + 1

where n is the sample size, i indicates the rank of P-PET 
data from the smallest, and p(x:) denotes the empirical 
probabihty of each time step.p(x;) is tlien ri'ansfomied into 
a standardized normal distribution to obtain SPEl values. 
Among the various plotting positions, the Weibull function 
has proven to have the best performance in estimating the 
cumulative distribution function (CDF) by order-ranked 
sample (Makkonen, 2008). Applying a nonparametric 
method relaxes the problem of an unrestricted extrapola­
tion, and thus very low/high SPEl values, and puts reason­
able limits on the drought index (Stagge et al, 2015). This 
helps in calculating trends of SPEl more reasonably and 
prevents acquiring inaccurate trends. Although nonpara­
metric approaches might not result in the best performance 
for extreme droughts (Touma et al, 2015), they are suit­
able for this study as the focus here is on moderate to

extreme droughts and not only extreme droughts. The pro­
cedure was applied separately for each of the 21 GCMs in 
each season over the grid cells covering CONUS. Overall, 
approximately 13 000 grid cells across the CONUS were 
analyzed in this study.

2.2.3. Drought characteristics

For each drought index, three main characteristics of 
drought are studied for each season:

• Spatial extent of drought
• Intensity of drought
• Frequency of drought (number of drought events)

Spatial extent of drought was calculated for six different 
regions similar to those selected by Cai etal. (2014). 
The regions are shown in Figure 1, represented as Pacific 
Northwest (PNW), Great Plains (GP), Northeast (NE), 
Southwest (SW), Southern Plains (SP), and Southeast 
(SE). Long-term linear trends of drought intensity are 
investigated for 95 years of 2005-2099. Lastly, frequency 
of drought events are calculated for 50-year periods for 
the intermediate future (2006-2055), and distant future 
(2050-2099), and fiiey are compared to fire frequency 
of drought events observed during the historical period 
(1950-1999).

Drought indices produced for the future are calculated 
using the information acquired from the historical period. 
The base period used to calculate the drought indices 
is 1950-2005. For each of the 21 GCMs, the SPl and

© 2016 Royal Meteorological Society Int. J. CUmatol. 37: 2477-2491 (2017)
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Eigure 2. Probability of observed and projected drought extent based on the 3-month SPEL [Colour figure can be viewed at wiIeyonhneIibrary.com].

SPEl are calculated using 3-month data (JEM, AMJ, JAS, 
and OND) of P and P-PET, respectively. The 3-month 
timescale for SPl and SPEl has shown to be the most 
practical timescale to stndy seasonal drought character­
istics (Stagge etal, 2015), thus it was utilized in this 
study. Similar to previous studies, drought onset is defined 
as when the index goes below -1 (moderate to extreme 
dronght conditions; (Chen etal, 2012; Heinrich and 
Gobiet, 2012).

2.3. Kolmogorov-Smirnov test
The Kolmogorov-Smirnov (KS) test is one of the most 
commonly nsed and applicable nonparametric methods for

comparing two samples to nnderstand whether they come 
from popnlations with the same distribution. The test is 
based on the distance between the two empirical distribu­
tions and is sensitive to differences in both location and 
shape of probability fnnctions. The nnll hypothesis is that 
the two distribntion fnnctions have the same distribntion. 
The P-value calcnlated from the test will be compared to a 
certain significance level (in this stndy, a = 0.05), and if it 
is lower than a, the nnll hypothesis is rejected and thns the 
two CDFs aie not from die same disUibution. In diis study, 
the KS test is used to quantify if the changes in likelihood 
of dronght extent in the fnture are significantly different 
from that of historical observations.

© 2016 Royal Meteorological Society Int. J. CUmatol. 37: 2477- 2491 (2017)
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Figure 3. Spatial extent of historical and future drought according to the 3-month SPL [Colour figure can be viewed at wileyonUnelibrary.com].

