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Abstract The temporal variability of river and soil water affects society at time scales ranging from
hourly to decadal. The available water (AW), i.e., precipitation minus evapotranspiration, represents the
total water available for runoff, soil water storage change, and ground water recharge. The reliability of
AW is defined as the annual range of AW between local wet and dry seasons. A smaller annual range rep-
resents greater reliability and a larger range denotes less reliability. Here we assess the reliability of AW in
the 21st century climate projections by 20 climate models from phase 5 of the Coupled Model Intercom-
parison Project (CMIP5). The multimodel consensus suggests less reliable AW in the 21st century than in
the 20th century with generally decreasing AW in local dry seasons and increasing AW in local wet sea-
sons. In addition to the canonical perspective from climate models that wet regions will get wetter, this
study suggests greater dryness during dry seasons even in regions where the mean climate becomes wet-
ter. Lower emission scenarios show significant advantages in terms of minimizing impacts on AW but do
not eliminate these impacts altogether.

Summary Modeling of future water availability predicts that wet regions become wetter and dry
regions become drier, leading to an increasing likelihood of seasonal droughts and floods in regions
where such vulnerability is already high.

1. Introduction

The temporal variability of river and soil water affects society at time scales ranging from hourly to
decadal. A few hours of intense rain, for example, can result in flooding, and seasonal precipitation deficits
manifest into droughts, which may persist for years. Humans attempt to even out the temporal variability
of precipitation through massive interventions in the hydrological system, primarily through the con-
struction of dams and reservoirs and the utilization of irrigation to maintain high crop productivity in dry
situations. One of the important questions with respect to projected future climate change is whether
existing or planned human interventions in the water cycle will be able to adequately meet future
demands as both climate and water demands change. Here we utilize data from phase 5 of the Coupled
Model Intercomparison Project (CMIP5) [Taylor et al., 2012] simulations to assess projected changes in the
availability of water throughout the year, with particular focus on wet and dry season water availability.

Many studies have shown that significant changes in mean annual runoff could occur under various cli-
mate change scenarios [e.g., Milly et al., 2005; Tang and Lettenmaier, 2012; Arnell and Gosling, 2013]. Typ-
ical projected changes in annual runoff include increases at high latitudes and in the moist tropics and
decreases over midlatitude western North America, Central Europe, the Mediterranean region, and most
dry subtropical regions. While the role of precipitation change in runoff trends is well recognized [Kumar
et al., 2009], the role of evapotranspiration has been investigated to a lesser extent [e.g., Okazaki et al.,
2012]. The relative contribution of evapotranspiration to the water budget becomes increasingly impor-
tant in climate projections because the precipitation response to global warming is much weaker (∼2%/K)
than the Clausius-Clapeyron relationship that controls humidity (7%/K) [Held and Soden, 2006]. Conse-
quently, evapotranspiration from the land surface becomes progressively more water-limited [Kumar
et al., 2013]. Here we use a new metric for seasonal water availability that incorporates both the precip-
itation and the evapotranspiration responses under climate change.

A canonical perspective of the impact of climate change on the water cycle is that wet regions will get
wetter and dry regions will get drier [Held and Soden, 2006; Chou et al., 2009]. Chou and Lan [2012] suggest
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that locally also there may be increasing trends in the annual precipitation range, i.e., at a given location
the wet season becomes wetter and the dry season becomes drier. There is already some indication in
the historical record that this expansion of the annual precipitation range is happening, though uncer-
tainties are considerable [Chou et al., 2013]. These precipitation changes combined with evapotranspira-
tion changes are likely to alter the reliability of water availability. The reliability of available water (AW) is
defined as the annual range of AW between local wet and dry seasons. A smaller annual range represents
greater reliability and a larger range denotes less reliability. Here we have conducted a comprehensive
assessment of CMIP5 climate models regarding projected changes in AW reliability.

