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A G R I C U LT U R E

Underestimated agricultural losses due to flooding
Shulei Zhang1*, Liming Zhou2, Hongbin Liang1, Omarjan Obulkasim1, Yongjiu Dai1*

Flooding poses a growing threat to global food security in a warming climate, yet a critical gap remains in quanti-
fying flood-induced agricultural losses, hindering the design of effective adaptations to potential food crises. 
Here, we present a methodological framework for projecting crop losses from flooding, using a flooding stress 
algorithm to refine yield simulations from existing crop models. This approach ensures that simulated yield reduc-
tions for maize, soybean, and wheat align with observations in the United States and demonstrates strong agree-
ment between estimated and reported flood-induced crop losses both in the United States and globally. Future 
flood-induced losses, which were substantially underestimated in the original simulations, are projected to be 
comparable to or even exceed drought-induced losses in many regions and exhibit distinct spatial and temporal 
patterns. Mitigation of greenhouse gas emissions helps reduce these risks. This framework provides a robust basis 
for assessing agricultural vulnerability to flood shocks and guiding strategies to safeguard food supplies under 
climate change.

INTRODUCTION
Floods are among the most destructive natural disasters, with se-
vere consequences for agriculture (1–6). Field experiments (7–9) 
and national surveys (10) consistently report crop yield losses from 
flooding (11). According to the Food and Agriculture Organization 
(FAO), floods rank as the second gravest agricultural disaster world-
wide, affecting ~27% of cultivated lands annually, with the potential 
to destabilize food systems and threaten food security from local to 
global scales (5, 6, 12, 13). Rising food demand and increasing flood risks 
under climate change (14–16) heighten the urgency of strengthen-
ing agricultural resilience.

Robust projections of the impacts of natural disasters on crop yield, 
grounded in process-based models, represent an important and in-
dispensable path to identifying adaptation priorities in response to 
potential food crises (17–19). However, most previous assessments 
and projections have focused on drought, heat, CO2 effects, or other 
gradual climate changes, rather than on flooding (20–23). A major 
obstacle is the nascent stage of representing flood impacts on crop 
yield in these models (13). Specifically, this requires effective param-
eterizations in two key areas: accurately capturing flood dynamics on 
one hand and quantifying their specific effects on crop growth on the 
other. The first task is particularly challenging as most crop models 
are developed to simulate crop growth processes rather than hydro-
logical processes (24–26). The second task has advanced rapidly in 
recent years, with some crop models incorporating parameterizations 
of flooding and/or waterlogging effects on crop growth processes, such 
as phenology, photosynthesis, root growth, nitrogen uptake, and grain 
formation (7, 12, 27–30). However, quantitatively representing these 
processes from a bottom-up perspective remains challenging due to 
the complexity of schemes and parameters that rely heavily on field 
experiment data for specific processes. Consequently, such model-
ing efforts are often tailored to specific crops or regional studies 
(7, 12, 27–30). These limitations hinder the capacity to predict flood 

impacts across diverse crops and broad spatial scales (13, 31), which 
is critical for providing robust scientific guidance on potential agri-
cultural losses.

To bridge this knowledge gap and strengthen the adaptive ca-
pacity of the global food system to flooding, we develop a modeling 
framework for estimating global crop losses due to floods. This frame-
work integrates state-of-the-art crop and flood modeling through a 
crop flooding stress algorithm, which quantifies the comprehensive 
effects of flooding on crops in a generalized yet effective manner, 
resulting in adjusted crop model outcomes that align well with ob-
served yield reductions. Observed yield changes were derived from 
data on maize, soybean, and wheat, the three most widely cultivated 
crops in the United States. We then estimated the economic losses 
associated with flood-induced yield reductions for the three crops 
and compared these estimates with the indemnities for flood dam-
ages provided by the US Department of Agriculture (USDA) and 
with global flood-induced losses reported by the Emergency Events 
Database (EM-DAT) to verify the robustness of our estimates. Last, 
we projected potential flood-induced losses for maize, soybean, and 
wheat, along with their temporal change patterns under various 
emission scenarios, using global yield and runoff simulations under 
future climate change.

RESULTS
Yield response to flooding
We investigated the observed response of crop yield to water avail-
ability anomalies in the continental United States. The percentage 
change in yield for each county-year sample was calculated as the 
ratio of the yield anomaly (i.e., the difference between actual and 
trend yield) to the trend yield. The yield changes were then aggre-
gated by bins of precipitation anomaly to derive the yield response 
curve to extremes in water availability (see Materials and Methods 
for details). As shown by the black solid lines in Fig. 1, yield losses 
occurred when water availability deviated from the norm. When 
water availability was insufficient, crops experienced drought stress 
and impaired growth. Conversely, excessive rainfall caused flooding 
through land surface runoff and routing processes (fig. S5), leading 
to waterlogged conditions that adversely affected crops and reduced 
yield. In both cases, losses intensified with the severity of drought 
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and/or flooding. Together, these two types of stress ranked among 
the top causes of crop losses in the United States (fig. S1).

