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Abstract This study connects the dots between global extent of severe water scarcity (SWS) events and
spikes in food price. The authors start with three staple crops (rice, wheat, and maize) using a empirical but crop
specific characterization of severe water scarcity occurrence, which is defined based on the area of land
cultivated with each studied crop that on a given year is under SWS conditions. Water scarcity is estimated
based on 1, 3, and 12 months standardized precipitation evapotranspiration index during crop specific sensitive
periods (SPs). SPs coincide with the 4 months prior to harvest. A SWS-wheat price relationship model was
developed for period 20012021 and tested for 1986-2000 and 2022-2024 with future projections calculated
under climate change using climate model simulations from CMIP5 and CMIP6 up to 2100. The results show a
marked increase in wheat prices driven by increasing SWS area, which is in turn a function of greenhouse gas
emissions. The results indicate that the meanglobal mean temperature increase by 3°C (compared to
1951-1980) could lead to the tripling of the mean global wheat price compared to 2010 (after deflating).

Plain Language Summary Water scarcity is a growing threat to global food production, particularly
for crops that depend on rainfall rather than irrigation. When soils do not receive enough moisture during key
growing periods, harvests can fail, and food prices can rise. In this study, we introduce a new way to track
severe water scarcity (SWS) by measuring the area of cropland affected during sensitive stages of crop growth.
We apply this method to major staple crops and examine how changes in SWS are associated with global food
prices. We find a clear link between the area affected by severe water scarcity and global wheat prices. Years
with larger affected areas tend to coincide with higher prices. Looking ahead, climate model projections
suggest that water scarcity will expand under continued warming. Our results indicate that a temperature
increase of about 3°C could triple average global wheat prices relative to 2010. These findings highlight the
risks climate change poses to global food security and the consequences of more frequent water shortages in
agriculture.

1. Introduction

Wheat, maize, and rice account for 42% of the global societal dietary energy supply and 37% of the global protein
supply (Figure la) (FAO, 2022). Wheat is the main source of protein for humans (19%), and rice and wheat
combined constitute the dominant sources of calories (37% each) (FAO, 2022). Thus, the prominence of cereals in
the global food system is not in dispute; the sheer scale of cereal production and land use underscores this point
(Figure 1). Wheat, rice and maize account for 51% of the global blue water footprint (i.e., fresh surface and
groundwater use) (Mekonnen & Hoekstra, 2011), and in addition wheat has the largest rainfed area of the three

TRNKA ET AL.

1 of 17


https://orcid.org/0000-0003-4727-8379
https://orcid.org/0000-0001-6070-7268
https://orcid.org/0000-0001-5551-5085
https://orcid.org/0000-0001-7608-9097
https://orcid.org/0000-0003-2720-2238
https://orcid.org/0000-0001-9768-3693
mailto:trnka.m@czechglobe.cz
https://doi.org/10.1029/2025EF006095
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2025EF006095&domain=pdf&date_stamp=2026-08-21

~1
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Earth's Future 10.1029/2025EF006095

Visualization: Jan Meitner, Jan Balek,
Juliana Arbelaez Gaviria,

Daniela Semeradovd, Jachym Brzezina
‘Writing — original draft: Miroslav Trnka,
Jan Meitner, Juliana Arbelaez Gaviria,
Markéta Podébradska, Ulf Biintgen,

Max Torbenson, Gabriel Katul

Writing — review & editing:

Miroslav Trnka, Jan Meitner, Jan Balek,
Song Feng, Juliana Arbelaez Gaviria,
Milan Fischer, Esther Boere, Petr Havlik,
Kurt-Christian Kersebaum, Claas Nendel,
Margarita Ruiz-Ramos,

Daniela Semeradova, Mikhail

A. Semenov, Markéta Podébradska,

Jan Esper, Ulf Biintgen, Max Torbenson,
Jachym Brzezina, Zden¢k Zalud,

Gabriel Katul, Jgrgen E. Olesen

Harvested Area in Hectares

| |
200 400 600 900

-50° <~ 10 main exporters - WHEAT
\
0 200 400 600 900 1200 1500 2000 2500 0 6000km
Percentage Share 16% 19% 15%
® Rice Arable Caloric Trade 0%

® Maize 58% Land 58% Supply
Wheat

Figure 1. Main areas of rice/maize/wheat production with the borders of the 10 top exporting countries highlighted. The
donut charts indicate the shares of the three major crops in the global arable land area, calorie supply and agricultural
commodity trade.

major cereals (Portmann et al., 2010). Any change in water availability (or lack thereof) will therefore likely
impact these crops' production, availability, and price.

Approximately 14% of global cereal production is traded internationally, with 90% of these exports generated by
the top 10 producing countries. While wheat, maize, and rice production has steadily increased over the past
60 years, the prices of these cereals showed a marginal overall increase between 1960 and 2000, followed by
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significant increases over the past 24 years. Among the three crops, wheat is a particularly volatile commodity
(Conceicdo & Mendoza, 2009) exhibiting punctuated growth. During the grain price crises of 2007/08, 2010/11
and 2021/22, wheat prices increased by 97%, 46%, 64%, respectively, relative to the preceding years of increased
prices. In comparison, rice prices changed by 124%, 2%, and —4%, respectively, and maize prices changed by
79%, 70%, and 66%, respectively in these years (IGC, 2022). Of far greater concern is the number of under-
nourished individuals. This number increased from 598 million in 2010 to 735 million by 2020 (FAO, 2022), an
increase of 23% in 12 years.

By the middle of the century, the Food and Agriculture Organization (FAO) projected an increase of 40% in food
and agricultural product demand compared with 2020 levels. Wheat is the most consumed cereal (0.6 Gt), and
maize is the most consumed cereal as feed with 0.97 Gt (FAO, 2017). The necessary increases in agricultural
output driven by this demand will likely be achieved by yield increases rather than cultivated land expansion. This
change will primarily occur in emerging economies, presumably by improving various technologies and culti-
vation practices, including mobilizing production resources such as irrigation water and fertilizer (OECD &
FAO, 2020). The challenge of maintaining a balance between cereal demand and supply under a changing climate
is evident (Baker et al., 2018; Janssens et al., 2020; Zhu et al., 2022) with a particular concern raised regarding
available water resources (Heinicke et al., 2022; Trnka et al., 2019).

