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Water scarcity severely impairs food security and economic prosperity in many countries today. Expected future population changes
will, in many countries as well as globally, increase the pressure on
available water resources. On the supply side, renewable water
resources will be affected by projected changes in precipitation
patterns, temperature, and other climate variables. Here we use
a large ensemble of global hydrological models (GHMs) forced by
ﬁve global climate models and the latest greenhouse-gas concentration scenarios (Representative Concentration Pathways) to synthesize the current knowledge about climate change impacts on
water resources. We show that climate change is likely to exacerbate regional and global water scarcity considerably. In particular,
the ensemble average projects that a global warming of 2 °C above
present (approximately 2.7 °C above preindustrial) will confront an
additional approximate 15% of the global population with a severe
decrease in water resources and will increase the number of people
living under absolute water scarcity (<500 m3 per capita per year) by
another 40% (according to some models, more than 100%) compared with the effect of population growth alone. For some indicators of moderate impacts, the steepest increase is seen between the
present day and 2 °C, whereas indicators of very severe impacts increase unabated beyond 2 °C. At the same time, the study highlights
large uncertainties associated with these estimates, with both global
climate models and GHMs contributing to the spread. GHM uncertainty is particularly dominant in many regions affected by declining
water resources, suggesting a high potential for improved water
resource projections through hydrological model development.

|

climate impacts hydrological modeling
Intercomparison Project

| Inter-Sectoral Impact Model

F

reshwater is one of the most vital natural resources of the
planet. The quantities that humans need for drinking and
sanitation are relatively small, and the fact that these basic needs
are not satisﬁed for many people today is primarily a matter of
access to, and quality of, available water resources (1). Much
larger quantities of water are required for many other purposes,
most importantly irrigated agriculture, but also for industrial use,
in particular for hydropower and the cooling of thermoelectric
power plants (2, 3). These activities critically depend on a sufﬁcient amount of freshwater that can be withdrawn from rivers,
lakes, and groundwater aquifers. Whereas scarcity of freshwater
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resources already constrains development and societal well-being
in many countries (4, 5), the expected growth of global population
over the coming decades, together with growing economic prosperity, will increase water demand and thus aggravate these
problems (6–8).
Climate change poses an additional threat to water security
because changes in precipitation and other climatic variables
may lead to signiﬁcant changes in water supply in many regions
(6–11). The effect of climate change on water resources is,
however, uncertain for a number of reasons. Climate model
projections, although rather consistent in terms of global average
changes, disagree on the magnitude, and in many cases even the
sign, of change at a regional scale, in particular when it comes to
precipitation patterns (12). In addition, the way in which precipitation changes translate into changes in hydrological variables such as surface or subsurface runoff and river discharge (i.e.,
runoff accumulated along the river network), and thus in renewable water resources, depends on many biophysical characteristics of the affected region (e.g., orography, vegetation, and
soil properties) and is the subject of hydrological models, which
represent a second level of uncertainty (11, 13).
In the framework of the Inter-Sectoral Impact Model Intercomparison Project [ISI-MIP; Warszawski et al. (14) in this
issue of PNAS] a set of nine global hydrological models, one
global land-surface model, and one dynamic global vegetation
model [here summarized as global hydrological models (GHMs);
Materials and Methods] has been applied using bias-corrected
forcing from ﬁve different global climate models (GCMs) under
the newly developed Representative Concentration Pathways
(RCPs). The purpose is to explore the associated uncertainties
and to synthesize the current state of knowledge about the
impact of climate change on renewable water resources at
the global scale. In this paper we investigate the multimodel
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Discharge Trends and Uncertainties. We ﬁrst consider the spatial
pattern of relative change in annual mean discharge at 2 °C
global warming compared with present day (the term “present
day” in this study refers to the 1980–2010 average, which is ∼0.7 °
C warmer globally than preindustrial), under RCP8.5 (Fig. 1).
The multimodel mean across all GHMs and GCMs (Fig. 1,
Upper) exhibits a number of robust large-scale features. In particular, discharge is projected to increase at high northern latitudes, in eastern Africa and on the Indian peninsula, and to
decrease in a number of regions including the Mediterranean
and large parts of North and South America. In these regions,