The ensemble median outcomes of global crop models participat-
ing in Phase 3 of the Global Gridded Crop Model Intercomparison 
Project (GGCMI3) captured the general negative yield responses to 
extreme dry conditions, indicating that the models represent drought 
stress to a reasonable extent (illustrated by the orange solid lines). 
However, the GGCMI3 crop models failed to capture the observed 
yield reductions under extreme wet conditions, with biases as high as 
26.7, 28.3, and 21.3% for maize, soybean, and wheat, respectively 
(Fig. 1). This is mainly due to the models’ lack of consideration for 
crop damage caused by flooding, leading to substantial overestima-
tion of yields under extreme wet conditions (13).

To address this limitation, we integrated an algorithm that ac-
counts for the adverse impacts of flooding on crops to refine the initial 
outcomes of GGCMI3 simulations, with flooding conditions identi-
fied from global daily inundation simulations (see Materials and 
Methods for details). The response of the adjusted GGCMI3 crop 
yields to water availability anomalies is depicted by blue lines in Fig. 1. 
This adjustment substantially reduced crop yields under extreme wet 
conditions and substantially improved the model performance. Each 
individual model also benefited from this adjustment (figs. S6 to 
S8), although the magnitude of improvement varied slightly across 
models. Spatially, the most affected areas for all three crops were the 
Midwestern states, including Iowa, Minnesota, Nebraska, and North 
Dakota (fig. S9, A to C). For wheat, notable impacts also appeared in 
California (west) and North Carolina and Virginia (east). In these re-
gions, the original simulations predominantly predicted a positive 
yield change, whereas the adjusted simulations successfully captured 
the spatial patterns of yield reductions under extreme wet condi-
tions (fig. S9, G to I). Overall, these findings indicate that our pro-
posed parametrization mostly reproduced the observed impact of 
flooding on crops in the United States, which could serve as a valuable 
tool for assessing and predicting flood-induced crop losses.

Estimation and validation of flood-induced 
agricultural losses
Flood-induced crop damage incurs substantial economic losses for 
farmers and the agricultural sector. On the basis of the estimated 

reduction in crop production, the associated economic losses were 
calculated using crop prices (see Materials and Methods for details). 
However, it should be noted that flooding may affect agriculture and 
the economy in multiple ways. Because the FAO provides country-
level crop price data only from 1991 onward, our estimates of agri-
cultural losses also begin in that year. We compared these estimates 
with flood-related indemnity payments reported by the USDA Risk 
Management Agency (USDA-RAM) over the same period. As illus-
trated in Fig. 2 (A to C), the time series of indemnities and estimated 
losses across the United States exhibited a consistently strong cor-
relation. The rank-order correlations between the two datasets were 
0.62 (P < 0.01), 0.47 (P < 0.05), and 0.34 (P = 0.11) for maize, soy-
bean, and wheat, respectively. To further evaluate performance, we 
introduced consistency indices (CI5 and CI10), which measure the 
proportion of years ranked among the top 5 (or top 10) in reported 
losses that were also ranked among the top 5 (or top 10) in estimated 
losses. These indices provide a more targeted assessment of the 
method’s ability to capture high-impact events. The CI values indi-
cated satisfactory agreement, with about three-fifths of major loss 
years successfully identified. Spatially, states with high estimated 
losses closely corresponded to those with high reported indemnities 
across all three crops, with significant positive correlations (Fig. 2, D 
to I). Together, these results suggest that our methodology effective-
ly captured the magnitude and distribution of substantial crop dam-
age caused by flooding, both temporally and spatially.

In addition, we found that the adjusted yield simulations pro-
vided a more realistic representation of the relative magnitude of 
drought- and flood-induced losses. Reported indemnities show that 
average annual drought-induced losses were generally higher than 
flood-induced losses, with a ratio of about 1.5 to 2 across the three 
crops (Fig. 3A). By contrast, loss estimates derived from the original 
yield simulations suggested that extreme dry condition losses ( lossED ) 
were vastly greater than extreme wet condition losses ( lossEW ), with 
ratios exceeding 20 for maize and soybean. After applying the flood-
impact adjustment, the ratio of lossED to lossEW aligned much more 
closely with indemnity records. Beyond national totals, we also 
compared the proportions of states falling into different ratio cat-
egories (Fig. 3B). On the basis of reported indemnities, 26, 19, and 
62% of states experienced higher flood- than drought-induced 

A B C

Fig. 1. Observed and simulated crop yield responses to water availability anomalies in the continental United States. (A) Observed maize yield response to water 
availability anomaly (black solid line) compared with the original GGCMI3 simulations (GGCMI3org; orange solid line and shaded area) and the adjusted GGCMI3 simula-
tions accounting for flooding impacts (GGCMI3adj; blue solid line and shaded area). The orange and blue solid lines represent multimodel median responses, and the 
shaded areas indicate the interquartile range across models. (B and C) Same as (A) but for soybean and wheat, respectively.
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losses for maize, soybean, and wheat, respectively. The original 
yield simulations severely underestimated these proportions (<10%), 
whereas the adjusted yield simulations reproduced them much more 
accurately.