3. Results

3.1. Spatial extent of drought
Figure 1 shows the spatial extent of drought according to 
the SPFl index in six different regions across the CONUS 
for the period of 1950-2099. For each year, the spatial 
extent of drought (percentage of area with SPEl below 
-1) is calculated for 21 downscaled GCMs and then the 
mean and ±1 standard deviation of the results are plotted 
for each case. As seen in this figure, the GCM ensem­
ble spread envelopes most of the variations in observed 
drought extent. The patterns are characterized by a vast 
increase in drought extent for summer in all regions, espe­
cially in the western United States and Southern Plains. 
Predictions of summer drought extent for the SW show 
the most increase in drought extent in distant future while 
also having the lowest uncertainty compared to the other 
regions. The increase in drought extent over the histori­
cal period is noticeable for summer observations (green 
line) in tire SW and PNW, and tire GCM ensemble mean 
(black line) shows a close agreement with the observa­
tions. However, drought extent in winter shows a slightly 
decreasing trend in northern United States, particularly in 
the NE region. RCP4.5 and 8.5 suggest similar results until 
around 2040, with consistently larger drought extent pro­
jected by RCP8.5 after that.

Overall, the models show good agreement between the 
long-term mean and spatial characteristics of drought 
found in the historical period. Model uncertainty appears 
to be the primary source of uncertainty in drought

projections for the near future, and only in mid to distant 
future summers (after 2050) scenario uncertainty becomes 
noticeable.

To better understand the changes in the spatial extent 
of drought, the probability of SPEl drought extents are 
plotted in Figure 2 using tire empirical CDF. Future prob- 
abilities are plotted using the results of all 21 down- 
scaled GCMs for the period 2006-2099. Probabilities 
are calculated using the Kaplan-Meier method as a non­
parametric technique to estimate the CDF. The empirical 
CDF of all 21 model outputs are presented for each sea­
son and region, and thus, the change in distribution of 
drought extent becomes noticeable. The shift to tlie right 
in CDFs for future drought extent explains the increasing 
drought extent of future at the same non-exceedance prob- 
ability. For instance, historical drought extent during the 
summer season indicates a median of less than 15% for 
most regions; while the projections show the median of 
future drought extent is expected to be above 50%. The 
change of probability is more significant in summers for 
the SW region; the median of historical drought extent 
is 12%, while the median of future drought extent for 
RCP4.5 and RCP8.5 increases to 69 and 82%, respec­
tively. However, the NE region appears to have the least 
amount of change in drought extent. In some regions, the 
increase in drought extent is expected at higher proba­
bilities. This indicates that even though the median of 
drought extent is not changing in some regions/seasons, 
drought would become more extensive during extreme 
conditions.

© 2016 Royal Meteorological Society Int. J. CUmatol. 37: 2477-2491 (2017)
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Eigure 4. Probability of observed and projected drought extent based on the 3-month SPL [Colour figure can be viewed at wileyonlinelihrary.com].

Similar results for drought extent depicted by the SPl 
are presented in Figures 3 and 4. Comparing drought 
extent calculated by SPEl and SPl reveals the effect of 
temperature increases. A major increase in SPl drought 
extent (presented in Figure 3) is found during summers 
in the PNW and GP, and for all seasons in SP. Similar to 
the SPEl, winters in the northern regions of the CONUS 
indicate a decrease in SPl drought extent in both future 
scenarios.

To better understand the changes in drought extent, a 
two-sample KS test was utilized to analyze the difference 
between the probability of drought in the future and that of 
the historical observation at a 0.05 significance level (95% 
confidence). Results of the KS test are shown in Figure 5.

The KS test for the SPEl indicates significant difference 
(increase) between the probability of futnre and historical 
drought in all seasons for the S W and SP. The test is unable 
to detect any significant difference between historical and 
future drought extent in the spring and fall across the GP 
and SE, but it shows a considerable decrease in drought 
extent during the spring and winter in the NE. Flowever, KS 
test resnlts for the SPl are unable to detect any significant 
differences across the SW and SP, while indicating lower 
drought occurrences in most seasons across the PNW.

3.2. Trends of future drought intensity
In addition to the spatial extent of drought, it is of high 
importance to estimate the changes in the intensity of

© 2016 Royal Meteorological Society Int. J. CUmatol. 37: 2477- 2491 (2017)
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Figure 5. Comparing future and historical drought extents according 
to the Kolmogorov-Smirnov (KS) test. The figure is generated using 
data from 21 GCMs in each region. [Colour figure can be viewed at 

wileyonlinelibrary.com].

