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Rising atmospheric CO2 will make Earth warmer, and many studies
have inferred that this warming will cause droughts to become more
widespread and severe. However, rising atmospheric CO2 also mod-
ifies stomatal conductance and plant water use, processes that are
often are overlooked in impact analysis. We find that plant physio-
logical responses to CO2 reduce predictions of future drought stress,
and that this reduction is captured by using plant-centric rather than
atmosphere-centric metrics from Earth system models (ESMs). The
atmosphere-centric Palmer Drought Severity Index predicts future
increases in drought stress for more than 70% of global land area.
This area drops to 37% with the use of precipitation minus evapo-
transpiration (P-E), a measure that represents the water flux available
to downstream ecosystems and humans. The two metrics yield con-
sistent estimates of increasing stress in regions where precipitation
decreases are more robust (southern North America, northeastern
South America, and southern Europe). The metrics produce diverg-
ing estimates elsewhere, with P-E predicting decreasing stress
across temperate Asia and central Africa. The differing sensitivity
of drought metrics to radiative and physiological aspects of in-
creasing CO2 partly explains the divergent estimates of future
drought reported in recent studies. Further, use of ESM output
in offline models may double-count plant feedbacks on relative
humidity and other surface variables, leading to overestimates of
future stress. The use of drought metrics that account for the re-
sponse of plant transpiration to changing CO2, including direct use
of P-E and soil moisture from ESMs, is needed to reduce uncertainties
in future assessment.
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The demand for water by the atmosphere is widely predicted
to increase due to climate change (1). It is commonly infer-

red that this will cause droughts to become more widespread and
severe (2). Many recent studies, however, ignore the impact of
rising atmospheric CO2 on plant water use (3–11). Plants absorb
CO2 through stomates in their leaves, and simultaneously lose
water to the atmosphere by means of transpiration through the
same pathway. Higher atmospheric CO2 concentrations allow
plants to reduce water losses per unit of carbon gain (12), in part
by reducing stomatal conductance when the gradient of CO2
between the atmosphere and the leaf interior increases. If leaf
area stays the same, this physiological response has the potential
to reduce water losses from the land surface, increase soil
moisture, and reduce plant water stress (13)—the opposite effect
of an increase in drought stress and aridity as predicted by many
drought metrics (3, 14, 15). A plant-centric view may therefore
suggest that ecosystem-level tradeoffs between water loss and
photosynthesis under increasing CO2 are potentially large enough
to reduce drought, despite the large projected increases in water
demand from a warmer atmosphere.
Drought indices, river routing schemes, and water balance

models frequently use potential evapotranspiration (PET), rather
than actual evapotranspiration, to estimate surface fluxes of water

to the atmosphere (Tables S1 and S2). However, even the
physically based estimates of this quantity (i.e., the Penman−
Monteith equation) do not account for changes in transpiration
caused by the physiological response of plants to increasing CO2,
thereby making the implicit assumption that surface conductance
is invariant with changing CO2. Although the climate implica-
tions of the physiological effects of CO2 on plants have been
recognized in the literature (16–18), the effects have not been
well integrated into studies examining impacts and risks of cli-
mate change, including flood risk, water resource stress, pre-
dictions of future species distributions, agricultural productivity,
and ecosystem processes. Further, the science community uses
many different drought metrics (Table S1), and the relative
sensitivity of these metrics to plant physiological responses has
not been systematically quantified. Our current best estimate of
the effects of plant physiology on water fluxes are already in-
tegrated within the Earth system models (ESMs) used in the
Coupled Model Intercomparison Project, phase 5 (CMIP5),
whereby changing atmospheric CO2 influences transpiration and
thus soil moisture. Predictions of available water on land within
an ESM are thus disconnected from predictions of drought stress
derived from the same model’s output using metrics that assume
plant and canopy conductance of water remain invariant.
To quantify the effect of increasing CO2 concentrations on the