2. Data and Method

Twenty CMIP5 climate models are included in this analysis. We have employed “historical” simulations
for the 20th century climate and several representative concentration pathway (RCP) simulations for the
21st century climate. RCPs represent projected future socioeconomic conditions, technological develop-
ment, and society’s climate choices [Moss et al., 2010]. RCP8.5 represents a “no climate policy” world with
high population growth, slow economic development, and modest technological advances, leading to
the highest CO2 equivalent concentration by 2100 representing a 8.5 W m−2 net radiative impact on the
Earth’s surface (∼1370 ppm) [Riahi et al., 2011]. At the other end of the scenario spectrum, RCP2.6 rep-
resents 2.6 W m−2 net radiative impact with a stringent mitigation scenario that reduces CO2 emissions
by using bioenergy, technological advances, and socioeconomic development (higher income and slower
population growth) and reaches a peak CO2 equivalent concentration of 490 ppm before 2100. RCP4.5 (4.5
W m−2) is a mixed scenario that stabilizes CO2 emissions to 650 ppm CO2 equivalent concentration by 2100
[van Vuuren et al., 2011]. Developers of RCP scenarios do not assign any preference to one RCP compared
with others [van Vuuren et al., 2011]. However, considering little has been done to stabilize greenhouse
gas emissions over the last 20 years [Tollefson and Gilbert, 2012] and there is no realistic plan to do so in
the near future [Nature Editorial, 2012], we have given preference to the RCP8.5 scenario. We have also
presented comparisons with RCP4.5 and RCP2.6 scenarios to determine how much benefit can be accrued
by making climate choices that reduce or stabilize greenhouse gas emissions.

Only one ensemble member from each model/experiment (mostly the first member, but if not
available then second ensemble member) is used. Prior to analysis all models are regridded to a
common resolution of 2.5∘ × 2.5∘ (144× 72 global grid) using an area-average preserving method
(area_conserve_remap_wrap function in The NCAR Command Language) [UCAR/NCAR/CISL/VETS, 2013].

Monthly AW is defined in equation 1.

AWm,y =
Pm,y − ETm,y(

P
)

present

, (1)

where AWm,y is available water for a given month (m) and year (y), Pm,y and ETm,y are precipitation and

evapotranspiration for the given month and year, and
(

P
)

present
is the present annual climatological mean

(calculated for 1961–1990, same value for all 12 months) precipitation at a given location (grid cell) and
a given model. The denominator

(
P
)

present
is a spatial normalization factor to account for spatial variabil-

ity in total precipitation. We have kept the denominator the same for present and future climate, thereby
quantifying absolute changes in (P − ET) from present to future climate. AW is the total water available for
runoff, soil water storage change, and ground water recharge [Schuol et al., 2008]. A negative AW repre-
sents stress on surface water storages from atmospheric demand. We calculated 12 three-month seasonal
means (December-January-February (DJF), January-February-March (JFM), and so on) for each year, and
identified the maximum and minimum value within these 12 “seasons” as the wet and dry season AW in a
given year. We also calculated the percentage benefit from the RCP4.5 and RCP2.6 scenarios relative to the
RCP8.5 scenario as:

%benefit =
(

1.0 −
AWRCPx − AWHistorical

AWRCP8.5 − AWHistorical

)
∗ 100, (2)

where RCPx is RCP2.6 or RCP4.5. Formulae for other statistical measures used in this study are given in the
supporting information.

KUMAR ET AL. © 2013 The Authors. 153
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To account for the effect of natural variability (decadal to multidecadal) in the present climate, we cal-
culated 30 random 30-year climatologies ending anywhere between 1975 and 2004, e.g. (1945–1975),
(1963–1992), (1952–1981), … (1975–2004), and then calculated the standard deviation across these 30
random climatologies in the respective seasons. A change is significant at the 95% confidence interval if its
magnitude is greater than 2 climatological standard deviations in a given model, and 65% or greater mod-
els have same sign of change. This methodology ensures consistency in a given model. However, because
much of the 30-year climatology is overlapping, we used 2 standard deviation measures instead of 1 stan-
dard deviation used by Arnell and Gosling [2013] by employing nonoverlapping periods. Estimation of
natural variability is only indicative. Long control climate simulations are needed to robustly estimate the
effects of natural variability.