future droughts. Figure 6 shows the regions with a negative 
trend (increasing drought intensity) in the future according 
to the SPEL RCP4.5 resnlts are shown in the left colnmn 
followed by RCP8.5 results on the right. To have a bet­
ter nnderstanding of drying trends, only negative trends 
(intensifying drought condition) are shown. In order to find 
trends, the SPEl is calculated for each of the 21 GCMs 
and the average trend from all downscaled GCMs is calcu­
lated for each grid cell. The mean change of SPEl per year 
for the period of 2005-2099 is then plotted. For example, 
a trend of -0.02 in SPEl means that in 25 years (near 
future), the average value of SPEl will decrease by 0.5 
(-0.02 X 25) and also in 75 years (distant future), the aver­
age value of SPEl will decrease by 1.5 (-0.02 x 75), which 
is significant given the SPEl thresholds of -1, -1.5, and 
-2 representing moderate, severe, and extreme dronght 
condition, respectively. Thus, a decrease of 0.5 in tire SPEl 
value will worsen the severity category of a drought event 
by one class.

Trends are showing conforming results with drought 
extent, with significant changes found in summer for 
most regions. The concentration pathways of RCP8.5 
and RCP4.5 show similar spatial patterns with more 
severe drought according to RCP8.5. Eor summer, a 
negative trend is estimated for the entire CONUS in both 
concentration pathways. This simply implies that summer 
droughts are expected to become more intense across the 
CONUS. Moreover, southern California, Arizona, and 
Texas show critical conditions where a decreasing trend is 
found in intensity of drought for all seasons.

The SPl trend results are presented in Figure 7. Similar 
to Figure 6, only regions with negative SPl trends (increas­
ing drought intensity) are shown to have a better nnder­
standing about drying patterns. The RCP4.5 and RCP8.5 
trend results of SPl show similar patterns with exacerbated 
trends depicted in the latter. Comparing trend results from 
the SPEl (Figure 6) and SPl (Figure 7), similar spatial pat­
terns are found in spring and winter, with larger trends 
being calculated by the SPEL In summer and fall, the SPl 
shows a negative trend in the northern and southern regions 
of the CONUS respectively, while for the SPEl, a negative 
trend is found almost over the entire CONUS.

3.3. Drought frequency
Another useful measure to better understand the impact of 
climate change on drought is to study the changes in fre- 
qnency of futnre droughts. To obtain this, the number of 
drought events in 50-year periods of future projections is 
compared to the nnmber of events in the historical period. 
Therefore, future drought projections for each of the 21 
GCMs is considered, and the number of drought events 
(drought index < -1) is extracted for each case. Then, the 
average of drought events from 21 GCMs is compared 
to the number of historical drought events and the spatial 
change is plotted over 50-year time frame. This is carried 
out separately for each grid cell and each season. Results 
for the SPEl are presented in Figure 8. Increase in fre­
quency of drought is perceived for all seasons, especially 
for summer. Results are in accordance with trends (pre­
sented in Figure 6), and show tliat Texas, Arizona, and 
southern California may expect a substantial increase in 
the frequency of drought in all seasons, while little change 
is found in frequency at the eastern regions.

Similar to what was applied for the SPEl, increase 
in the number of projected SPl drought events is pre­
sented in Figure 9. Drought frequency results from the 
SPl show ver}' similar patterns to those generated by the 
SPEl (Figure 8), with the SPl indicating less change. For 
both indices, results of the RCP4.5 and RCP8.5 are very 
similar for the period 2006-2055. However, in the dis­
tant future (2050-2099), the RCP8.5 shows more frequent 
droughts than those of RCP4.5 with similar regional pat­
terns depicted by both.

4. Discussion

Concnrrent increase/decrease of future temperature/ 
precipitation while experiencing alterations in seasonality 
of climatic variables makes it difficult to determine the 
regional characteristics of future drought conditions. 
Therefore, questions may arise about the role of related 
climate variables in drought attributes for each region.

Comparisons between the SPEl and SPl results demon­
strate the paramount importance of temperature in aggra­
vating future drought conditions. The SPl indicates a mild 
increase in drought extent for summers in most regions, 
with little discrepancy between the two future scenarios. 
It also shows a reduction of drought extent in spring and
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RCP4.5 RCP8.5

-0.03 -0.02 -0.01 0
Trend of SPEl (mean change per year)

Eigure 6. Long-term drought trends for the period of 2005 to 2099 according to the 3-month SPEL Please note that a trend of -0.02 in SPEl means 
that in 25 years, the mean value of SPEl will decrease by 0.5 (-0.02 x 25), which is significant given the SPEl thresholds of-I, -1.5, and -2, which 

represent moderate, severe, and extreme drought conditions, respectively. [Colour figure can be viewed at wiIeyonIinelibrary.com].

winter for all northern regions. The difference between 
the SPl and SPEl is more considerable in the warm sea­
sons, as in winter both indices similarly demonstrate a 
decrease in spatial extent of drought for northern regions 
(PNW, GP and NE). Eurthermore, the change in inten­
sity and increase in frequency of SPl drought events are 
found to be less than those of SPEl results. Using the SPl, 
no changes arc expected for summer droughts in the SW 
region, while according to the SPEl, this region is expected 
to experience the most aggravated drought condition in the 
CONUS.