prediction of drought, we compare idealized experiments for
seven ESMs from the CMIP5 archive originally intended to con-
strain carbon−climate feedbacks, each with a 1% per year increase
(from 284 ppm to 1,140 ppm over 140 y) in CO2 mole fractions, but
with the increasing CO2 influencing different components of the
Earth system. We use three experiments to separate the physio-
logical and atmospheric radiative forcing contributions to different
hydrologically relevant quantities. One of the three experiments
isolates the effect of CO2 on atmospheric radiative forcing (CO2rad),
so that increases in CO2 solely influence atmospheric radiative
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We show that the water savings that plants experience under
high CO2 conditions compensate for much of the effect of warmer
temperatures, keeping the amount of water on land, on average,
higher than we would predict with common drought metrics, and
with a different spatial pattern. The implications of plants needing
less water under high CO2 reaches beyond drought prediction to
the assessment of climate change impacts on agriculture, water
resources, wildfire risk, and vegetation dynamics.
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transfer within the ESM. The second experiment isolates the effect
of CO2 on plant physiology (CO2phys), so that CO2 directly in-
fluences only photosynthetic processes. A third fully coupled ex-
periment combines both effects (FULL) (Materials and Methods).
We define plant-centric variables or metrics as those that explicitly
include the influence of atmospheric CO2 on plant processes and
evapotranspiration. Variables within this class include precipitation
minus evapotranspiration (P-E), runoff, and soil moisture. Simi-
larly, we define atmosphere-centric variables and metrics as those
that do not allow for surface conductance to change in response to
increasing CO2. Variables within this class include PET and the
Palmer Drought Severity Index (PDSI). As commonly formulated,
PET is calculated with time-invariant surface conductance (19).
Although it is theoretically possible to formulate PET with a sen-
sitivity of conductance to atmospheric CO2, in practice, this is
rarely done because it requires estimating the influence of CO2 on
stomatal conductance, leaf area, and other ecosystem processes. In
past work, PDSI has been used as a measure of soil water avail-
ability (i.e., refs. 3, 4, and 20) and thus representative of hydrologic
drought. We classify it here as atmosphere-centric because PDSI is
derived using PET and therefore does not allow for plants to
modify surface conductance, yielding a sensitivity to future change
driven solely by changing meteorological conditions.

Results and Discussion
All of the models predict increases in PET in the fully coupled
simulation both at the global scale (Figs. 1 and 2) and widely
across climate space (Fig. 3), with 80% of the change at mid-
latitudes and lower latitudes attributable to the radiative effects
of CO2 (Fig. 1A). The fully coupled response is anticipated from
previous work, which shows that increases in PET under future

climate change are mainly caused by increases in temperature
and vapor pressure deficit (15). Similarly, PDSI, which accounts
for both PET and precipitation, decreases in all of the fully
coupled simulations in the global average (Fig. 1E)—suggesting
greater drought stress. Plant physiological responses to CO2
enhance the contributions from CO2 radiative forcing by a small
amount for PET and by a moderate amount for PDSI, as a
consequence of stomatal responses generating a small level of
additional warming and contributing substantially to reductions
in surface relative humidity (Table S3 and Fig. S1). Drought
stress increases for 76% of midlatitude and low-latitude land
area when assessed using PDSI.
Using metrics that integrate plant physiological responses to

changing CO2, we find that the pattern of future drought stress is
considerably different. All of the fully coupled experiments show
an increase in P-E when averaged across midlatitude and low-
latitude regions, with the exception of one model that shows little
change (Fig. 1B). The increases in P-E indicate a reduction in
future drought stress, contrasting with the drought response
inferred from PDSI. In the fully coupled simulation, 84% of the
change in P-E at midlatitudes and lower latitudes is attributable
to physiological responses to increasing CO2 (Fig. 1A). We find
increases or little change in P-E across most of climate space
(Fig. 3I). In contrast with PDSI, only 43% of midlatitude and
lower-latitude land surface (and 37% globally) has increasing
drought stress when assessed using P-E. Continental-scale
changes in P-E suggest that drought stress may decrease in many
parts of Asia, central and south Africa, Australia, and South
America (Fig. 4). This directly contrasts with the predicted re-
sponse inferred from PDSI and many drought assessments for
these regions (e.g., refs. 3 and 4). The two approaches provide

Fig. 1. Midlatitude and low-latitude changes in atmosphere-centric (reds) and plant-centric (blues) metrics and variables, and the attribution of variables to the
physiological or radiative effects of CO2. (A) Fraction of the response in the FULL experiment attributable to the CO2rad (white) and CO2phys experiments (gray). The
difference in the annualmean for latitudes between 45°S and 45°N over a quadrupling of CO2 is shown for each of three experiments for seven climate models from
the CMIP5 archive and the multimodel mean for (B) P-E over land (millimeters per day) where larger values indicate more water availability on land, (C) PET
(millimeters per day) where larger values indicate more water loss from the land, (D) P over land (millimeters per day), (E) PDSI where larger negative values indicate
more severe drought, and (F) E (millimeters per day) where positive values indicate a larger flux from the land to the atmosphere.
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consistent estimates of increasing drought stress in other regions,
including southern North America, northeastern South America,
and southern Europe (Fig. S2). Higher levels of agreement
between the two approaches occur in regions where projected
changes in precipitation tend to be more robust (2).
The moderate increase in water available on land, inferred