We further extended this method to the global scale, applying it 
to adjust the original yield simulations and to estimate flood-induced 
crop losses worldwide. However, validating flood-induced crop yield 
reductions and their associated economic losses on a global scale is 
challenging due to limited data availability. To the best of our knowl-
edge, the most comprehensive and reliable datasets for flood-induced 
losses (covering all sectors, not just agriculture) are provided by the 
EM-DAT. Therefore, we compared our estimates of flood-induced 
crop losses with the annual economic losses from flooding at the na-
tional level as reported by the EM-DAT. As shown in fig. S10, the 
global total losses of maize, soybean, and wheat exhibited good tem-
poral agreement with EM-DAT flood-related damages (R = 0.62, 
CI5 = 3/5, and CI10 = 6/10). Among countries with available data, about 
71% captured at least two of the top 5 loss years (CI5 ≥ 2/5), and 34% 
captured at least three (CI5 ≥ 3/5). These results indicate that our 
approach generally identifies major flood-induced crop losses at the 

global scale. Nevertheless, these estimates should be interpreted 
with caution as the adjustment method was developed using US 
crop yield data and has not yet been independently validated with 
yield observations from other regions; moreover, the EM-DAT 
reports total damages across all sectors rather than agricultural 
losses exclusively.

Projected flood-induced agricultural losses under future 
climate change
Using the same methodology, we adjusted the projected crop yield 
responses to future climate change provided by GGCMI Phase 3b 
(see Materials and Methods for details). In the United States, the 
original yield projections suggested minimal agricultural losses un-
der extreme wet conditions, with lossED exceeding lossEW by more 
than twofold in nearly all states. However, as clearly demonstrated 
in Fig. 1, this prediction is biased because the original crop models 
failed to adequately represent the flood impacts on crop yields. After 
incorporating the crop flooding stress adjustment, the projected av-
erage annual lossEW during 2015 to 2100 under SSP585 would reach 
~$287 million, $234 million, and $212 million for maize, soybean, 

A B C

D E F

G H I

Fig. 2. Comparison of reported flood-induced indemnities and estimated crop losses in the continental United States. (A to C) Time series of annual reported in-
demnities due to excessive rainfall and flooding (from USDA-RMA) and estimated flood-induced losses for maize (A), soybean (B), and wheat (C) during 1991 to 2015. 
Spearman’s rank correlation coefficients (R) and their significance levels are shown. The consistency indices (CI₅ and CI₁₀) represent the proportion of years in which the 
top 5 (or top 10) years of reported indemnities also appear among the top 5 (or top 10) years of estimated losses. The insets display scatterplots of state-level reported 
indemnities versus estimated losses, with corresponding R values and significance levels (**P < 0.01, two-sided Spearman correlation test). (D to F) Spatial distribution of 
average annual flood-induced indemnities for maize, soybean, and wheat across individual states during 1991 to 2015. (G to I) Spatial distribution of the corresponding 
estimated flood-induced crop losses for maize, soybean, and wheat.
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and wheat, respectively. Moreover, lossEW is anticipated to surpass 
lossED in about 40, 27, and 55% of states for these crops (Fig. 4, 
A to C). High-risk states include Illinois, Indiana, Iowa, Kansas, 
Minnesota, Mississippi, Missouri, and Nebraska, a distribution that 
closely aligns with states historically reporting high flood-induced 
indemnities (Fig. 2).

Temporally, flood risks are expected to intensify under high-
emission scenarios, with increasing flood depths (Fig. 4, D to F). The 
lossEW for soybean and wheat are projected to generally rise with flood 
depths under SSP585, whereas maize shows a slight decline in lossEW . 
As a C4 crop, maize gains limited photosynthetic benefit from elevat-
ed CO2, and higher temperatures tend to suppress growth, reducing 
yields. Consequently, even under comparable or slightly increased 
flood risks, maize losses tend to decrease. We also examined the sen-
sitivity of future crop loss estimates to pricing assumptions (see text 
S4). Using a dynamic crop price approach, which accounts for price 
increases under reduced yields (fig.  S20), produces higher absolute 
loss estimates, but the main conclusions—including the relative dif-
ferences between losses under extreme dry and extreme wet condi-
tions, as well as the projected trends in lossEW—remain broadly 
consistent (fig. S21).