a relatively high level of agreement across the multimodel ensemble on the sign of change indicates high conﬁdence. Most of
these patterns are consistent with previous studies (8, 11, 17, 18),
but there are also some differences. For example, ensemble projections using the previous generation of GCMs and climate scenarios found a robust runoff increase in southeastern South
America (19, 20), where we ﬁnd no clear trend, or partly even
a drying trend. Whereas those latter studies used larger GCM
ensembles, we apply an unprecedented number of GHMs as well as
the new RCP climate forcing. At 3 °C of global mean warming, the
pattern of change is similar to that at 2 °C, although the changes are
enhanced in many regions, and new robust trends emerge in some
regions (most notably a strong negative trend in Mesoamerica; SI
Appendix, Fig. S1).
In other parts of the globe, however, the projections are subject to
a large spread across the ensemble. In many regions, forcing by
different GCMs yields discharge changes (averaged across GHMs)
that are large but of opposite sign (SI Appendix, Fig. S2 shows individual maps of precipitation and discharge changes). Accordingly,
the spread owing to differences between GCMs dominates the total
ensemble spread in these regions (Fig. 1, Lower). By contrast, GHM
spread is dominant in many regions that are subject to discharge
reductions (e.g., northern and southern Africa). In most other
regions showing a large total spread, GHMs and GCMs contribute
about equally. Note that the bias correction applied to the GCM
data (Materials and Methods) substantially reduces the spread
among the GCMs’ present-day climatologies, but not among their
future temperature and precipitation trends (21).

Fig. 1. Relative change in annual discharge at 2 °C compared with present
day, under RCP8.5. (Upper) Color hues show the multimodel mean change,
and saturation shows the agreement on the sign of change across all GHM–
GCM combinations (percentage of model runs agreeing on the sign; color
scheme following ref. 58). (Lower) Ratio of GCM variance to total variance;
in red (blue) areas, GHM (GCM) variance predominates. GHM variance was
computed across all GHMs for each GCM individually, and then averaged
over all GCMs; vice versa for GCM variance. Greenland has been masked.

Population Affected by Severe Changes in Water Resources. To put
these discharge changes into a societal perspective, we reconcile
them with the spatial distribution of population, using population projections from the newly developed Shared Socioeconomic Pathways (SSPs) (22). In the following, we will focus on
the middle-of-the-road population scenario according to SSP2,
which projects global population to increase up to a peak at
around 10 billion by the year 2090 and includes substantial
changes in relative population densities among countries; constant present-day population will be considered additionally as
a reference case.
We ﬁrst consider two criteria for a severe decrease in average
annual discharge, as an indicator of renewable water resources:
a reduction by more than 20% and a reduction by more than 1
SD (σ) of 1980–2010 annual discharge. Both criteria can be seen
as ﬁrst-order indicators of when available water resources consistently fall short of what a given population has adapted to and
thus serious adaptation challenges are likely to arise. In many
cases, a given discharge decrease may be detected using either
criterion. In regions where interannual variability is high but
baseline discharge is low, the ﬁrst criterion is particularly important because even discharge reductions smaller than 1σ can
aggravate water stress signiﬁcantly in these regions. Conversely,
in regions with low interannual variability, the second criterion
detects low-amplitude changes that may nonetheless require
substantial adaptation action as they transgress the range of past
variability [e.g., in central and western Africa; Piontek et al. (23)
in this issue of PNAS]. Based on grid-cell discharge averaged
over 31-y periods that correspond to a given level of global
warming, and on gridded population projections (Materials and
Methods and SI Appendix, Table S1), we compute the percentage
of global population living in countries with a discharge reduction according to either or both of the criteria (Fig. 2). With
global mean warming on the horizontal axis, the differences
between the different RCPs in this population-weighted metric,
as well as in globally averaged runoff, are small and in the range
of interdecadal variability (SI Appendix, Fig. S3), meaning that
these global, long-term indicators do not depend strongly on the
rate of global warming. We therefore concentrate on RCP8.5