The AW index differs from previously utilized water indices [e.g., the Supply Demand Drought Index, SDDI,
Rind et al., 1990 and the Palmer Drought Severity Index, PDSI, Palmer, 1965] in several important respects:
(1) the AW index is based on “actual” (climate model) ET rather than potential ET (PET), which is used in
the SDDI and PDSI. (2) By design, the SDDI and PDSI exhibit significant autocorrelation from month to
month, hence they are suitable primarily for the study of drought. On the other hand, floods are relatively
short-term events, and we show later that the AW index is well suited to study both short-term floods and
droughts. (3) The AW index allows us to assess the annual range between wet and dry season AW because
the denominator remains constant for all seasons or months at a given location, whereas in the PDSI and
SDDI the denominator varies across different seasons or months. Furthermore, PET-based drought indices
have important limitations: (1) they are often highly sensitive to temperature increases in future climate
change scenarios [Sheffield et al., 2012] and (2) increased water-use efficiency by plants owing to elevated
CO2 concentration is not considered (carbon cycle feedback) [Keenan et al., 2013]. In global climate mod-
els, ET is constrained by water and energy balance closures [Kumar and Merwade, 2011] as opposed to
only water balance closure in hydrology models or PDSI calculations, and many climate models include
carbon cycle/vegetation feedbacks [e.g., CCSM4, Cao et al., 2010]. The AW is a simple index that has several
advantages: (1) it can be easily calculated using climate model outputs; (2) it does not directly suffer from
uncertainties in runoff parameterization; (3) it is easily interpretable in terms of long-term annual mean
precipitation at a given location; and (4) it does not require empirically based water balance calculations.

3. Results

Figures 1a and 1b show interannual correlations between the driest and wettest month AW and the cor-
responding month Standardized Precipitation Index [SPI, Mckee et al., 1993] from observations and CMIP5
models. We obtained the observationally based estimates by employing two well-constrained land sur-
face model outputs driven by observed atmospheric forcings: Global Land Data Assimilation System
[GLDAS2, Rodell et al., 2004] and the Variable Infiltration Capacity (VIC) model [Sheffield and Wood, 2007].
The SPI is the most commonly used indicator of flood and droughts because of data requirements, i.e.,
only precipitation data, compatibility across different regional climates, and flexible time scales [Seller
et al., 2002; Stricevic et al., 2011; Du et al., 2013]. A positive SPI indicates wet conditions and a negative SPI
indicates dry conditions. In the locally driest month, we found significant positive correlation between AW
and one-month SPI for 77% of the land area in the observations (average correlation coefficient: 0.52) and
66% of the land area in CMIP5 (average correlation coefficient: 0.50). Dry regions such as the southwestern
United States do not show significant correlation in either observations or CMIP5. Over India, observations
show significant correlation but CMIP5 does not. Studies have found limitations to SPI in dry climates, par-
ticularly in dry seasons where the precipitation distribution is highly skewed [Mishra and Singh, 2010]. It
should also be noted that uncertainties exist in observational estimates [Haddeland et al., 2011]. All land
areas show significant positive correlation between the wettest month AW and the corresponding month
SPI (average correlation coefficient: 0.74 for observation and 0.72 for CMIP5).

Figure 1c shows the observational estimate of dry and wet season AW climatology over the midwest-
ern United States [35∘N–50∘N, 80∘W–98∘W; Kumar et al., 2010]. In the 30-year climatology (1979–2008,
this period is selected because of GLDAS2 data availability [satellite period]) the 1988 drought has the
minimum dry season AW and the 1993 flood has the maximum AW for a wet season. Overall, the results
presented in Figure 1 confirm that a decrease in the dry season AW is an indicator of more droughts and
an increase in the wet season AW is an indicator of more floods.

KUMAR ET AL. © 2013 The Authors. 154
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Observation CMIP5(a)

(b)

(c)

Dry Season

Wet Season

Figure 1. (a) Interannual correlation between driest month AW and the
corresponding one-month SPI; (b) interannual correlation between wettest
month AW and the corresponding one-month SPI; and (c) observational
estimates of dry and wet season AW climatology in the midwestern United
States (red box); a flood (1993) and a drought (1988) year AW are also shown.
For panels (a) and (b) observational correlation is an average of GLDAS2 and VIC
correlations (1979–2008) and CMIP5 is an average of 20 CMIP5 models
(1975–2004). Correlations are shown only where statistically significant (>0.35 or
<−0.35) in at least one of two observational estimates (GLDAS2 or VIC), and at
least 10 CMIP5 models. Regions of low precipitation (<100 mm/yr) have been
masked out. In panel (c), error bars represent 1 standard deviation interannual
variability.