Under the low-emission SSP126 scenario, projected crop losses 
differ from those under SSP585, with soybean and wheat losses 
slightly lower and maize losses slightly higher (fig. S11). This pattern 
again reflects maize’s distinct response to elevated CO2 compared 
with soybean and wheat. Notably, the upward trends in flood risks 
and associated crop losses are less pronounced under SSP126 (fig. S11, 
D to F), with projected wheat losses shifting from a significant in-
crease under SSP585 to a slight decrease under SSP126. These results 
highlight the potential benefits of emission reductions in mitigating 
future food risks.

Extending the projections to the global scale, the adjusted simu-
lations once again reveal that, in contrast to the original projections, 
flood-induced crop losses are likely to be comparable to or even ex-
ceed drought-induced losses across many regions under the fu-
ture climate scenario (fig. S14). We further identified the countries 
with the highest projected crop losses and their associated econom-
ic losses. These countries correspond to those with extensive crop 
areas and a history of high flood risk, including the United States, 
China, Brazil, India, and Mexico (Fig. 5, A to C). However, when 
considering economic status and population size, these nations are 
not the most vulnerable (Fig. 5, D to I). In low-income developing 
countries, where household food supplies and economic develop-
ment heavily depend on specific crops, flood-induced losses have a 
disproportionately large impact. For instance, wheat losses in some 
Central Asian countries could reach ~1.0 per mil (‰) of gross do-
mestic product (GDP), compared with a global average of ~0.04‰ 
(Fig. 5F). In South America, per capita soybean losses in countries 
such as Argentina, Paraguay, and Bolivia are projected to be 20 to 30 
times higher than the global average (Fig. 5H). Similarly, maize loss-
es in many African nations could pose notable challenges to already 
fragile local economies (Fig. 5D). Although these projections inevi-
tably involve uncertainties, they provide valuable insights into spa-
tial disparities in agricultural impacts of flooding and highlight 
vulnerable regions where targeted adaptation and risk management 
efforts are urgently needed.

DISCUSSION
Global warming is expected to intensify rainfall extremes, increasing 
both drought and flood risks (32). Although current global crop mod-
els capture yield losses under drought, they largely fail to represent 

A B

Fig. 3. Comparison of crop losses under extreme dry and wet conditions in the continental United States. (A) Mean annual crop losses in extreme dry conditions 
(ED) and extreme wet conditions (EW) for maize, soybean, and wheat, based on original (org) and adjusted (adj) crop simulations. Numbers above the bars denote the 
ratio of losses in ED relative to EW. The inset shows mean annual drought- and flood-induced indemnity amounts for the three crops. (B) Ratios of estimated losses in ED 
to those in EW, expressed as the proportion of states falling into different ratio ranges for the three crops, based on original and adjusted crop simulations. The inset shows 
analogous results for the ratio of drought- to flood-induced indemnities.
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flood-induced damages, limiting reliable projections of future agricul-
tural risks. To address this gap, we developed an innovative framework 
that quantifies crop flooding stress by integrating state-of-the-art glob-
al crop yield and flood simulations. Conceptually, the framework uses 
a top-down strategy that couples two physics-based models—a crop 
model and a floodplain model—through a crop flooding stress algo-
rithm. The algorithm represents the flood impacts on crops using a 
monotonically increasing convex curve with an upper asymptote 
(fig. S4). Two parameters, linked to soil properties (drainage capacity 
and water-holding capacity) and crop type, shape this curve. Unlike 
conventional bottom-up modeling approaches (12,  28–30), which 
simulate specific physiological processes of crop growth—such as pho-
tosynthesis, root development, phenology, and nutrient uptake, our 
method provides a generalized representation that avoids the com-
plexity and uncertainties associated with numerous process-specific 
parameters. This approach, although currently applied only to maize, 
soybean, and wheat due to data limitations, is simple, efficient, and 
readily extendable to other crops and production systems.

Validation demonstrates that the adjusted simulations align well 
with observed yield responses to flooding (Fig. 1) and provide reli-
able estimates of flood-induced economic losses at both regional 

and global scales (Figs. 2 to 3 and fig. S10). When applied to future 
climate scenarios, the framework—unlike projections based on 
the original yield estimates suggesting very limited impacts from 
flooding—indicates that flood-induced losses could be comparable 
to or even exceed drought-induced losses in many regions (Fig. 4 
and fig. S14). Although multiple models introduce considerable un-
certainty (crop models, in particular, are likely a major source of vari-
ability compared to climate and hydrological models; figs. S12 and 
S13), these findings underscore the importance of giving flood miti-
gation equal priority alongside drought management to address po-
tential food crises under future climate change.