from changes in P-E, is due to both an overall increase in P (Fig.
1D and Figs. S2 and S3) and relatively small changes in E (Figs.
1F and 2 and Figs. S2 and S3). Precipitation increases in runs
with radiatively coupled CO2 (Fig. 1D), as more energy and at-
mospheric water vapor are available to drive rainfall in a warmer
climate (21). Evapotranspiration, by contrast, remains nearly
unchanged from the initial values in the multimodel mean, as a
consequence of the individual plant physiology and CO2 radia-
tive forcing drivers inducing large and opposing changes (Fig. 2
and Figs. S2 and S3). Because P and E simultaneously increase in
CO2rad, P-E shows little relative change (Fig. 1B). In contrast, E
decreases whereas P shows little change in CO2phys, and thus
most of the attribution of P-E change in the fully coupled sim-
ulation is to the influence of plant physiology (84%; Fig. 1A and
Table S3). Modeled changes in soil moisture and runoff are
consistent with changes in P-E, albeit with larger intermodel
variability owing to significant uncertainty associated with global-
scale model representations of these processes (Fig. S4).
Considering only atmosphere-centric drought and aridity

metrics (such as PDSI), an approach taken in several recent
papers (3, 5–11, 14), the prediction of drought stress in the future
is dire. However, studies that use plant-centric metrics (P-E,
soil moisture) tend to show a reduced impact (17, 22–25). Our
analysis provides a conceptual framework and quantitative ap-
proach for reconciling many of these differences; divergence of
these two approaches arises primarily from omission or consid-
eration of the physiological effects of CO2 on plant water needs.
Differences in impacts derived from the two types of metrics can
be traced to diverging trajectories of PET and E within the
models (Fig. 2); PET increases with CO2, whereas E remains
relatively constant because of decreasing levels of canopy con-
ductance. Further, our analysis indicates there is a potential for
overestimating drought impacts using metrics derived from ESM
model output; PET and PDSI changes are amplified by 19 and

36%, respectively, in the fully coupled simulation because of
plant physiology responses to CO2 (Table S3). Use of these
metrics, in turn, in offline analysis to assess crop and physio-
logical drought would double count plant feedbacks on surface
humidity, temperature, and net radiation, yielding estimates of
future stress that are too high (Table S3 and Fig. S1).
The functional form of stomatal conductance–photosynthesis

coupling algorithms integrated within ESMs (26) is generally sup-
ported by available observational data (27, 28); nonetheless, the
relatively low diversity of representation of this process may con-
tribute to the consistent spatial pattern in E observed across the
models. The expected transpiration response of plants to increases
in CO2 remains uncertain, as limited experimental observations of
future conditions make it difficult to validate ecosystem-scale be-
havior of ESMs; however, existing observations tend to show de-
creases in transpiration and increases in water use efficiency (WUE)
with increasing CO2. The simulations presented here compare
moderately well with available field observations (28) (SI Materials
and Methods and Fig. S5). For six of the seven CO2 physiology
simulations evaluated here, widespread leaf area increases were not
enough to offset the influence of decreasing stomatal conductance
on E. As a consequence, for this set of models, CO2-driven growth
effects were more than offset by CO2-driven decreases in transpi-
ration in terms of impacts on the terrestrial water budget. In this
context, an important future challenge is to increase the diversity
and fidelity of coupling, carbon allocation, and dynamic vegetation
algorithms within ESMs, and to develop more effective bench-
marking approaches for evaluating these processes. Another im-
portant uncertainty is whether individual plant species can tolerate
higher levels of atmospheric demand, particularly during seasonal
periods of increasingly hot and dry weather (29). For example,
intensification of evaporative demand during summers and greater
interannual variability in moisture availability may accelerate forest
mortality in the western United States (30).
A variety of assumptions are embedded in the choice of met-

rics used to evaluate the impact of climate change on water re-
sources and land surface processes (Tables S1 and S2). In assessing
agricultural drought, for example, it may be appropriate to consider
total terrestrial water storage, as human appropriation of water
from multiple sources (e.g., from mountain runoff, lakes, aquifers,

Fig. 2. Time series of (A) PET (red lines) and E (blue lines) in millimeters per day for the midlatitude and low-latitude average from each of seven models
using the FULL simulation, demonstrating that E remains relatively constant as CO2 increases despite large increases in PET. (B) The ratio between E and PET,
averaged over midlatitudes and low latitudes, for each of seven models (identified by color), demonstrating a similar divergence across models between E and
PET as CO2 increases. Note that the GFDL-ESM2M simulation only increases to a doubling of CO2 (568 ppm by volume), then holds the atmospheric CO2

concentration fixed; this explains the relatively small changes in E/PET shown during the latter half of the GFDL-ESM2M simulation.