ensemble projections and the associated spread for changes in
annual discharge—taken here as a ﬁrst-order measure of the
water resources available to humans. We then reconcile these
hydrological changes with global population patterns to estimate
how many people will be living in areas affected by a given
change in water resources. Finally, we apply a commonly used
measure of water scarcity to estimate the percentage of the
world’s population living in water-scarce countries and to
quantify the contributions of both climate change and population
change to the change in water scarcity. Results are presented as
a function of global mean warming above the present day to account for the relative independence of regional temperature,
precipitation, and runoff changes of the rate of warming (15, 16)
and to allow for systematic comparison of climate change impacts
across scenarios and sectors.
Results
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(the only RCP compatible with >3 °C warming by 2100) to span
a large range of temperature levels, while noting that on smaller
spatial and temporal scales larger dependencies on the warming
rate as well as on climate model internal variability might be
observed (24).
The multimodel median (MMM) suggests that even a relatively modest global warming of 1 °C above present day will lead
to a severe reduction in water resources, by at least one of the
two criteria, for about 8% of the global population. This ﬁgure
rises to about 14% for 2 °C and 17% for 3 °C. When only one
criterion is applied, the numbers are somewhat smaller (Fig. 2,
Lower): At 2 °C, about 13% (6%) of the global population is
projected to experience a discharge reduction >20% (>1σ).
When a stricter criterion of a discharge reduction >40% or >2σ
is used, about 5% of the global population is affected at 2 °C,
according to the MMM (SI Appendix, Fig. S4).
Importantly, however, the spread across the multimodel ensemble is large. For a few GHM–GCM combinations, the ﬁgure
for the 20% or 1σ criterion never exceeds 10%, whereas others
project that more than 30% of the global population will already
be affected at 2 °C. Note that in many of the regions that experience the strongest relative reduction in discharge, GHM
variance is larger than GCM variance (Fig. 1, Lower). Accordingly,
the spread across GHMs in Fig. 2 is comparable to or even larger
than the spread across GCMs. Moreover, the two models included
in the study that simulate vegetation distribution and dynamics
(green markers in Fig. 2) yield generally smaller reductions in
water resources than most stand-alone hydrological models, suggesting systematic differences between the two types of models
(25). Sensitivity experiments conﬁrm that the effect of additional
CO2 fertilization of vegetation on the hydrology is comparatively
small (26) (SI Appendix, Fig. S5). Dynamic vegetation changes
or details of the parameterizations of evapotranspiration may
Schewe et al.