The growing demand for cereals and price volatility are obviously only part of any future challenges to food
security. Crop models predict 1.5%, 15.5%, and 6.7% decreases in global rice, maize, and wheat productivity
levels, respectively, per 1°C of warming without adaptation (Hasegawa et al., 2022). These model projections of
cereal productivity consider key factors such as long-term hydroclimatic changes, air temperature and vapor
pressure deficit shifts, soil water conditions, irrigation, crop cultivar and management practices, and even the
effects of increasing atmospheric CO, concentration levels on photosynthesis and water-use efficiency. The
impacts of recurring climate patterns such as the El Nifio-Southern Oscillation on heterogeneities in grain yields
(Ubilava & Abdolrahimi, 2019) and prices (Ubilava, 2017, 2018) have also been studied. However most of these
projections do not fully account for the occurrence of large-scale adverse climate extremes (Heinicke et al., 2022;
Nendel et al., 2023) that can persist over extended durations coinciding with a particular crop growth stage.
Although global warming is expected to increase the frequency of extreme events, the estimates of future agri-
cultural commodity prices usually consider only long-term yield trends based on multiyear means (Hasegawa
etal., 2018; Nelson et al., 2014). Thus, these projections not fully account for intensive, longer-lasting, large-scale
or cooccurring water scarcity events (Hasegawa et al., 2022). The spatiotemporal relationships of such events and
their compound impact on grain prices continue to be a formidable scientific challenge and a knowledge barrier
and studies that attempt to deal with them (e.g., Mehrabi & Ramankutty, 2019 or Tigchelaar et al., 2018) do not
consider the impact on prices.

To address these challenges, our work here seeks to bridge the influence of climate change along with its expected
impact on water availability directly on cereal prices. We used the extent of severe water scarcity (SWS) defined
as significant water balance anomaly in the sensitive period for the crop growth as a proxy for major water scarcity
events. It was hypothesized that the relationship between global SWS extent and global cereal prices could be a
predictor of the cereal price levels both in the given year and long-term. This would allow to estimate future cereal
price levels from climate projections of SWS until 2050 and beyond. This study in its methodological framework
considers not only SWS events in the given season but also impact of sequences of multiple SWSs on the global
price level both in the recent past and the near future.

2. Materials and Methods
2.1. Severe Water Scarcity (SWS)

The concept of SWS events (Trnka et al., 2019), which combines three time scales of the standardized precip-
itation evapotranspiration index (SPEI) calculated using method described by Vicente-Serrano et al. (2010), is
used here to specifically target the critical water shortage time frames for crop production (Table S1 in Supporting
Information S1). An SWS event occurs when a negative soil moisture anomaly satisfies three conditions: (a)
simultaneously persists during most of the growing season for a specific cereal, (b) peaks during the critical yield-
forming period, and (c) occurs against the backdrop of a long-term water anomaly that generally reduces regional
water resources (Table S1 in Supporting Information S1). The aggregation of SWS for cereal-growing areas
allows accounting for all SWS events, as they occur across all cereal-growing areas simultaneously.
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The areas of maize, rice and wheat production are unevenly distributed globally. However, well-defined pro-
duction regions within global arable land are present (Figure 1) and can be further weighted by its productivity
and access to irrigation (Figure S1 in Supporting Information S1). An increase in SWS events in key production
regions may significantly increase the probability of experiencing SWS in key producing areas simultaneously (or
nearly simultaneously), as has been shown in earlier case studies targeting wheat (Trnka et al., 2019). The primary
advantage of the SWS concept is that it allows the likelihood of multiple rice—-maize—wheat-producing areas
experiencing spatio-temporally synchronized or/and sequenced SWS events to be analyzed, thus capturing
simultaneous breadbasket shocks as described by Anderson et al. (2023). Across the whole globe and for each
crop, the water scarcity occurrence over the 4 months preceding the typical local harvest date of the given crop
was quantified. The probability of SWS events between 1861 and 2100 was based on the standardized precipi-
tation evapotranspiration index (SPEI) calculated by the team. The SPEI accounts for both precipitation and
potential evapotranspiration (PET) when assessing the onset and magnitude of a drought. A unified global 0.5°
grid was used, and a given location within the grid was defined as an area affected by SWS event if both the short-
term SPEI thought to impact the target crop production and the long-term SPEI presumably affecting the general
water resource availability occurred in each grid cell. The levels of SPEI triggering SWS events are defined in the
Table S1 in Supporting Information S1. The occurrence of SWS during the 1901-2021 period was first evaluated
via the Climate Research Unit (CRU) data set (Harris et al., 2014), which represents “observed” SWS events. The
annual SWS-affected area was subsequently considered a predictor of crop prices, and SWS—price models were
subsequently developed and evaluated (Figure 2). The SWS probability was then estimated for the climate
conditions provided by 31 global climate models (GCMs) from the sixth phase of the Coupled Model Inter-
comparison Project CMIP6 (Table S3 in Supporting Information S1). This was done both for the control climate
period (1860-2014) and for climate projections (2015-2100). To provide more robust estimates of future climate,
27 GCMs from CMIPS projects were also analyzed (Table S4 in Supporting Information S1). The SWS
occurrence was examined under three shared socioeconomic pathways (SSPs) for CMIP6 (SSP1-2.6, 2-4.5 and
5-8.5) and corresponding representative concentration pathways or RCPs (RCP2.6, 4.5 and 8.5) in the case
of CMIP5: (a) SSP1-2.6 and RCP2.6 correspond to the implementation of the 2015 Paris Agreement (26);
(b) SSP2-4.5 and RCP4.5 correspond to the “average” pathway; and (c) SSP5-8.5 and RCP8.5 correspond to a
high-emission world. This approach allowed us to estimate the effect of climate change mitigation on future grain
price levels.