Figure 2 shows the multimodel
mean monthly climatology for AW
in the present (1961–1990) and
future climate (2070–2099, RCP2.6
and RCP8.5). On the global scale
(Figure 2a), there is a general tendency
toward lower AW in drier months
(e.g., MJJ) and higher AW in wet-
ter months (NDJ). Global mean AW
changes hide important regional
details and magnitudes of impacts.
Regionally, the changes in AW are
large (Figures 2b–2d; regions are
outlined in Figure 3). We first present
results of the future climate in RCP8.5
scenario. RCP4.5 and RCP2.6 results
are discussed later. The climatologi-
cal mean dry season (JJA) AW in the
North America region decreases from
−0.22± 0.07 in the present climate
to −0.36± 0.08 in the future climate.
We represent the uncertainty range
as the estimated intermodel stan-
dard error of 2.0 calculated among
the 20 CMIP5 models. For Russia
the dry season (MJJ) AW decreases
from −0.21± 0.04 to −0.36± 0.05,
and for India the dry season (JFM)
AW decreases from −0.29± 0.06
to −0.37± 0.07. Consequently, the
cumulative frequency (CF) of season-
ally very dry conditions below a given
threshold increases in the 21st century
climate (Figures 2e–2g and Table 1).

We calculated the CF ranging from −2.0 to 2.0 at 0.02 intervals below given thresholds considering each
grid cell and each year as a single data point within the region (see the supporting information for the for-
mula). For example, in Russia, the CF of AW≤−1.0 increases from 4.7± 1.7% in the present climate (one in
every 21 years) to 12.3± 2.8% in the 21st century climate (one in every 8 years).

Wet season AW, on the other hand, tends to increase in the projected climate. The wet seasons for north-
ern North America, Russia, and India are NDJ, OND, and JAS, respectively (Figures 2b–2d). In those respec-
tive seasons, the AW increases from 0.57± 0.04 to 0.66± 0.04 in northern North America, 0.80± 0.04 to
1.03± 0.04 in Russia, and 1.15± 0.24 to 1.59± 0.24 in India. Values of AW greater than 1.0 are indicative
of a rainfall pattern that is highly seasonal; for example, India receives 80% of annual precipitation dur-
ing the monsoon season (June to September). Consequently, the CF of very wet conditions above a given
threshold increases in the 21st century climate (Figures 2h–2j). We calculated the CF ranging from −1.0
to 3.0 at 0.02 intervals above a given threshold considering each grid cell and each year as a single data
point in the given region (see the supporting information for the formula). For example, in India, the CF of
AW≥ 3.0 increases from 4.0± 1.0% in the present climate (one in every 25 years) to 14.2± 4.8% in the 21st
century climate (one in every 7 years).

Figures 3a and 3b show the geographical distribution of AW changes in the local dry and wet seasons
(see Figure S1 in the supporting information). Much of the land area, including northern North America,
Central Europe, Russia, parts of China, and India, and east-central Africa, show significant decreases in dry
season AW. Some regions, such as the southwestern United States and northern Mexico, parts of Africa,

KUMAR ET AL. © 2013 The Authors. 155

 23284277, 2014, 3, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1002/2013E

F000159 by U
niversity O

f V
ictoria, W

iley O
nline L

ibrary on [11/04/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Earth’s Future 10.1002/2013EF000159

(a)

(b) (c) (d)

(e) (f) (g)

(h) (i) (j)

Monthly Climatology of AW

Cumulative Frequency in local dry season

Cumulative Frequency in local wet season

Figure 2. AW climatology and cumulative frequency in the present (1961–1990) and in the 21st century climate (2070–2099; RCP8.5
and RCP2.6). Multimodel mean and 2 standard error estimates (shading) from 20 CMIP5 climate models are shown. For clarity, only
multimodel means from RCP2.6 are shown. Regions of North America, Russia, and India are outlined in Figure 3.

and South America, Alaska, and Greenland, show increases in dry season AW. However, the increases in
the dry season AW in many parts of Africa and South America are not significant. Overall, 46% of the global
land area exhibits a significant decrease in dry season AW, whereas only 15% shows significant increases
in dry season AW.

A similar amplification of extremes is seen for AW in the wet season. Sixty percent of the global land area
shows significant increases in wet season AW and 10% shows significant decreases including Mexico,
southwestern Africa, the Mediterranean region, and parts of South America. The Amazon and Australia
do not show significant changes in wet season AW.