Water Scarcity. The impact metric considered in the previous
section measures, at the grid-cell level, signiﬁcant departures
from present levels of resource availability, irrespective of what
those levels are. It is thus an indicator of adaptation challenges
that may arise, but not necessarily of resource scarcity in an
absolute sense. Moreover, because most water is used for irrigated agriculture, which does not necessarily take place in the
same location where people live, water scarcity can be assessed
more appropriately on a larger spatial scale than on the grid-cell
level. A widely used, simple indicator of water scarcity, the water
crowding index (28, 29), relates water resources to population at
the country scale. Deﬁned originally as the number of people
depending on a given resource unit, we use the inverse (i.e.,
annual mean water resources per capita). Considering only
supply-side changes, this indicator is suitable for assessing the
impact of climate change on physical water scarcity, whereas the
actual water stress experienced by people will also depend on
changes in per-capita water requirements and uses (30). We base
our water scarcity assessment on the “blue” water (BW) resource
(31), deﬁned here as runoff redistributed across the river basin
according to the distribution of discharge (Materials and Methods). Compared with using discharge itself, this avoids counting
a given water unit more than once, while retaining the spatial
distribution of discharge across the basin. The latter is important,
for example, in countries like Egypt, where most of the available
water resource is generated by runoff outside the country (in this
case, in the Nile River headwaters).
We consider the percentage of global population in either of
two water scarcity classes: annual BW availability below 500 m3
per capita (also termed absolute water scarcity) and below 1,000
m3 per capita (chronic water scarcity). The MMM suggests that
at present ∼1.5% and ∼3% of the global population fall into
these two scarcity classes, respectively (the ﬁrst class being
a subset of the second; Fig. 3 A and B). This is similar to previous
estimates at the country level (7) but much lower than estimates
done at the grid-cell level (4, 17) or river basin level (7) because
larger countries may not be classiﬁed as water-scarce even
though signiﬁcant parts of their population live in water-scarce
grid cells. Whereas the country level might in some cases be too
coarse for a realistic assessment of water scarcity and generally
PNAS Early Edition | 3 of 6
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Fig. 2. Adverse impact of climate change on renewable water resources at
different levels of global warming. Markers show the percentage of the
world population living in 0.5° × 0.5° grid cells where the 31-y average of
annual discharge falls short of the 1980–2010 average by more than 1σ (SD
of annual discharge during 1980–2010), or by more than 20%, under the
RCP8.5 climate scenario and SSP2 population scenario. The ﬁve GCMs are
displayed in separate vertical columns (in the order in which they are listed in
Materials and Methods; note that only four GCMs have sufﬁcient coverage
of the 3 °C warming level), and the 11 GHMs are displayed in unique colors.
The black boxes give the interquartile range, and the horizontal black lines
the median, across all GCMs and GHMs.

contribute to the divergence as well, but this requires a more
systematic investigation.
The metric discussed here (percentage of population experiencing a given discharge change) depends on the population
scenario only through the geographical distribution of population, not through the global totals. Holding the total and the
geographical distribution of population constant at the year-2000
level suggests slightly lower impacts, indicating that under SSP2
the population increase is, on average, somewhat stronger in
regions affected by discharge reductions than in other regions (SI
Appendix, Fig. S4). This, however, has only a relatively small
effect at the global scale.
As seen in the previous section, the projected changes in discharge are regionally very heterogeneous, with water resources
decreasing in many regions but increasing in others. Grouping the
world population into categories of percentage discharge change
(e.g., 10–30% increase/decrease, measured by the multimodel
mean; SI Appendix, Fig. S6), the number of people falling into
a given increase category is often very similar to the number of
people falling into the corresponding decrease category. Combined with up to ∼15% of the global population who are projected
to experience increases exceeding 100% of today’s discharge,
overall more people will be affected by discharge increases than
will be by decreases. Whereas such increases may enhance actual
water availability in many cases, they can also entail adverse
impacts such as increasing ﬂood risk, deteriorating water quality,
and malfunctioning of water-related infrastructure (27).