2.2. Crop Production Areas

The total arable land was considered, and SWS occurrences were determined for grids where the target crop is
grown (Ramankutty et al., 2008) (i.e., maize, rice, and wheat grids—Figure S1 in Supporting Information S1).
Weights were assigned to each grid according to the acreage of arable land, and each grid was then weighted
based on its share of the total area of the target crop and held constant over the whole period. The areas of the
individual crop grids constitute areas where the crops have been produced (Hoekstra et al., 2012). This area
reached approximately 171 Mha for maize, 158 Mha for rice and 218 Mha for wheat (FAO, 2022). This approach
facilitated estimates of how much of the global area for each crop was affected by SWS in each harvest year.
Weighting the specific crop area allowed the effect of water scarcity changes on risk in the current primary
production areas to be examined based on either the area or production. To analyze changes in the SWS patterns in
the top exporting regions, the cumulative SWS probability in grids in the territories of the 10 most important
exporters of each crop was examined over the 2010-2020 period, and the grids were weighted according to their
share of the entire production area and the production quantity of each crop separately.

2.3. Price Data

The mean annual real world market wheat price as annual world market price for US hard red winter wheat, maize
and rice (Thai 5%) from the Commodity Markets online database pink sheet of the World Bank were used. These
prices are deflated and expressed in year 2010 US dollars (World Bank, 2025). Only the period from 1986 on-
wards was evaluated as global commodity trade was in general less globalized prior to the so-called Urugay round
negotiations that started in 1986 and lead to World Trade Organization establishment in 1995. In addition In-
ternational Grain Council (IGC, 2022) indices were considered since they capture prices in multiple shipment
locations. This included the wheat price index (WPI) which is based on quotations of 10 varieties of wheat and
different shipment locations, including Argentina, Australia, Canada, the US, and France. The maize price index

TRNKA ET AL.

4 of 17

95U8017 SUOWIWOD BAEaD) 3Rl (dde sy} Aq pauienob a1e S9o e O ‘8sN JO Sa|nJ Joj Akeid 1 8uljuo AS[IA UO (SUONIPUOD-PUR-SWII/L0D A8 | 1M ARe.q 1 Ul UO//SANY) SUORIPUOD PUe SWe | 8L 89S *[9202/80/2Z] U0 Akid1T8uljuo AB[IM ‘S60900435202/620T 0T/10p/wod A3 |m-Aseigjpuljuo'sqndnBe;/sdny wouy pepeojumod ‘g ‘920z 'LLZv82ee



AF |
'
PR\ Earth's Future 10.1029/2025EF006095
ADVANCING EARTH
AND SPACE SCIENCES
a)
A SWS over arable land
O SWS over crop growing area of 10 main exporters
O SWS over crop growing area
c o 1 year window
S
5 (@] 2 years window
o
= O 3 years window
2 O Lag by 0 year
o
é Lag by 1 year
S O Lag by 2 years
(@) Lag by 3 years
* CRU Final_model

Centered RMS Difference

b) c)

350 | () Model_1, RMSE = 26.8 10— Model_1
(O Model_2, RMSE = 29.0 —— Model 2
300 | O Model_3, RMSE = 29.2 —— Model_3
() Model_4, RMSE = 29.
© Model_4, RMS > 8 —— Model_4
Final_model, RMSE = 24.2 .
a 250 ( O === Mean correlation
i @ Sample correlation
T 6
©
200
£ z
E s
5 150 A
o
©
2
& 100
2
50
0 0 I
0 50 100 150 200 250 300 350 0 0.2 0.4 0.6 0.8 1
WheatPrice [USD/t] Pearson correlation

Figure 2. (a) Results of the fit of severe water scarcity (SWS) and the Wheat Price to form crop price models in the form of Taylor diagrams, where different areas, lags
(0-3 years) and time windows (1-3 years) of SWS are considered. The diagram visualizes the Pearson correlation coefficient and standard deviation. The black dot
indicate the perfect fit (model with a Pearson correlation coefficient » = 1 and a root-mean squared error = 0) and the cros the performance of the model ensemble;
(b) Comparison of the reported World Bank real wheat price values on the X-axis and its estimates via the ensemble of the 4 linear models and their weighted
combination driven by the CRU-derived SWS estimates on the Y-axis; (c) bootstrapping tests of Pearson correlation for the 4 linear models (Table S4 in Supporting
Information S1).

(MPI) is based on the No. 3 yellow variety from four shipment locations, including Argentina, Brazil, and the US.
The rice price index (RPI) is composed of 9 quotations of different varieties and shipment locations in India,
Pakistan, Thailand, Uruguay, and the U.S. These price indices cover the 2000-2023 period, with the index value
in January 2000 set to 100 and closely correlate to the pink sheet data of the World Bank and leading to similar
results. However, since World Bank provides prices in monetary units, that is USD, this was used as primary
source of data. Both the primary International Grains Council (IGC) data and the WPI and FPI annual means are
provided in the Data section.
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2.4. Climate Data

The simulations of 31 GCMs (Table S3 in Supporting Information S1) from the CMIP6 ensemble and 27 models
from the CMIP5 ensemble (Table S4 in Supporting Information S1) were used for predicting SWS (Taylor
et al., 2012). These simulations included model runs with specific historical, natural, and anthropogenic forcings
from 1861 to 2005 in the case of CMIP5 and 1861 to 2014 in the case of CMIP6 and included 21st century
changes in anthropogenic aerosols and greenhouse gases (Vuuren et al., 2011). If a model was associated with
multiple simulations, only the first run was used.

All the monthly data needed for the calculations (i.e., mean temperature, sum of precipitation, mean wind speed,
mean solar radiation, mean relative humidity and mean sensible and latent heat fluxes) were first spatially
interpolated via kriging from the original model grids to a common grid with a 0.5° resolution and then bias-
corrected via the delta change method (Feng et al., 2014). The temperature and precipitation data were bias-
corrected based on the observed 1961-1990 monthly climatology developed by the Climate Prediction Center
(CPC) (Fan & Dool, 2008), whereas the other variables were bias-corrected based on the observed 1961-1990
monthly climatology developed by the CRU of the University of East Anglia (New et al., 1999). This bias
correction method ensured that the modeled variables were associated with the same monthly climatology as the
CPC or CRU observations during the 1961-1990 period.