Figure 4 shows the intermodel spread in global land average AW in the local wet and dry seasons includ-
ing all areas of positive and negative AW changes in each respective season. There is large intermodel

KUMAR ET AL. © 2013 The Authors. 156
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(a)
AW change in local dry season

(b)
AW change in local wet season

Figure 3. Changes in available water in the local dry and wet season in RCP8.5 projections (2070–2099) compared with historical
simulations (1961–1990). Color shading represents at least 65% models (13 or more models out of 20) showing changes greater than
2 climatological standard deviations in the historical period. Stippling represents that at least 65% of models have the same sign of
change as shown in the figure. Regions of low precipitation (<100 mm/yr) have been masked out.

spread in AW for both dry and wet season AW. For example, in the historical climate dry season AW
ranges from −0.57 to −0.28 (mean: −0.38) and wet season AW ranges from 0.74 to 1.08 (mean: 0.94).
In the RCP8.5 scenario, dry season AW ranges from −0.60 to −0.29 (mean: −0.43) and wet season AW
ranges from 0.80 to 1.22 (mean: 1.07). Eighteen of 20 models agree on the sign of change for a decrease
in dry season AW (RCP8.5). All 20 models indicate a global increase in wet season AW (RCP8.5). The
multimodel mean global land average dry season AW decreases from −0.38± 0.03 to −0.43± 0.03
(13% decrease, RCP8.5) and wet season AW increases from 0.94± 0.04 to 1.07± 0.06 (14% increase,
RCP8.5).

We repeated the analysis using RCP4.5 and RCP2.6 projections. For RCP2.6, only 16 models were available
at the time of the study (Figure 4). A general tendency of decreasing AW in dry season and increasing AW
in wet season, compared to historical climate, is also found in RCP4.5 and RCP2.6 projections (Figure 2 and
Table 1). Compared to the RCP8.5 scenario, the magnitudes are 47% less in the RCP4.5 scenario (range:
33%–75%) and 64% less in the RCP2.6 scenario (range: 40%–81%, Table 1). Particularly in the RCP2.6
scenario, AW changes are mostly within the uncertainty bounds of AW in the present climate (Figures 2

KUMAR ET AL. © 2013 The Authors. 157
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Table 1. A Comparison of AW Projections in RCP8.5, RCP4.5, and RCP2.6 Scenarios Relative to Historical Climatea

% Benefits relative to

RCP8.5
Historical

(1961–1990)

RCP8.5

(2070–2099)

RCP4.5

(2070–2099)

RCP2.6

(2070–2099) RCP 4.5 RCP 2.6

Dry season

North America (JJA) −0.22± 0.07 −0.36± 0.08 −0.31± 0.08 −0.25± 0.09 36 79

Russia (MJJ) −0.21± 0.04 −0.36± 0.05 −0.30± 0.05 −0.27± 0.05 40 60

India (JFM) −0.29± 0.06 −0.37± 0.07 −0.33± 0.07 −0.33± 0.07 50 50

Global (Local) −0.38± 0.03 −0.43± 0.03 −0.41± 0.03 −0.41± 0.03 40 40

Wet season

North America (NDJ) 0.57± 0.04 0.66± 0.05 0.63± 0.05 0.60± 0.05 33 67

Russia (OND) 0.80± 0.04 1.03± 0.04 0.93± 0.04 0.89± 0.04 43 61

India (JAS) 1.15± 0.24 1.59± 0.31 1.39± 0.27 1.29± 0.32 45 68

Global (Local) 0.94± 0.04 1.07± 0.06 1.01± 0.05 0.99± 0.05 46 62

Cumulative frequency (CF) less than a given threshold in local dry season

North America (CF≤−1.0) 2.7± 1.3 5.7± 2.4 4.4± 2.4 3.5± 2.2 43 73

Russia (CF≤−1.0) 4.7± 1.7 12.3± 2.8 8.3± 2.5 7.5± 2.7 53 63

India (CF≤−1.5) 3.0± 1.7 6.2± 2.8 3.8± 1.9 4.4± 2.5 75 56

CF greater than a given threshold in local wet season

North America (CF≥ 1.5) 3.7± 0.9 7.4± 1.5 5.6± 1.3 4.4± 1.4 49 81

Russia (CF≥ 1.5) 3.1± 0.9 20.9± 3.9 10.8± 2.0 7.4± 1.9 57 76

India (CF≥ 3.0) 4.0± 1.0 14.2± 4.8 8.7± 2.6 7.4± 3.1 54 67

aPercentage benefits in RCP4.5 and RCP2.6 scenarios relative to RCP8.5 are also shown. Multimodel mean and 2
standard error estimates from 20 CMIP5 climate models are given (16 models for RCP2.6). Only the multimodel
mean is considered for percentage benefit calculation. Regions of North America, Russia, and India are delin-
eated in Figure 3a.

and 4). Complete analysis results for RCP4.5 and RCP2.6 are presented in Figures S2–S7 in the supporting
information.