A

B
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underestimate the global ﬁgure, the grid-cell level likely overestimates it because water transfers between grid cells [and also
virtual water imports related to trade of water-intensive goods
(32)] are large in reality.
Our present-day estimate is already subject to a signiﬁcant
spread across the multimodel ensemble (ranging from 0 to 4% for
the <500 m3 class and 1–8% for the <1,000 m3 class), owing mainly
to differences in present-day discharge simulated by the different
GHMs (13). The present-day discharge estimates also depend to
a certain extent on the observation-based dataset that was used for
bias-correcting the climate input data (Materials and Methods).
Under the SSP2 population scenario (and again using 31-y averages associated with the different warming levels), the percentage
of people living in countries below 500 m3 per capita (1,000 m3 per
capita) is projected to rise to 6% (13%) at 1 °C, 9% (21%) at 2 °C,
and 12% (24%) at 3 °C of global warming, according to the MMM
(Fig. 3 A and B). The high rates of rise between present-day and 1 °C
could be partly related to the fact that the present-day estimate is
very low, and different spatial scales of analysis may lead to different
relative changes.
Population growth plays a major role in this increase in water
scarcity because it reduces per-capita availability even with unchanged resources. To separate the population signal from the
climate signal, we use each model combination’s average 1980–
2010 discharge pattern to compute the percentage of people that
would fall into a scarcity class if climate were to remain constant
and population changed according to SSP2 (SI Appendix, Fig. S7).
As found in previous studies (6, 31, 33), population change
explains the larger part of the overall change in water scarcity.
Subtracting the constant-climate scenario from the full scenario
and dividing by the constant-climate scenario indicates by how
much the level of water scarcity expected owing to population
change alone is ampliﬁed by climate change (Fig. 3 C and D).
According to the MMM, this ampliﬁcation is nearly 40% for the
<500 m3 class at 1 °C and 2 °C global warming. The factor is
somewhat lower (approximately 25%) at 3 °C, indicating that at
this level of warming the effect of additional climate change on
this global metric becomes smaller compared with the effect of
population changes. Note that this is partly related to the relative
timing of warming and population change: In an even fasterwarming scenario than RCP8.5, a warming from 2 °C to 3 °C
might still have a relatively larger impact because it would be
associated with generally lower population numbers. This observation illustrates how climate change and population change
combine to aggravate global water scarcity: A country can move
toward the water scarcity threshold both through population
growth and through declining water resources, and depending on
the relative rates of change, it may be one or the other factor that
eventually causes the threshold to be crossed.
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Fig. 3. Percentage of world population living in
countries with annual mean BW availability (Materials
and Methods) below 500 m3 per capita (Left) and
below 1,000 m3 per capita (Right). Symbols as in Fig. 2.
(A and B) RCP8.5 climate scenario, population change
according to SSP2. (C and D) Ampliﬁcation by climate
change of the level of water scarcity that is expected
from population change alone; computed as the difference between a constant-climate scenario (SI Appendix, Fig. S7) and the full scenario shown above,
divided by the constant-climate scenario, and expressed as percentage (so that the population-only
case equals 100%). For example, in C, the MMM
indicates that at 2 °C global warming, climate change
ampliﬁes the level of absolute water scarcity (number
of people below 500 m3 per capita) expected from
population change alone by about 36%.

Along similar lines, for the ≤1,000 m3 class, the MMM ampliﬁcation due to climate change is nearly 30% at 1 °C, drops to
about 20% at 2 °C, and is close to zero at 3 °C. A number of
model combinations yield negative values in Fig. 3 C and D; in
these cases, climate change is projected to alleviate the global
increase in water-scarce population that is expected owing to
population change. The GHMs projecting a positive effect of
climate change on chronic water scarcity (i.e., yielding negative
values in Fig. 3D) are primarily models that show a large number
of people in this scarcity class in the ﬁrst place (yellow and red
markers in Fig. 3B). This suggests that in these models many
countries in regions that get drier are already in this class at
present, such that the potential for additional countries to move
into the class is smaller compared with the potential for countries
to move out of the class in regions that get wetter.
Discussion
Our multimodel assessment adds to extensive previous work, in
particular in the framework of the European Union Integrated
Project Water and Global Change (EU-WATCH) and Water
Model Intercomparison Project (WaterMIP) (13), which demonstrated that hydrological models are a signiﬁcant source of
uncertainty in projections of runoff and evapotranspiration (11).
The present study, using a larger ensemble ensemble of GHMs
and GCMs and the state-of-the-art RCP climate forcing available from Coupled Model Intercomparison Project Phase 5
(CMIP-5), explores the range of uncertainty not only in hydrological change but also in its effect on people. Results are mapped
against global mean temperature increase to allow direct comparison of the impacts at different levels of global warming.
It is important to note that our globally aggregated water
scarcity estimates can obscure potentially much more severe
changes at the scale of individual countries or locations. For
example, if a number of countries were to move into a given
water scarcity class, but at the same time other countries with
a similar share of global population were to move out of this
class, the resulting change on the global scale would be close to
zero. Likewise, if the ampliﬁcation of the global water scarcity
signal by climate change becomes small at higher levels of
warming, as seen in Fig. 3 C and D, this could mean that climate
change continues to force additional countries into the scarcity
class, but at the same time other countries move out of the class
(e.g., because of more pronounced regional precipitation increases
at this temperature level). The results in Fig. 3 must thus be
interpreted with care, and the numbers in Fig. 3 C and D in
particular are more likely to represent a lower bound to the climate change contribution in regions that are affected by a discharge decrease. Moreover, changes within a given water scarcity
class are not detected here but can be very important. Countries
Schewe et al.