In addition to the model simulations, the 0.5° gridded monthly observed temperature, precipitation, and PET data
sets developed by the CRU, that is, CRU-TS.4.05 (Harris et al., 2014), were used. These data sets were based on
observations collected from thousands of weather stations globally from 1901 to 2024, providing a baseline for
validating the CMIP5 and CMIP6 model simulations.

2.5. Standardized Precipitation Evapotranspiration Index (SPEI)

The SPEI (Vicente-Serrano et al., 2010), which is a multiscalar drought index that quantifies drought intensity at
various time scales, was adopted. The SPEI was computed based on 1, 3 and 12 months of accumulated surface
water deficits and surpluses (i.e., precipitation minus PET). The calculation then employed statistical probability
distributions to quantify the drought intensity, termed the 1-, 3-, and 12-month SPEI. The 1-month SPEI is closely
related to shallow-layer soil moisture and can be used to evaluate short-term drought variability. The 12-month
SPEI is related to the deep-layer soil moisture and long-term drought variability.

The PET was estimated via the FAO-56 Penman—Monteith method for reference grass (Allen et al., 1998) as
described by Trnka et al. (2019) using air temperature, relative humidity, wind speed and solar radiation as inputs.
In addition to consistent warming (Collins et al., 2013), climate models are consistent in showing regional
changes in relative air humidity (Sherwood & Fu, 2014) and vapor pressure deficit. The roles of the wind speed
and solar radiation in PET are secondary for future conditions (Fu & Feng, 2014). Owing to the notable impacts of
temperature and relative humidity, climate models routinely project increasing PET levels (Scheff &
Frierson, 2014).

The values of the 1-, 3-, and 12-month SPEI were calculated based on the monthly precipitation and PET. The
snow-melting module developed by Schrier et al. (2007) was also assessed to quantify the impact of snow on the
water supply. However, the differences between SWS with and without snow melt were not significant within the
growing areas of the three analyzed crops. Therefore, a simplified scheme was implemented that did not account
for snow melting. For a given climate model output, the statistical probability distribution parameters (Vicente-
Serrano et al., 2010) used to calculate the SPEI were determined based on the modeled monthly data from 1901 to
2000. These parameters were subsequently used to calculate SPEI values in each grid cell from 1860 to 2005 for
CMIP5 and 1860-2014 for CMIP6 under the different future emission scenarios. The same procedures were
applied to calculate the SPEI from 1901 to 2021 based on the CRU data set.

2.6. Defining Severe Water Scarcity Events and Sensitive Periods

SWS events were first defined to quantify the short- and long-term impacts of water shortages on crops (Table S1
in Supporting Information S1). A grid cell was considered affected by water scarcity only if both the short-term
water scarcity indicators (i.e., 1- and 3-month SPEI) and the long-term water scarcity indicators (i.e., 12-month
SPEI) reached predefined thresholds (Table S1 in Supporting Information S1). These thresholds were adopted
based on prior studies (Blauhut et al., 2015), wherein the probability of drought impact occurrence was estimated
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based on the impacts of drought in individual sectors. Since all three considered crops are grown during only part
of the year, crop-specific water scarcity sensitivity periods (SPs) were used. These periods were defined as the
4 months prior to the usual crop harvest date and include both the peak vegetative stage (wheat heading and maize
and rice flowering) and grain filling for each crop. These 4 months constitute the time of the most intense growth,
including the formation of all yield components. For rice, only the first harvest date during a given season was
considered.

When the usual harvest date occurred on or later than the 20th day of the month, the SPEI values for the harvest
month and the three preceding months were used. When the crop was harvested before the 20th day of the harvest
month, the SPEI for the four months prior to the harvest month was used. This offset was used because the crop
harvest date, in practice, follows physiological maturity for several days or even weeks (in the case of wheat and
maize), and the sensitivity of all three crops to lack of water rapidly decreases at the end of the grain filling stage
and after maturity. In fact, drier conditions during harvest are generally beneficial for crop quality and could
increase harvest efficiency. In all calculations, calendar months were used.

For each crop-growing grid cell and year, it was first determined whether the cell and year were affected by SWS
(D; = 1) or not (D; = 0) during each crop-growing season based on the thresholds defined in Table S1 in Sup-
porting Information S1. For a 1-year window of water scarcity, only events during the harvest year were
considered. For a 2-year SWS window, a grid was considered affected by water scarcity (D; = 1) if the SWS
thresholds were met either during the harvest year or during the previous harvest year. Similarly, a 3-year window
of water scarcity categorized a grid as experiencing SWS if the conditions were met during the SPs of the harvest
year or during any of two preceding years. The use of 1-, 2-, and 3-year windows allowed us to examine the
impacts of a severe (extreme) water scarcity events affecting multiple regions in sequence, such as the case of
wheat production and, to a certain extent, maize production being influenced by the 2010 droughts in Russia and
India and the 2012 drought in the USA.

2.7. Relating SWS to Crop Price

In the development of the SWS—crop price model, so-called real prices of all three commodities were used (World
Bank, 2025) as well as crop-specific price indices (i.e., WPI, MPI, and RPI). Models were developed using
2000-2021 data with years 1986-1999 and 2022-2024 excluded from the model development. Several SWS
based predictors were systematically explored and assessed in hierarchical order. This included the SWS extent in
arable land, the given cereal-growing area, and the given cereal-growing area within its 10 largest exporters. The
effects of SWS events on prices can vary over time and can materialize with a time lag. To capture this
complexity, different time lags were considered, including analyses of (a) the SWS extent window and (b) the
cereal price time lag. In any model, the SWS effect on the price accumulated over three windows was considered,
that is, the given season (n) and duration window of 1 year (w1l), the given season and the preceding season (n;
n—1 =w2) and the given season and the two previous seasons (n; n—1; n—2 = w3). The cereal price lag accounted
for the offset between SWS and price formation. In total, four time lags were cosidered, with lag0 indicating the
annual price responding to SWS in the given year, whereas lagN expects the cereal price to lag the SWS extent by
N years for N in {1,2,3}. Roughly, the 3-year lag sets the upper bound to offset any storage capacity for grain
reserves. Moreover, both the cereal price index and SWS values and the first-order differences were used. For
each crop, 3 X 3 X 4 X 2 = 72 linear models were formulated (3 SWS grid settings, 3 time windows, 4 time lags
and 2 nominal values/first order differences) and evaluated using the Pearson correlation coefficient (), Theil
coefficient and root-mean squared error (RMSE) (Figure 2, Figure S2 and Table S2 in Supporting Informa-
tion S1). The model performance was captured for all three crops, as shown in Figure 2 and Figure S2 in Sup-
porting Information S1.