4. Conclusion and Discussion

This study proposes a new metric that accounts for changes in both precipitation and actual evapotran-
spiration in a changing climate, and allows us to investigate seasonal changes in AW in the 21st century.
The multimodel consensus suggests less reliable AW in the 21st century compared with the 20th century
with both decreased water availability in the local dry season and increased water availability in the local
wet season. The sign of the changes are robust across the 20 CMIP5 climate model simulations examined
(RCP8.5). It is worth noting that we have considered only the biophysical constraints on water availability
(changes in P and ET). Additional factors such as increased water demand to meet agricultural, indus-
trial, and domestic water needs due to increasing population can further induce stress on water resources
[Gosling and Arnell, 2013]. Also, we have used global climate model output to assess reliability. Use of
global hydrological models with inputs from global climate models may have some impacts on the results
[Haddeland et al., 2011], but it is unlikely to change the main conclusion of this study because generally
biases get canceled out when we compare two climates within same set of models [Kumar et al., 2010].

The increase in wet season AW is mainly driven by the precipitation changes in the corresponding season
(Figure S8 in the supporting information). However, for the dry season AW, the corresponding season pre-
cipitation change does not fully explain the AW changes for most of the world (Figure S8). In the local dry
season, precipitation generally increases in several regions including India, midlatitude to high-latitude
regions in the Northern Hemisphere except the Mediterranean and southwestern United States, and Mex-
ico. However, corresponding season increases in ET are higher than those in precipitation (not shown). In
the RCP8.5 scenario, the global land average increase in precipitation and ET are 6% and 13%, respectively,
in the local dry season (% change calculated locally and then averaged). Chou and Lan [2012] found that
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Figure 4. Intermodel spread in global land average (60∘S–70∘N) AW in historical (1961–1990) and RCP8.5 and RCP2.6 scenarios
(2070–2099) in local dry and wet seasons. Error bar represents 2 climatological standard deviations. The 21st century changes greater
than 2 climatological standard deviations (an indicator of natural climate variability) are significant at 95% confidence interval in this
study.

under global warming scenarios, the increased annual precipitation range is driven by a larger upward
trend in wet season precipitation with a smaller trend in dry season precipitation. Dirmeyer et al. [2013]
found strong model consensus for soil moisture drying and expansion in the areas of soil moisture control
(rather than available energy control) on evapotranspiration. It is likely that a number of counterbalanc-
ing factors such as increased evaporative demand from the atmosphere, drier land surface conditions,
changes in snow cover at high latitudes and altitudes, and evolving land-atmosphere interactions are
affecting the dry season AW.

Droughts are slowly evolving and relatively long term, i.e., phenomena lasting several months to years.
Researchers and practitioners have employed several drought indices depending upon the application of
drought identification, i.e., meteorological, hydrological, or agricultural [Mishra and Singh, 2010; Sheffield
et al., 2012]. In this study, we focused on relatively short-term water deficits and their correlations with
SPI. Correlations between AW and PDSI are lower than those between AW and SPI (not shown). We sug-
gest that this is because of the autocorrelation characteristics of PDSI, whereas AW does not consider
autocorrelation with the previous month. Further investigation is needed to consider specific drought
characteristics such as duration, frequency, and intensity as well as their relationship with changes in AW.

Many previous studies have shown an increase in future total water availability in several midlatitude to
high-latitude regions and India [Milly et al., 2005; Arnell and Gosling, 2013]. This study brings out an addi-
tional insight that even though annual mean water availability is increasing, seasonal climate changes can
lead to significant reductions in dry season water availability.

There is general model consensus that future trends in water availability will align such that wet regions
become wetter and dry regions become drier. This makes sense on theoretical grounds from thermody-
namic (warmer climate leading to more atmospheric moisture) and dynamic arguments (warmer climate
leading to greater uplift in ascending regions [Biasutti, 2013, and references therein]. Here we show that
there is an analogous relationship on seasonal time scales. Generally, climate models suggest that the dry
season becomes drier and the wet season becomes wetter, leading to an increasing likelihood of droughts
and floods in seasons where drought and flood vulnerability is already high.
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