The SPEl calculation is based on both precipitation 
(Prec) and PET, and changes in each of these variables 
may result in changes of the SPEl. Moreover, tempera­
ture (T) is the primary variable used in calculating PET. 
Thus, it can be expected that the changes in Prec and 
PET directly affect the SPEl, while the changes in tem­
perature may affect SPEl indirectly. Although results of 
the SPEl show a drastic escalation in future drought con­
ditions, it is not clear if either the decrease in precip­
itation amount, change in seasonality of precipitation, 
or the increase in PET is the primary cause of drought
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Figure?. Long-term drought trends for the period of 2005 - 2099 according to the 3-month SPL [Colour figure can be viewed at wileyonlineli-
brary.com].

exacerbation. Since different regions have different cli­
mates and aridity conditions, the primary cause may differ 
from location to location. Therefore, studying die effects 
and relationship of climate variables with drought at the 
regional scale is of great importance. Studying the impact 
of changes in seasonality of precipitation and temperature 
on drought is out of die scope of diis study. However, 
this may be among the main causes for aggravation of 
drought, and a comprehensive assessment is needed on this 
subject.

Ill order to understand die cause for changes in future 
drought characteristics, seasonal changes of temperature, 
precipitation, and PET from 21 GCMs are extracted for 
each season in 50-year periods for the future (2006-2055

and 2050-2099), and the ensemble mean of changes 
are plotted in supplementary Figures S1-S3, Supporting 
information. Temperature is expected to increase across 
the CONUS, especially in the western regions. The spring 
season appears to have the least increase in temperature 
among all seasons, and for other seasons the changes 
appear to be similar. In addition, precipitation shows a sig­
nificant decrease during summer for the western regions 
and Southern Plains (more than 50% decrease in some 
areas), and a decrease for the central regions in fall and 
winter. PET is also showing considerable increase in future 
summers with a slight increase in fall noted as well.

To hnd out how the changes of each variable are related 
to changes in drought, a spatial correlation analysis is
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RCP4.5
2006-2055 2050-2099

RCP8.5
2006-2055 2050-2099

0 10 20 30 40
Increase in number of dry seasons/50 years

Eigure 8. Increase in the number of moderate or worse drought events according to the 3-month SPEL [Colour figure can be viewed at
wiIeyonUneIibrary.com].

RCP4.5
2006-2055 2050-2099

RCP8.5
2050-2099

0 5 10 15
Increase in number of dry seasons/50 years

Eigure 9. Increase in the number of moderate or worse drought events according to the 3-month SPL [Colour figure can be viewed at wileyonlineli-
brary.com].
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Figure 10. Spatial correlation between the changes in the number of SPEl drought events (presented in Figure 8) and the changes in climate variables 
(presented in Figures SI -S3) for 50-year future periods using the RCP8.5 scenario. [Colour figure can be viewed at wileyonlinehbrary.com].

applied using Speannan correlation test for each season. 
Figure 10 represents the spatial correlation between the 
increase in drought frequency (Figure 8) and the changes 
in each variable (Figures S1-S3) for RCP8.5. To gener­
ate Figure 10, first the increase/decrease in number of dry 
seasons is calculated for each grid cell (shown in Figure 8). 
Then, the changes in climate variables, i.e. Prec, PET, and 
T, are calculated for each grid (shown in Figures S1-S3). 
Therefore, for a region with n grid cells, one may calcu­
late n values for the changes in number of dry seasons as 
well as n values for the changes in PET (Eigures 8 and 
S3). We then calculate the correlation of these results for 
the n corresponding grids. In other words. Figure 10 is the 
spatial correlation of change in nnmber of dry seasons and 
the change in climate variable. It is simply trying to find a

spatial coherence between results of Figures 8 and S1-S3, 
to find a probable cause for changes in drought in a par­
ticular region and season. In general, one wonld expect 
that changes in precipitation negatively correlate with the 
changes of drought, i.e. decreasing precipitation increases 
drought events, and changes in PET would positively cor­
relate with drought, i.e. increasing PET increases drought 
events. Our results show this to be true in most cases with 
high correlation.