In the case of wheat the individual SWS-wheat price models were iteratively combined into the best performing
ensemble based on the highest R* and lowest RMSE values (Figure S4 in Supporting Information S1). In this case
the iterative process resulted in a final ensemble of four models (Figure 2b and Table S2 in Supporting Infor-
mation S1). These four models, which are based only on SWS, were individually evaluated via the Pearson
correlation coefficient by bootstrapping with 10,000 repeats (Figure 2¢). This showed that the model performance
over the training period was insensitive to any particular season.

The final ensemble of 4 models was optimized by weights to improve R. These weights were calculated via the
minimum least squares method with positive results, namely, the weights conformed with the defined
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combination of the models given in Table S3 in Supporting Information S1.
The final model (Final_model) applies these weights. The weighted values
are marked as black rectangles in Figure 2b. Final_model and 4 individual
wheat price models from the ensemble were used to estimate the price levels
between 1986 and 2024 via the CRU data set (CRU Final_model), resulting in
control period benchmark values of the price index, which were compared
with those of the WB real wheat price. Figures S5 and S4 in Supporting In-
formation S1 shows estimates of the FPIs from 1986 to 2024 obtained with
the model ensemble trained only on the 2000-2021 period.

The grain prices were estimated by Final_model over the control periods of
both CMIP6 (31 runs, Table S3 in Supporting Information S1) and CMIP5
(27 runs Table S4 in Supporting Information S1) as annual plus 5 and 10-year
means. The CMIP6- and CMIP5-based price estimates are presented as the
means and confidence intervals. The uncertainty band is a composite of the

10%/90% uncertainty in the linear regression of Final_model and the 0.05/
0.95 quantile of the 31 model outputs based on the CMIP6 GCMs. Figure S6

Temp (°C)

20 30 in Supporting Information S1 shows annual price estimates for each GCM to
highlight the internal variability of the price projections.

The relationship between the expected change in the global temperature and

Figure 3. Basic climatological characteristics of the climate model grids the estimated wheat prices was based on the 31 GCM outputs and the changes

growing rice, maize and wheat showing their mean temperatures (X-axis) and in the mean annual temperature under all scenarios of all individual global
the sum of the differences in precipitation and potential evapotranspiration models have been analyzed (Figure 3c). The analysis covered period

during the 4 months before harvest (Y-axis).

1951-2100 and the global wheat price estimates were based on the
Final_model.

3. Results
3.1. Sensitivity of Global Rice, Maize and Wheat Prices to SWS

The SWS allows us to express the extent of the area affected by limited water availability during part of the
growing season (Trnka et al., 2019), which is specific to a particular crop. It integrates and weighs the severity of
water scarcity over global crop-growing areas, capturing cooccurring SWS events. The ability of SWS to explain
the variation in the global prices of three major crops (rice, maize and wheat) was evaluated when SWS was
aggregated over (a) the total arable land; (b) the growing area for each crop; and (c) the crop-growing areas of the
top 10 exporters worldwide (Figure S1 in Supporting Information S1).

The analysis revealed that for rice, no meaningful relationship existed between the SWS-affected area and rice
price (Figure S2a in Supporting Information S1). The maize price models explained up to 40% of the global price
variability (p < 0.01), with the SWS extent in maize-growing regions being the most efficient predictor. These
predictions were similarly effective when only the SWS-affected maize growing areas of the top 10 exporters
were used (Figure S2b in Supporting Information S1). In case of wheat, the relationship between the SWS-
affected area and fluctuations in global prices were much closer (Figure 2a and Table S2 in Supporting Infor-
mation S1) with four models from the final ensemble explaining between 61% and 68% of wheat price variability.

The different sensitivities of rice, maize and wheat prices to SWS are at least partly explained in Figure 3. Rice is
predominantly grown in environments, where rainfall exceeds the PET during the critical part of the growing
season (Figure 3), which is defined as 4 months prior to harvest. This is in direct contrast to wheat, which is grown
in cooler environments under mostly water-limited conditions. These areas are characterized by climates with
PET levels above rainfall. Maize is in this respect grown in “transition zones” between these two situations. The
influence of SWS on rice is more often offset by irrigation, which covers 33% of the total harvested area of this
rice, and only 15% of that of wheat (Portmann et al., 2010). Also limiting factor in case of rice was existence of
multiple harvests which were not fully considered. The overall results indicated that SWS can be used as price
predictor in case of wheat and potentially also in case of maize. The Taylor diagrams (Figure 2 and Figure S2 in
Supporting Information S1) provided justification for only using wheat in the further analysis, as the rice models
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performed rather poorly, and the maize models explained less than half of the price variability from SWS
variability.

3.2. Estimating the Wheat Price Response to SWS Variation

Four SWS-wheat price models were used to estimate the annual variation in the SWS-affected areas (Figure S3 in
Supporting Information S1) on wheat grain prices (Figure 2 and Figure S4 in Supporting Information S1).
However, all four models underestimate the impact of high SWS exposure on price variability. The Final_model
explained 74% of the interannual wheat price variability from 2000 to 2021, with a relative RMSE of 10.9% for
the wheat price (Figure 2a). The relationship between SWS and the global wheat price remained statistically
significant (p < 0.001) even if the years with peak prices, namely, 2007/2008, 2010/2011, 2018/2019, and 2019/
2020, were excluded. Final_model also estimated the wheat prices of 2022, 2023 and 2024 with differences of
—16.1%, 17.5% and 35.7%, respectively, which somewhat illustrates the model's capability of predicting beyond
the calibration range (Figure 2a, Figure S4 in Supporting Information S1), as these years were not available at the
time of model development and estimated the general price levels in the period 1986-1999.