Swann et al. PNAS | September 6, 2016 | vol. 113 | no. 36 | 10021

EA
RT

H
,A

TM
O
SP

H
ER

IC
,

A
N
D
PL

A
N
ET

A
RY

SC
IE
N
CE

S

http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=SF2
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=SF2
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=SF3
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=SF2
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=SF3
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=SF2
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=SF3
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=ST3
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=SF4
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=ST3
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=ST3
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=SF1
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=SF5
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=ST1
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1604581113/-/DCSupplemental/pnas.201604581SI.pdf?targetid=nameddest=ST2


and reservoirs) is likely to factor into regional adaptive responses
to climate change. Drought-induced tree mortality may be best
predicted by soil moisture anomalies, as predawn leaf water
potential—which roughly equilibrates with soil water potential
overnight—has been shown to be a predictive metric in the
southwestern United States (30). In contrast, the appropriate
metrics for evaluating fire need to capture the different processes
regulating fuel moisture dynamics. Live fuel moisture is sensitive to
plant water status and thus root-zone soil moisture, whereas coarse
woody debris and surface duff layers may be more sensitive to
changes in surface meteorology. Fire weather indices used in cli-
mate change studies often rely on atmosphere-centric metrics and
variables, and this choice may not adequately capture the response
of live fuels or deeper organic duff layers. Further, this study il-
lustrates that relative humidity, a variable known to influence many
aspects of fire behavior (31), responds to the influence of atmo-
spheric CO2 on plant processes by an amount equal to or greater
than the radiative effects of CO2 (Fig. S1 and Table S3). Consid-
ering these complexities, we recommend that metrics used to
evaluate changes in the hydrological cycle draw upon plant-centric
variables from ESMs that already explicitly consider the influence
of plants on evapotranspiration, including P-E, soil moisture, run-
off, and terrestrial water storage. Advances in measuring
soil moisture and total water storage from satellites make these

appealing choices for drought assessment (32, 33). By avoiding the
use of derived estimates that rely on additional assumptions, it may
be possible to reduce uncertainties in impact assessment.
Although the physiological response of plants to increases in

CO2 could be less certain than ESMs suggest, our analysis provides
evidence that the current assumption made in many drought pre-
diction studies—that plant water needs will not respond to CO2—

can lead to significant global-scale biases in predicting components
of the hydrologic cycle and is not well supported by emerging evi-
dence of increasing plant WUE and decreasing transpiration (34–
36). The response of plant water needs to CO2 is already integrated
within ESMs, and thus is already included in analysis of the physical
climate reported in the Intergovernmental Panel on Climate
Change Fifth Assessment (37). However, inconsistencies arise when
an incomplete set of atmospheric and land surface variables from
these ESMs is used to construct derived estimates of changing
drought stress. Drought metrics such as PDSI have been important
tools for assessing the spatial and temporal variability of contem-
porary drought. As the buildup of atmospheric CO2 continues to
accelerate, however, more sophisticated measures that fully in-
tegrate plant and ecosystem responses to the direct effects of
changing atmospheric composition are needed to enable policy
makers to design effective solutions for managing climate
change impacts.

Fig. 3. The change in the multimodel mean of (A, D, and G) PET in millimeters per day, (B, E, and H) PDSI, and (C, F, and I) P-E in millimeters per day for each
experiment plotted as the average of all spatial grid points falling at a certain annual average temperature and annual average precipitation. Results are
shown for three experiments: (A−C) CO2rad, (D−F) CO2phys, and (G−I) FULL. Green colors indicate more water on land, and brown colors indicate less water
on land. Blue lines outline biome ranges as reported in ref. 48, shown in Inset in C identified as: a, tropical wet forest; b, tropical dry forest; c, savanna;
d, desert; e, temperate wet forest; f, temperate forest; g, woodland or grassland; h, boreal forest; and i, tundra (see also Fig. S6).
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Materials and Methods
We use the output from seven ESMs (38–44) from the CMIP5 archive (see
Table S4) to (i) quantify the different continental patterns of drought
derived from atmospheric centric and plant-centric metrics and (ii ) sepa-
rate the radiative and physiological impacts of increasing CO2 on different
variables and metrics that are widely used in assessments of climate im-
pacts on future drought. These models have full carbon cycles, which in-
clude leaf area on land that varies in response to climate and atmospheric
CO2 mole fraction. Two single forcing runs and one fully coupled run were
analyzed, each with an idealized 1% per year increase in CO2 emissions
up to a quadrupling of preindustrial atmospheric CO2 mole fractions, with
the exception of the GFDL-ESM2M model (see Table S4 for model in-
formation), which increased to a doubling of CO2 and was held fixed for
the remainder of the run (45). In CO2phys runs (CMIP5 experiment name:
esmFixClim1), plant physiology experiences the increase in atmospheric CO2,
whereas the radiation code experiences fixed CO2. In CO2rad runs (CMIP5
experiment name: esmFdbk1), the radiation code experiences increasing CO2