Conclusions
We have synthesized results from 11 GHMs with forcing from
ﬁve GCMs to provide an overview of the state of the art of
modeling the impact of climate change on global water resources. In all metrics considered, we ﬁnd a considerable spread
across the simulation ensemble. GHMs and GCMs contribute to
similar extents to the spread in relative discharge changes globally. When changes in water scarcity are considered, GHM
spread is in fact larger than GCM spread. This ﬁnding suggests
that, although climate model uncertainty remains an important
concern, further impact model development promises major
improvements in water scarcity projections.
The multimodel mean projected changes in annual discharge
are spatially heterogenous. As the planet gets warmer, a rising
share of the world population will be affected by severe reductions in water resources, measured as deviation from present-day
discharge in terms of either SD or percentage. However, a similar fraction of the population will experience increases in average
discharge, which could potentially improve water availability, but
also entail adverse effects.
Our estimate of water scarcity at the country scale indicates
that climate change may substantially aggravate the water scarcity problem. Depending on the rates of both population change
and global warming, the level of water scarcity expected owing to
population change alone is ampliﬁed by up to 40% owing to
climate change, according to the multimodel mean; some models
suggest an ampliﬁcation by more than 100%. This adds up to
between 5% and 20% of global population likely exposed to
absolute water scarcity at 2 °C of global warming. For chronic
water scarcity, most adverse climate change impacts already
occur between present day and 2 °C, whereas beyond this temperature positive and negative additional impacts of climate
change are of a similar magnitude (although they affect different
groups of people and therefore cannot be offset against each
other). However, absolute water scarcity continues to be substantially ampliﬁed by climate change on the global scale even
beyond 2 °C. We conclude that the combination of unmitigated
Schewe et al.
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climate change and further population growth will expose a signiﬁcant fraction of the world population to chronic or absolute
water scarcity. This dwindling per-capita water availability is
likely to pose major challenges for societies to adapt their water
use and management.
Materials and Methods
Models and Data. The GHMs used in this study are the DBH (43), H08 (44),
Mac-PDM.09 (45), MATSIRO (46), MPI-HM (47), PCR-GLOBWB (36), VIC (48),
WaterGAP (49), and WBMplus (50) hydrological models, the JULES (51) landsurface model, and the LPJmL (52) dynamic global vegetation model; the
latter two also represent vegetation dynamics in addition to hydrological
processes. SI Appendix, Table S2 gives further model details. Forcing data
were derived from climate projections with the HadGEM2-ES, IPSL-CM5A-LR,
MIROC-ESM-CHEM, GFDL-ESM2M, and NorESM1-M GCMs under the RCPs
(53), which were prepared for the CMIP-5 (54). All required climate variables
have been bias-corrected (55) toward an observation-based dataset (56)
using a newly developed method (21) that builds on earlier approaches (57)
but was speciﬁcally designed to preserve the long-term trends in temperature and precipitation projections to facilitate climate change studies. GHMs
were run without direct coupling to GCMs, so that potential feedbacks (e.g.,
from GHM-simulated evapotranspiration on precipitation) were not represented. Further details about the GHM simulations can be found in the ISI-MIP
simulation protocol available at http://www.isi-mip.org/. Country-level United
Nations World Population Prospects (historical) and SSP (projections) population data at a 5-y time step were obtained from the SSP Database at https://
secure.iiasa.ac.at/web-apps/ene/SspDb and linearly interpolated to obtain annual values. A gridded population dataset was also used in which the National
Aeronautics and Space Administration GPWv3 y-2010 gridded population
dataset (http://sedac.ciesin.columbia.edu/data/collection/gpw-v3) was scaled
up to match the SSP country totals (neglecting changes in population distribution within countries).
Temperature Axis. Global mean temperature is calculated from the GCM data
(including ocean cells) and presented as the difference from the 1980–2010
average. For each GCM and RCP, 31-y periods are selected whose average
temperature corresponds to the different levels of global warming (SI Appendix, Table S1; note that GFDL-ESM2M does not reach the 3 °C warming
level). Population affected by discharge changes (Fig. 2) was calculated using
the population distribution corresponding to the middle year of each individual 31-y period (except for the baseline period 1980–2010, which was
assumed to correspond to year-2000 population). Water scarcity (Fig. 3) was
calculated annually, using annual population values, and then averaged
over the 31-y periods; results for the 0 °C baseline were obtained from the
“constant-climate” run, that is, using 1980–2010 average BW resources and
annual population values (discussed in the following section).
Water Scarcity. For assessing country-scale water scarcity, we calculate the
annual mean BW resource availability following ref. 31: The sum of annual
mean runoff R in each river basin b is redistributed across the basin
according to the relative distribution of discharge Q, yielding the BW resource in each grid cell i:
BWi = Rb Qi