Figure S4 in Supporting Information S1 shows the benchmark test of the Final_model and autoregressive inte-
grated moving average (ARIMA) models as ARIMA approach is frequently used in the commodity price
modeling. As expected the ARIMA models captured the price variation only with the time lag (compared with
SWS) and performed less satisfactorily (Figure S4 in Supporting Information S1) than the SWS-based ensemble.
The additional reason why ARIMA models were not considered further was their limited ability in the price
projection captured in Figure S4d in Supporting Information S1.

3.3. Observed and Expected Shifts in SWS Extent and Impact on Wheat Grain Price

Between 1911 and 2020, 5.0% + 4.2% of the global wheat-growing area was affected by SWS on average, with
the maximum extent exceeding 15% in 2000, 2010, 2012, and 2020 (Fig. S3 in Supporting Information S1). The
average SWS-affected area exhibited a significant positive trend (p < 0.001) between 1911 and 2000, with a 0.5%
increase in the number of affected climate grid cells per decade. Between 2011 and 2021, the rate of SWS area
increase was even higher, at 2.2%.

The reported WB real wheat prices from 1986 to 2024 occurred within the 5%-95% confidence interval of price
estimates of Final_model based on observed CRU data and price estimates of Final_model based on GCM
“historical” data (Figure 4). Importantly the prices generated from the GCM control run were ~13% lower than
those estimated by the price models from observed climate data and observed prices (Figure 4a). This finding
could be explained by the CMIP6-GCM control run results yielding a lower percentage of the SWS-affected area
than that obtained based on the CRU data. Therefore, the mean prices estimated based on the GCM findings were
lower than those estimated based on the CRU estimates. However WB real wheat price values were within the
95% confidence intervals (Figures 2d and 3a) of the CRU-based and the CMIP6-GCM control run-based wheat
price estimates.

The projected changes in wheat prices based on the CMIP6-based SWS projections are summarized in Figures 4
and 5 as well as Figure S6 in Supporting Information S1. The mean price level is estimated to increase with
increasing temperature, but the change till 2050 is likely to be relatively small in comparison with the interannual
variation of market wheat prices (Figure 4b and Figure S6b in Supporting Information S1). The mean price level for
period 2001-2020 based on estimating SWS from CMIP6 data for this period was estimated at 193 + 22 USD/t;
for both SSP1-2.6 and SSP5-8.5. Mean price level for the period 2031-2050 was estimated to be 294 + 18 UDS/t
(SSP1-2.6) and 327 + 33 USD/t (SSP5-8.5) as Figure 4 shows. There were no significant (p = 0.01) differences
among the price estimates obtained by the individual SSPs from 2011 to 2040, but the price estimates among the
SSPs sharply diverged in the late 21st century (Figure S6 in Supporting Information S1) and for more intense
warming (Figure 5). The likelihood of widespread SWS events increased in some GCMs, and the upper price
estimates accordingly shifted. The modeled prices exhibited slower growth up to +1°C of warming, with a higher
rate of increase between 1 and 2°C, followed by a slightly lower rate of price growth under more intense warming
(Figure 5). The increase in global mean temperatures by 2°C was estimated to lead to grain prices around 273 USD/
t (Figure S6 in Supporting Information S1) while increase by 3°C results in mean price estimate of 364 USD/t.
Difference between using CMIP6 and CMIP5 GCMs ensembles is relatively small (Figure S7 in Supporting
Information S1).
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Figure 4. (a) Time series of
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year

the reported (blue) and estimated wheat price values via the Final_mocel for the 2000-2024 period using as climate inputs both observed

Climate Research Unit data (black) and for CMIP6 global climate model model ensemble (red tones) median (solid line) and Sth and 95th quantile. The price values are
expressed as 5-year averages; (b) The same as (a) but for annual values (for more details see also Figure S5 in Supporting Information S1).

4. Discussion
4.1. Context of the Study Estimates

Despite its importance, the studies focusing on impact of changes in climate variability on agricultural prices
remain limited (Myers et al., 2022). Traditionally, the literature on agricultural production, consumption and
market impacts has concentrated on the analysis of global mean temperature changes due to climate change by
implementing 30-year moving averages of crop model outputs in partial and general equilibrium economic
models (Nelson et al., 2014; Van Meijl et al., 2018). Figure S8 in Supporting Information S1 shows the effects of
climate change on agricultural prices obtained via conventional economic analysis. The Global Economic Model
Intercomparison Activity of the Agricultural Model Intercomparison and Improvement Project (AgMIP) pro-
duced a range of price projections by midcentury based on numerous combinations of climatic and socioeconomic
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Figure 5. Summary of the expected wheat price in USD/t related to the change in the global mean temperature with baseline 1951-1980 estimated using 31 CMIP6
global climate models (GCMs) with (a) capturing the Scatter of individual data points representing combinations of years (1951-2100), shared socioeconomic pathways
(SSPs) and individual GCMs; (b) Annual medians for each SSP over all GCMs are displayed as square markers. A smoothed line fitted across all 450 medians (3 SSPs *
150 years) represents the overall trend, with dashed lines indicating the corresponding quantiles 0.1 and 0.9.

factors. The ensemble of participating models (9 models: 5 computable general equilibrium (CGE) models and 4
partial equilibrium (PE) models) projected a 3%—32% wheat price increase by 2050 under SSP2 and RCP8.5, with
no significant difference between the CGE and PE models relative to the baseline scenario (Nelson et al., 2014).
The most recent study (Nelson et al., 2014) projected an increase in cereal prices of 1%—29% across different SSPs
and 3°C warming using an ensemble of eight economic models (5 PE models, 2 CGE models and 1 integrated
assessment model). These studies have paid little or no attention to the analysis of extremes in relevant regions
either from the viewpoint of major exporting or importing regions. On the other hand, the effects of extreme
events, such as drought and heat, on grain prices have been studied at the country and regional levels (Schaub &
Finger, 2020), including investigations of the effects of increasing grain prices on conflict and political stability in
low-income countries (Sternberg, 2012) via econometrics. Furthermore, the supply response of the Global North
and South to past weather shocks has also been explored as a mechanism for buffering out the effects of climate
variability on the global food supply and prices (Chung et al., 2014; Lybbert et al., 2014); this has led to a gap
between the increased understanding of the influence of long-term climate change on agricultural production and
the economy as a whole and a lack of knowledge regarding the short-term impacts of SWS events (Frieler
et al., 2017).