Despite these improvements, the flooding stress adjustment im-
plemented here remains a simplified approximation. Crop yield re-
ductions from excessive water can arise through multiple pathways, 
including prolonged soil saturation, impaired root respiration, re-
duced solar radiation, nutrient leaching, and heightened pest and 
disease pressures (12, 13, 28, 33). The severity of these impacts also 
depends strongly on the timing of flood events as crop vulnerability 
to flooding varies across different growth stages (8, 9, 34). Moreover, 
future changes in temperature, precipitation, CO2 concentrations, 
and agricultural technologies (e.g., hybrid cultivars and improved 

A B C

D E F

Fig. 4. Crop losses under extreme wet conditions in the United States under the SSP585 scenario based on the static price assumption. (A to C) State-level an-
nual crop losses under extreme wet conditions ( lossEW

adj
 ) for maize, soybean, and wheat, respectively, averaged over 2015 to 2100. The inset compares national annual 

losses under extreme wet conditions based on original and adjusted yield projections ( lossEW
org

 versus lossEW
adj

 ). The ring chart shows the proportion of states in different ratio 
categories, where the ratio is defined as lossED/lossEW , calculated from original and adjusted projections. As in Fig. 3, blue indicates a ratio of <1, light pink indicates 1 to 2, 
and pink indicates >2. (D) Time series of total crop losses, yields, and average flood depth for maize in the United States from 2015 to 2100, with the black dashed line 
indicating the ordinary least-squares regression trend; significance is assessed using a two-tailed Student’s t test. The dots denote 5-year averages (centered on the given 
year), and the solid curves represent the moving averages. (E and F) Same as (D) but for soybean and wheat. dec, decade.
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soil and nutrient management) may have interactive effects on crops 
(35–37) that are difficult to capture within our current framework. 
Thus, the method should be regarded as a pragmatic empirical so-
lution, rather than a substitute for fully mechanistic models. It rep-
resents a useful interim step reflecting current model limitations. 
Advancing global crop modeling will require tighter coupling of hy-
drological and agronomic processes, incorporation of physiological 

crop responses to inundation, and coordinated multimodel experi-
ments. As these developments mature, empirical adjustments like 
ours may be refined or replaced by comprehensive process-based 
approaches.

Another limitation lies in the economic assumptions underpin-
ning our loss estimates. First, our estimation of future crop prices was 
simplified, relying on two approaches: a static assumption based on 

A B C

D E F

G H I

Fig. 5. Projected crop losses under extreme wet conditions in future climate scenarios. (A to C) Projected losses of maize, soybean, and wheat under the SSP585 
scenario for the top 10 most affected countries on each continent (outer bars). Middle bars show the corresponding global losses under both SSP126 and SSP585 sce-
narios. (D to F) Same as (A to C) but expressed as a share of national GDP. (G to I) Same as (A to C) but expressed as per capita production losses.
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historical averages and a projection derived from historical yield-
price relationships. However, crop prices are also influenced by 
broader economic factors such as inflation, policies, and market dy-
namics (38). Future studies should address this limitation by cou-
pling crop models with economic frameworks that simulate market 
responses, trade, and policy effects to provide more comprehensive 
projections of economic shocks. Second, our loss estimates assume 
static future farm management and harvested areas. In practice, 
farmers may adopt adaptive strategies to mitigate flood risks, includ-
ing changing planting dates, switching crop varieties, and imple-
menting engineering measures to reduce flood exposure. Likewise, 
future harvested areas may shift in response to socioeconomic driv-
ers such as land value, global demand, and policy incentives (39, 40). 
Because total production depends on both yield and harvested area, 
these changes could either buffer or amplify climate-induced im-
pacts. Capturing these interactions would require coupling crop 
models with integrated assessment models or other socioeconomic 
frameworks capable of representing dynamic land-use and manage-
ment decisions. Although such integration is beyond the scope of this 
study, we acknowledge that omitting adaptive behavior and land-use 
dynamics introduces notable uncertainty into our crop loss projec-
tions. Therefore, our results should be interpreted as scenario-based 
assessments that reflect potential climate risks under static manage-
ment assumptions. Last, our analysis focuses on direct local impacts, 
neglecting secondary effects transmitted through global trade. For 
example, subsequent increases in food prices and potential export 
restrictions could further exacerbate food security challenges, par-
ticularly in import-dependent regions (41, 42). Overall, future flood-
induced agricultural losses depend not only on climate trajectories 
but also on adaptation measures and feedbacks operating across mul-
tiple levels—from farmers to institutions and policy systems.

In summary, this study underscores the substantial and escalating 
risks of flood-induced crop losses under high-emission scenarios, 
although outcomes vary across crops and regions. The estimations 
provide a scientific basis for strategic adaptation, including shifting 
cultivation from high-risk to low-risk zones and strengthening flood 
prevention and management. Effective measures may include affor-
estation, crop variety improvements, restoration of riparian vegeta-
tion, and engineering interventions such as dredging, straightening, 
stabilization, levees, and enhanced drainage. By identifying hotspots 
of vulnerability and quantifying potential losses, our findings con-
tribute to prioritizing disaster risk reduction and adaptation strate-
gies, offering critical insights for protecting both agricultural systems 
and the populations that depend on them.