.X

Qi ,

where Σ is the sum over all grid cells in basin b. BW is then summed up over
all grid cells within a country and divided by the country’s population to
yield the water crowding index. Finally, for each year, the total number of
people living in countries that are below a given threshold of this index (500
m3 or 1,000 m3 per capita) is calculated and divided by global population to
yield the corresponding percentage of world population. Results are again
averaged over the 31-y periods that correspond to the different levels of
global warming shown in Fig. 3 A and B. For the climate change contribution
shown in Fig. 3 C and D, the subtraction of, and division by, the results from
the constant-climate run is done year by year, and the resulting percentage
is averaged over the 31-y periods.
Ensemble Statistics. Statistics across the multimodel ensemble were computed
after the calculation of the respective metric. For instance, in Fig. 1 the relative
change in discharge was calculated for each model combination individually
before computing the multimodel mean, agreement, and variances.
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that are already extremely water-scarce will be all the more vulnerable to even small decreases in resource availability.
Although the water crowding index is an appropriate measure
for supply-side effects on global water scarcity, it is not a measure of the actual problems that countries and people face in
satisfying their water needs because it does not take the demand
side into account. Future water stress (as measured, for instance,
by the ratio of water use to availability) will depend on changes
in demand, for example, related to economic growth, lifestyle
changes, or technological developments, as well as on water
management practices and infrastructure. Alternative sources of
water for agriculture, such as “green” water contained in the soil
(31, 33, 34), and nonrenewable water resources (35, 36), also
affect actual BW requirements.
We have only considered long-term averages, neglecting potential changes in the interannual and seasonal availability of
water resources and their variability (10, 37). Changes in seasonality can have severe impacts even if the annual average is
stable e.g., if irrigation water availability in the growing season
changes, or if ﬂood hazard is affected by changes in snow-melt
runoff [Dankers et al. (38) in this issue of PNAS]. Again, infrastructure such as dams and reservoirs can substantially alter
the timing of water resource availability (39). Moreover, hydrological changes can have consequences going far beyond the
availability of water resources for human uses, for instance, by
altering the occurrence of damaging extreme events like ﬂoods
and droughts [Prudhomme et al. (40) in this issue of PNAS],
affecting aquatic and terrestrial ecosystems (41), and potentially
interacting with, and amplifying, climate change impacts in other
sectors (42).
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