Erom Eigure 10, different results are found when assess­
ing snch a spatial correlation for various regions. Eor 
instance, in the Southern Plains, changes in precipita­
tion are highly correlated with changes in drought events 
for all seasons except summer when changes in PET 
are positively correlated. Therefore, precipitation changes
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(amount/seasonality) play a major role in droughts within 
the SP region for most of the seasons, and increases in PET 
has a major influence on summer droughts. On the other 
hand, in the PNW no significant spatial correlation can be 
found for spring, fall, and winter; however, summer shows 
a noticeable correlation between drought events and pre­
cipitation along with PET. This is also in accordance with 
the spatial extent of drought presented in Figure 1, where 
only summers exhibit a substantial increase and other sea­
sons do not show any considerable changes. Although 
most regions show a high correlation amount for PET 
in summers, tire NE and GP regions do not indicate any 
signihcant spatial correlation between drought events and 
PET, and changes in precipitation appears to be the pri­
mary cause for summer drought changes in these regions. 
In general, and in most cases, distant future (2050-2099) 
results show higher correlation than those in the interme­
diate future (2006-2055).

Results from the spatial correlation analysis of the 
RCP4.5 are presented in supplementary Eigure S4. When 
comparing the RCP4.5 and RCP8.5, the patterns are simi­
lar in most cases, although in general the RCP4.5 shows a 
lower correlation than the RCP8.5.

5. Summary and conclusion

This study investigated meteorological drought projec­
tions over the CONUS using fine resolution downscaled 
CM1P5 GCMs. The dataset has recently become available 
by NASA (NEX-GDDP) consisting of an ensemble of 
daily precipitation, and maximum and minimum temper­
ature for 21 GCMs. All 21 available models were utilized 
for the period of 1950-2099 for two future concentration 
pathways, i.e. RCP4.5 and RCP8.5. Different spatiotem- 
poral characteristics of drought were analyzed using the 
SPEl and SPl utilizing seasonal accumulation periods 
(3-month timescale).

Results show drat tire spatial extent and intensity of mete­
orological drought is expected to increase for all regions 
of the CONUS in summer, primarily due to an increase 
in PET. Furthermore, considerable aggravation in drought 
attributes is projected over the Southwestern United States 
and Southern Plains, mainly due to changes in precipita­
tion. The Northeastern regions of the United States show 
lessening drought conditions for spring and winter, while 
exacerbating conditions are expected during the summer 
due to changes in precipitation. There are large differ­
ences between the results of the SPl and SPEl with tem­
perature changes having a substantial impact on drought 
characteristics, especially in the summer. Therefore, study­
ing meteorological drought using the SPl is found to 
be inadequate for understanding the impacts of climate 
change and it is highly recommended to consider the effect 
of temperature in drought assessment through the use 
of the SPEl.

Climate change is going to impose considerable impacts 
on meteorological drought attributes in the future. In this 
study, spatial extent, intensity trends, and frequency of

droughts were investigated. However, understanding the 
changes in duration, severity, magnitude and the onset of 
future droughts is also of high importance requiring fur­
ther research. In addition to the seasonal drought assess­
ment done in this study, it is useful and informative to 
stakeholders to characterize drought projections at differ­
ent timescales to better understand regional impacts of 
global warming and climate change on various types of 
drought.
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Figure SI. Projected increases in temperature in degrees 
Celsius. Calculations are performed for each of the 21 
GCMs and die mean changes are plotted here.
Figure S2. Percentage change in future precipitation pro­
jections. Changes are found for each of the 21 GCMs and 
the mean change is plotted here.
Figure S3. Change in future projections (in mm) of poten­
tial evapotranspiration (PET). Similar to Eigures SI and 
S2, changes are calculated for each of the 21 GCMs with 
the mean change being plotted here.
Figure S4. Spatial correlation between changes in the 
number of moderate or worse 3-month SPEl drought 
events (presented in Figure 8) and changes in climate vari­
ables (presented in Figures SI -S3) for 50-year future time 
periods using the RCP4.5.
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