MATERIALS AND METHODS
Crop yield and insurance data in the United States
County-level yield and harvest area data from 1980 to 2015 were ob-
tained from the USDA National Agricultural Statistics Service 
(USDA NASS; https://quickstats.nass.usda.gov/). The NASS dataset 
is compiled from multiple sources, primarily extensive surveys con-
ducted during the production year (including area-frame surveys, 
stratified sampling of farms, and farmer interviews) (43). Recognized 
as the highest quality crop production data in the United States, this 
dataset has been extensively used in climate and agriculture studies 
(21, 44). According to these data, maize, soybean, and wheat are the 
most widely distributed and high-production crops in the US. Given 
the necessity for ample observational data for calibration, this study 

focuses on these three crops. County-level crop insurance data for the 
same period were obtained from the USDA-RMA. These data include 
details on the “Cause of Loss” (https://legacy.rma.usda.gov/data/
cause.html) and “Summary of Business” (https://www.rma.usda.gov/
tools-reports/summary-of-business), which specify the causes 
of loss reported by farmers (e.g., drought, heat, and excessive rain-
fall), as well as the indemnity and premium amounts for various 
causes of loss (fig.  S1). Daily precipitation data from 1980 to 
2015, with a 4-km spatial resolution, were obtained from PRISM 
(https://prism.oregonstate.edu/) (45).

Global crop simulations
This study uses crop model simulations from GGCMI3, which is part 
of the Agricultural Model Intercomparison and Improvement Proj-
ect (AgMIP) and contributes to the agricultural sector of the Inter-
Sectoral Impact Model Intercomparison Project (ISIMIP). GGCMI 
Phase 3 consists of two components: Phase 3a, in which all crop 
models are driven by historical climate reanalysis data (GSWP3-
W5E5), and Phase 3b, which uses bias-adjusted and downscaled 
CMIP6 climate projections harmonized within ISIMIP3b. All simu-
lations are conducted at a 0.5° global grid resolution. A detailed de-
scription of the GGCMI Phase 3 crop modeling protocol is available 
in Jägermeyr et al. (17). A brief overview is summarized below.

Model harmonization in GGCMI3 mainly involves standardized 
inputs for crop calendar, fertilizer applications, and soil characteris-
tics. Additional protocol elements are recommended but not man-
datory as not all models can accommodate every feature. The crop 
calendar, provided by Jägermeyr et al. (17), specifies planting and 
maturity dates for each crop and grid cell, separately for rainfed and 
irrigated systems. Growing season inputs are held constant over 
time to avoid confounding trends. Each model calculates the refer-
ence heat units required for physiological maturity by averaging an-
nual heat sums across growing seasons from 1979 to 2010. Fertilizer 
management includes mineral fertilizer inputs (NH4NO3), which 
are crop specific and derived from the LUH2 dataset, and manure 
application inputs (C:N ratio, 14.5) that are grid cell specific but 
constant across crops. Fertilizer is applied following a simple sched-
ule: 20% at sowing and 80% when 25% of the required heat units 
have accumulated. All other nutrients are assumed nonlimiting. At-
mospheric nitrogen deposition, separated into NHx and NOy com-
ponents, is fixed at 2015 levels (46). Soil input data are primarily 
obtained from the Harmonized World Soil Database (HWSD), ag-
gregated to 0.5° resolution to be cropland specific. Some models use 
alternative datasets (e.g., the Global Soil Dataset for Earth System 
Modelling) due to difficulties in retrieving all soil parameters from 
the HWSD (47, 48). All crops are simulated under both rainfed and 
fully irrigated conditions. Irrigation is implemented by resetting soil 
moisture daily to field capacity without water limitations. Simula-
tions are independent of present-day cropland distribution; in post-
processing, cropland extent and irrigated fractions are imposed 
using the MIRCA2000 dataset (Global Data Set of Monthly Irrigated 
and Rainfed Crop Areas around the Year 2000) (49).

For the historical analysis, we used GGCMI Phase 3a outputs 
driven by the GSWP3-W5E5 climate dataset. Simulations were con-
ducted with and without irrigation under default settings (i.e., stan-
dard assumptions for crop calendars, fertilizer inputs, and soil 
parameters) and static socioeconomic inputs (i.e., socioeconomic 
factors and farm management practices fixed at 2015 levels). We fo-
cused on three major crops—maize, soybean, and wheat—given 
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their broad cultivation in the United States and the availability of 
extensive yield observations. Crop models that provided yield simu-
lations for all three crops were selected, including ACEA, CROVER, 
EPIC-IIASA, ISAM, LDNDC, LPJmL, pDSSAT, PEPIC, PROMET, 
and SIMPLACE-LINTUL5.