The results of our study indicate that projected increase in the SWS extent and frequency may result (if other
parameters are kept the same) to quite high increase of the wheat prices. A review by Green et al. (2013) indicates
that the effects of cereal price increases on food consumption in 162 countries revealed that a 1% increase in cereal
prices (a deviation from its long-term trend) could lower food consumption by approximately 0.61%. Thus,
according to the projections here, food consumption could be forced to decrease by 27%—38% by 2050 due to
SWS. In general, households that spend more than 50% of their income on food are at medium risk of food
insecurity from increases in the price of wheat (Smith & Subandoro, 2007). In low-income countries, households
typically spend close to 60% of their income on food (e.g., 56% in Nigeria), with more than a third going toward
staples such as vegetables and cereals (World Bank Group, 2019). Low-income households cannot switch to less
expensive foods and will be forced to increase spending on basic staples, lower the quality of their diets, or even
limit the amount of the most inexpensive foods consumed while also reducing nonfood expenditures (Lele
et al., 2016). The negative impacts are even worse among poor urban households, which are typically net buyers
of food, whereas households that are net sellers of agricultural and food products would increase their income
(World Bank Group, 2019) unless the yields are reduced by SWS events. Considering the ongoing trend of
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urbanization, with 68% of the global population projected to live in cities by 2050 (UN-Habitat, 2022), the pool of
households that will be negatively affected by increased wheat prices will continue to increase (Dadi et al., 2022;
Janvry & Sadoulet, 2011).

The projected increase in food price impacts of SWS events thus require urgent attention in terms of adaptation
measures on the one hand and disaster-relief systems on the other hand. On the adaptation side, adjusting sowing
dates (Fodor et al., 2017), changing crops and/or growing regions (Mourtzinis et al., 2019), upgrading and
expanding storage facilities (Hertel et al., 2023; Marchand et al., 2016), and facilitating intra- and international
trade activities appear to be potential strategies. Trade was demonstrated to help reduce the number of people at
risk of hunger resulting from slow-onset climate change (Janssens et al., 2020), although increased specialization
could lead to a concentration in production locations, yielding more volatile world markets (e.g., price spikes due
to SWS events).

Clearly, the SWS extent (Trnka et al., 2019) is a significant but not unique factor affecting crop product prices.
Pests and diseases, such as fungal diseases (Godfray et al., 2016) or locust outbreaks (Peng et al., 2020), economic
factors, such as demand shocks, volatile oil prices and exchange rates (Tadasse et al., 2016), grain storage ca-
pacity (Schewe et al., 2017), political and military conflicts or policy responses (Headey, 2011) play a role and
may coincide with drought events. The Ukraine—Russia conflict illustrates the response of the market and its
instability, as both countries are major exporters of wheat grain and other agricultural commodities such as
oilseed, which is integral to many cereal-based crop rotations. The war in Ukraine has significantly impacted the
price of food products (Glauber & Laborde Debucquet, 2023), leading to increasing exports from other countries
to partially compensate for the lack of supply from Ukraine and Russia (Chepelliev et al., 2022) and was one of
the reasons why years 2022-2024 were not included in the model development data set. Compared with March
2021, the prices of wheat and maize rose by 58% and 38%, respectively, (IGC, 2022) in 2022. This price increase
has the same order of magnitude of influence as changes that could partially be attributed to SWS events over the
past two decades (Figures 4a and 4b). Obviously, the intensity and duration of military conflicts are inherently
difficult to predict. In contrast, the increased occurrence of SWS events under future climate conditions is less
uncertain (Figure 4 and Figure S3 in Supporting Information S1), and the proposed Final_model may represent a
realistic estimate of future annual price levels.

As described in the data section, the study uses the mean annual commodity prices expressed as the annual mean
and it is not possible to account for the regional price differences or price variations on a scale shorter than 1 year,
which can be significant. However, the aim of this study is to analyze whether changes in the extent of overall
global water scarcity can affect global commodity prices and, if so, to estimate their likely mean level as well as
interannual variation. As shown above the SWS concept shows to be robust in this respects and thus provides
meaningful projections compared to the simple ARIMA models (Figures S3c and S3d in Supporting
Information S1).

4.2. Study Assumptions

The estimates of crop price response to SWS builds on a number of assumptions, which were invoked to ensure
that the SWS extent is primarily a function of changing climate conditions. It was assumed that the current wheat-
growing areas, their relative weights and the top 10 exporting countries would remain unchanged during the time
frame of the analysis. Thus, the potential benefit of shifting wheat production to other agricultural land with a
lower SWS probability could lower the model reliability. However, two findings suggest that the conclusions
drawn here are little sensitive to this simplification. First, two out of the four models in the final model ensemble
are based on SWS occurrence across the entire arable land area; thus, a change in the wheat-growing area would
generate no effect. Second, the data revealed that there is little to be gained globally in terms of decreasing SWS
exposure by shifting wheat-producing areas both within and outside the present wheat-growing areas, as SWS
exposure increases at a similar pace across all regions as already shown by Trnka et al. (2019).

Numerous studies have argued that some or all of the negative impacts of global warming on wheat yields might
be ameliorated by increasing atmospheric CO, concentrations combined with adaptation strategies (Challinor
et al., 2014; Lobell, 2014). Although water use is reduced under elevated CO, levels (Manderscheid & Wei-
gel, 2007) and may alleviate moderate dry spells, recent studies have also reported that drought stress, when
combined with severe heat, cannot be compensated for by elevated CO, concentrations (Jin et al., 2018;
Schauberger et al., 2017). These findings are not surprising. While the water use efficiency is proportional to the
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atmospheric CO, concentration, it is inversely proportional to the vapor pressure deficit, which is projected to
increase exponentially with increasing air temperature. Additionally, some models (Dai et al., 2018) compared
future drying in model simulations with and without considering plant physiology in response to increasing CO,
levels. They reported that the plant physiological response to increasing CO, concentrations was secondary,
suggesting that the impact of CO, fertilization on future drought severity is limited. It was therefore assumed that
the effects of SWS estimated here cannot be alleviated by increased CO, levels and that SWS represents a reliable
indicator of potential water stress irrespective of CO, levels.