whereas plant physiology does not. The third run analyzed, the FULL run
(CMIP5 experiment name: 1pctCO2), is a combination of the two single forcing
runs, where the carbon system is fully coupled, incorporating both effects.
Change in a field due to increasing CO2 is calculated as the difference between
the average of the last 20 y with the first 20 y of the simulation. Spatial av-
erages (Fig. 1, Fig. S4, and Table S3) are reported for latitudes between 45°S
and 45°N unless otherwise noted. The multimodel mean spatial maps (Fig. 4
and Figs. S1 and S2) were made by first regridding each model’s fields to a
common 1° × 1° grid, then averaging the different models together.

Sevenmodels were included in this analysis (Table S4). The number ofmodels
was limited to those including all variables necessary for the analysis that in-
clude near-surface air temperature, near-surface relative humidity, sensible
heat flux at the surface, latent heat flux at the surface, precipitation, gross
primary production (GPP), and soil moisture. We additionally used the variables
for surface winds and runoff where available. A few variables were corrected
due to errors in the originally reported data: Relative humidity in the CanESM2
FULL run was adjusted by a factor of 100 and runoff in all runs from IPSL-
CM5A-LR were adjusted by a factor of 48 to correct errors noted in the CMIP5
errata (cmip-pcmdi.llnl.gov/cmip5/errata/cmip5errata.html) and bring them in-
to agreement with Earth System Grid Federation standard reporting units.

PET was calculated using the Penman−Monteith approach, as the PDSI has
been shown to depend on the choice of formulation of PET (46, 47), and, as in
ref. 15, using monthly mean surface values of temperature, latent heat flux,

sensible heat flux, relative humidity, and winds. Where wind output was avail-
able from themodel, it was used; otherwise, winds were held fixed at 1 m/s, as in
ref. 3, which found that changes in winds were a minor contributor to future
changes in PET. Models where winds were held constant are HadGEM2-ES and
NorESM1-ME. PET is calculated using time- and space-invariant surface conduc-
tance, as is typical for global studies (e.g., refs. 3, 14, 15, and 19). The PDSI was
calculated as in ref. 20 using a MATLAB script from B. Cook but substituting PET
that we calculated using a Penman−Monteith algorithm. Values of PDSI larger
than 20 or smaller than −20 were discarded as in ref. 3. The baseline period for
PDSI was set to the first 20 y of the FULL model run for all experiments in a
given model (including CO2rad and CO2phys).

The temperature (T) vs. precipitation plots (Fig. 3 and Fig. S3) were made
by finding all of the grid cells with annual mean values that fall within each
bin defined by bounds in temperature and precipitation and taking an area-
weighted average. The multimodel mean of plots in this space was taken by
averaging the T vs. P bins together for all models. T vs. P bins are shown only
for values of T and P for which at least six models had a value.

The individual effects of radiation and physiology in the FULL experiment
are linearly attributed to each of the single forcing components (Fig. 1A and
Table S3) by calculating the fraction of the FULL run explained by each of
the single forcing runs (CO2phys/FULL, CO2rad/FULL) and then normalizing
by the sum of the total fraction explained by both (CO2phys/FULL + CO2rad/
FULL). This is equivalent to calculating CO2phys/(CO2phys + CO2rad) as the
attribution fraction of CO2phys and CO2rad/(CO2phys + CO2rad) as the attri-
bution fraction of CO2rad. The attribution fraction can be larger than 1 if the
two single forcing runs have changes of opposite sign. Values of the attribu-
tion fraction are plotted for some variables in Fig. 1A, and are shown in
Table S3.
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Fig. 4. Maps of the multimodel mean difference over a quadrupling of CO2 for (A, C, and E) PDSI and (B, D, and F) P-E normalized by the SD of the
multimodel mean at each point. Green colors indicate more water on land, and brown colors indicate less water on land. A and B represent an experiment
with only CO2rad, C and D represent an experiment with only CO2phys, and E and F represent the FULL model.
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