For the future projections, we used GGCMI Phase 3b outputs, 
which contribute to CMIP6 impact assessments in coordination with 
ISIMIP Phase 3b, where GGCMI represents the agriculture sector. All 
simulations assumed fixed year-2015 direct human influences and 
used default settings. Climate inputs were derived from bias-adjusted 
and downscaled CMIP6 model outputs, processed within the ISIMIP 
framework to provide daily data on a 0.5° × 0.5° global grid. Bias ad-
justment was conducted using a quantile-mapping approach based on 
the observational W5E5 v1.0 dataset. Future climate projections con-
sidered five CMIP6 models—GFDL-ESM4, UKESM1-0-LL, MPI-
ESM1-2-HR, IPSL-CM6A-LR, and MRI-ESM2-0—which together 
span a broad range of equilibrium climate sensitivity, under two cli-
mate change scenarios: a high-emission pathway (SSP585) and a low-
emission pathway (SSP126).

Yield response to extreme climates
We used the yield percentage change ( ΔYi ), which was calculated as 
the difference between the actual yield ( Yi ) and the trend yield ( YTi ) 
for a specific year i divided by the trend yield ( YTi ), to assess the 
impact of extreme climates on crop yield

The trend yield was estimated by fitting a linear trend to the an-
nual yield time series over the study period using least-squares regres-
sion. The resulting temporal trend generally reflects improvements 
driven by technological advances, enhanced management practices, 
and long-term climate influences such as rising CO2 concentrations. 
Deviations from this trend can be attributed to external shocks, in-
cluding extreme climate events, plant diseases, violent conflicts, or 
epidemics. As extreme climate events occur more frequently than 
other disruptive factors, this method is commonly used to assess the 
impacts of extreme climatic conditions on yield variability (11).

The extreme climates, referring to the extremes in water availabil-
ity for crops in this study (either dry or wet conditions), were as-
sessed using standardized anomalies, commonly known as z-scores, 
of growing-season precipitation. These standardized anomalies were 
calculated by quantifying the deviation of annual growing-season 
precipitation from its climatological value and subsequently nor-
malizing it by the SD (σ). Extreme dry conditions were defined as 
precipitation anomalies below −2σ, and extreme wet conditions were 
defined as anomalies exceeding +2σ.

On the basis of the yield percentage changes and their correspond-
ing precipitation anomalies for each county-year sample, we derived 
the crop yield response to extreme climates (Fig. 1) by calculat-
ing the average yield percentage change within individual precipi-
tation anomaly bins (at intervals of 0.5σ). Within each bin, the yield 
percentage change was determined as the weighted average, consider-
ing all county-year samples falling within that particular bin, with the 
weighting factor being the harvest area. For individual counties, calcu-
lating the average impact of extreme climates involves determining the 
weighted average yield percentage change over the years identified as 
extreme, again using the harvest area as the weighting factor.

To compare the outcomes of crop model simulations with obser-
vations, we aggregated the observed yield percentage change and 

harvest area for each county to a 0.5° grid box, following the method 
outlined by Li et al. (13). If a county’s center falls within a 0.5° grid 
box, we assigned the county and its corresponding crop yield and 
harvest area to that specific grid box. In cases where a grid box con-
tains multiple counties, we calculated the average values of crop 
yield using an area-weighted approach. The harvest area was aggre-
gated for that grid box. Subsequently, we computed the responses 
of observed and simulated crop yield to extreme climates using the 
area-weighted aggregation method described above.

Global flooding simulations
We applied the Catchment-based Macro-scale Floodplain model 
(CaMa-Flood) to simulate global river-floodplain hydrodynamics at 
a daily scale. CaMa-Flood discretizes the entire river networks into 
irregular unit-catchments with the subgrid topographic parameters 
for the river channel and floodplains. It uses a diagnostic scheme at 
the unit-catchment scale to approximate the complex processes of 
floodplain inundation. To optimize the prognostic computation of 
water storage, it implemented the local inertial equation and an adap-
tive time-step scheme. This approach offers high computational effi-
ciency, which is advantageous for global-scale implementations. The 
river-floodplain parameterizations for the model were derived from 
the MERIT Hydro (Multi-Error-Removed Improved-Terrain) data
set, which is based on the MERIT DEM and multiple inland water 
body datasets (50, 51). A comprehensive description of the model’s 
physics, parameterization methods, and sensitivities to input param-
eters can be found in the previous literature (52–54). In our study, 
CaMa-Flood was driven by global hourly runoff data spanning the 
period from 1981 to 2010, obtained from the ERA5-Land hourly da-
taset (55), with river topography maps at a spatial resolution of 0.25°.

CaMa-Flood has been widely validated and proven effective in 
simulating river flow processes and flooding dynamics (15, 56). Here, 
we validated the simulated global historical flood dynamics by com-
paring them with satellite-based water surface observations. Global 
Inundation Extent from Multi-Satellites (GIEMS) data (57) serve as 
the most commonly referenced satellite inundation maps for validat-
ing model performance across extensive areas and over long periods, 
available monthly from 1993 to 2007. Figure S3 illustrates the global 
distribution of simulated and satellite-based average annual maxi-
mum inundation fractions. The simulation accurately captured re-
gions where the satellite-based inundation fraction exceeded 0.1 with 
an accuracy of 97%. Although 28% of grids with a simulated inunda-
tion fraction greater than 0.1 were not observed in the remote sensing 
data, many of these corresponded to lakes, such as the Great Lakes in 
the United States (fig. S3B). In addition, there is strong temporal con-
sistency between the simulations and the satellite-based dataset, with 
positive correlations observed in approximately 75% of the grids.