It is also likely that increased temperatures accelerate crop development, leading to earlier maturity, which might
lead to the avoidance of SWS events for wheat crops by shifting and/or shortening the crop-growing season.
Therefore, the effect of shifting the harvest earlier in the year was evaluated. A significant reduction in the extent
of the SWS-affected area was found, when looking at a shorter growing season. However the advancement in the
harvest date was insufficient in terms of reducing the SWS-affected areas to the levels from 1951 to 1990, as
already shown elsewhere (Trnka et al., 2019). In addition, significant shifts in the cropping calendar affect not
only wheat crops but entire crop rotations, and there is high uncertainty in how these shifts will eventually occur in
many regions worldwide and what their effects on productivity will be (Lobell, 2014).

The empirical makeup of the model assumes that the exporting countries in the future will not change relative to
the present situation (Figure 1 and Figure S1 in Supporting Information S1). In the case of wheat, North America,
the European Union, and Russia represent approximately 70% of global exports (Figure S9 in Supporting In-
formation S1). Notably, cereal yields are characterized by large differences between high- and low-income
countries (FAO, 2017). In 2018, the average grain yield in high-income countries was fourfold greater than
that in low-income countries. Closing yield gaps across wheat-growing areas could be an efficient way to increase
resilience to SWS-driven price increases. However, major shifts in the patterns of exporting countries will require
substantial infrastructure investments (storage, transport, port facilities, etc.) to allow these countries meaningful
access to global markets. Interestingly, the increase in the SWS-affected area under future scenarios is so
widespread that increasing the resilience of wheat to SWS by rearranging production among the top producing
areas would generate only limited benefits or would have to occur at the expense of other crops, that is, maize and
rice. Here, we assumed that the final use and consumption of these crops would basically not change. Dietary
change toward more animal products in low-income countries or more sustainable diets in the most developed
countries was not considered and as Rulli et al. (2024) pointed out the “sustainable” diets may have significant
impact on World's agriculture. However, since wheat is one of the basic foods for humans, this may not greatly
change the consumption of wheat grains. The Final_model also did not account for the change in global popu-
lation nor breeding improvement. However as Guarin et al. (2022) study suggests the improved canopy photo-
synthesis can lead up to ~37% increase in the mean global annual wheat production without expanding cropping
area. This increase would be enough to meet the lower estimate of the projected grain demand in 2050 driven by
population increase.

It was further assumed that the extent and influence of irrigation did not significantly change. Importantly, the
global extent of irrigated croplands increased approximately fivefold during the 20th century, and the current
global irrigated area continually increases (Siebert et al., 2015). The three largest crop irrigators globally are
China (53.8 Mha), India (57.3 Mha), and the USA (27.9 Mha) (Thenkabail et al., 2009), with rice and maize as the
primary irrigated crops. However, these countries are among the regions that are projected to suffer increasing
freshwater limitations under most climate change scenarios. Recent analyses have estimated that a reversion of
20-60 Mha of cropland from irrigated to rainfed management or from full to supplementary irrigation is needed
by the end of the century in these three countries to balance the irrigation water supply and demand. While there is
potential to increase the irrigated area of wheat and thus reduce SWS impacts, this increase must be accompanied
by reductions in other current crops (e.g., rice, maize, and cotton) and/or increases in irrigation efficiency.
Additionally, the alleviating effect of irrigation on SWS event impacts is likely to be limited, as any SWS event
intrinsically includes at least a 12-month drought period before harvest. It may be assumed that during SWS
events, the availability of water resources for irrigation in many regions is more limited than that in normal years.

Directly accounting for changes in energy prices is considered the second most important factor affecting the cost
of cereal production (Conceicdo & Mendoza, 2009; Enghiad et al., 2017) after climate was not explicitly
considered here. Energy prices play a fundamental role in the cost of agricultural inputs, as energy and fertilizer
prices are highly correlated (Kalkuhl et al., 2016). However, both the globally increasing demand for energy and
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the efforts to curb the use of fossil fuels are likely to increase energy prices, not decrease them, at least in the short
term. With ongoing political conflicts and sanctions on major oil- and gas-producing countries, volatility in
energy and crop prices is unlikely to decrease in the short term (Wang et al., 2022).

The derived relationship between SWS events and price hikes in wheat encompasses multiple causal factors that
may not be solely related to actual yield reductions. Since yield reporting is more prone to reporting distortions
than market prices are, the yield analysis has been bypassed here in favor of a direct relationship between SWS
and price indicators such as WPI and FPI, which are less prone to reporting distortions. However, market prices
are undoubtedly influenced by speculations and uncertainties in the response of cereal-producing countries during
SWS events even when yield reductions are minor.

5. Conclusions

Regardless of the discussed assumptions, the SWS—wheat price relations could be in our view considered robust
and warrant their inclusion in the projected impacts of the SWS-affected area on wheat prices. In light of the crop
price volatility over past 20 years, the projected increase in space—time coherent SWS occurrence cannot be
overlooked in any estimates of future price levels, at least in the case of wheat and to some extent maize. The
sensitivity of wheat prices to SWS occurrence stems from the fact that out of the three main cereal crops, wheat is
grown mostly under the least favorable soil moisture conditions (Figure 3). It therefore cannot be readily replaced
by crop of similar nutritional qualities even more tolerant to drought, as principally there is no such crop. The
sensitivity of what prices to SWS reported by this study should be subjected even more in-depth systematic
research because wheat represents globally the most important crop in terms of area, calorie supply and volume of
international trade (Figure 1).
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presented in the data repository. The future climate data have been based on publicly available CMIP6 and CMIP5
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ts/marketinfo-goi.aspx) and Farm index data are provided by USDA (https://fred.stlouisfed.org/series/
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