An empirical adjustment for flooding stress in global 
crop simulations
Given the lack of explicit flood response mechanisms in most global 
process-based crop models, we implemented an empirical adjust-
ment to approximate the impacts of flooding on crop yields. Specifi-
cally, we adjusted the simulated yields using the following equation

where Yorg denotes the original crop yields simulated by global crop 
models participating in GGCMI3 (tonne ha−1 year−1), Yadj denotes 

ΔYi =
(

Yi−YTi

)

∕YTi × 100% (1)

Yadj = Yorg ×
(

1− fadj
)

(2)
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the adjusted crop yields, and fadj is a dimensionless coefficient rang-
ing from 0 to 1 that represents the fractional yield loss due to flooding.

Flooding is quantified in terms of floodplain water depth, which 
can be simulated using CaMa-Flood. When an area experiences 
continuous flooding for 5 consecutive days, the crops are considered 
to be affected by floods. In this study, we used the annual maximum 
value of the minimum floodplain water depth over 5 consecutive 
days ( fd5d−max ; cm) during the crop growing period (from planting 
day to maturity day) to represent the magnitude of floods that affect 
crop yields in a given year. With fixed crop type and location, fadj 
exhibits the following characteristics: (i) fadj​ ranges from 0 to 1, (ii) 
a larger value of fd5d−max corresponds to a larger fadj , and (iii) as 
fd5d−max rises, the increase in fadj due to a one-unit increase in 
fd5d−max shows a marginally decreasing pattern (i.e., increasing the 
water depth merely causes a smaller increase in fadj when the water 
depth is already high). Therefore, we used the following equation to 
quantify the relationship between fd5d−max and fadj (fig. S4)

where fv is a parameter that determines the shape of the fd5d−max ~ fadj 
curve. As fv increases, the corresponding fadj for the same fd5d−max​ 
rises. Thus, this parameter indicates the vulnerability of the crop 
and/or region to flooding, with a higher fv representing higher vul-
nerability.

The vulnerability parameter ( fv ) can be determined by two key 
factors: the tolerance of crops to waterlogging ( vcrop ) and the soil 
hydraulic properties ( vsoil ), as indicated in Eq. 4. Regions with high-
er soil saturated hydraulic conductivity ( ks , representing drainage 
capacity) and larger root zone soil water storage capacity ( ws , repre-
senting water-holding capacity) are less likely to experience detri-
mental waterlogged conditions for crops. Therefore, we used Eq. 5 
to calculate the parameter vsoil that represents flooding vulnerability 
related to soil hydraulic properties. In this equation, we standard-
ized ks and ws by dividing them by their respective global mean val-
ues to obtain dimensionless parameters ksnorm and wsnorm (fig. S2). 
The global ks and ws data were obtained from a global dataset of soil 
hydraulic parameters provided by Dai et al. (58) and a Global Soil 
Texture and Derived Water-Holding Capacities dataset provided by 
Webb et al. (59), respectively

The parameter representing the vulnerability of crops to water-
logging ( vcrop ) was estimated through calibration. Specifically, we 
calculated Yadj on the basis of an assumed vcrop value and then com-
pared the response curve of Yadj to extreme climates with that of Yobs 
to extreme climates. The optimal vcrop​ was identified as the value that 
minimized the bias between the two curves. We further conducted 
a cross-validation analysis to evaluate the robustness of the calibrat-
ed parameter (see text S2 for details).

Crop loss estimation and validation
Crop loss due to flooding, measured in US dollars (USD), was esti-
mated using the following equation

In this equation, Yi,c
org

 and Yi,c

adj
 represent the original and adjusted 

crop yield simulations, where the subscripts i and c denote the indi-
ces for the year and grid/country, respectively. A is the harvested 
area (in hectares, ha), obtained from global gridded harvest area 
data at a 0.5° resolution (49). V denotes the loss or indemnity value 
per unit crop weight (USD tonne−1). Because detailed indemnity 
policy data are not globally available, we approximated V as the 
product of crop market price (P) and an indemnity coefficient (α). 
Details on the specifications of P and α, as well as their influence on 
loss estimates, are provided in text S3. The loss estimates presented 
in the main text are based on the 5-year average crop price and a 
stepwise indemnity coefficient that increases progressively with 
yield loss severity. Country-specific crop prices from 1991 to 2015 
were obtained from the FAO statistical database (www.fao.org/faostat/
en/#data/PP). When price data were not available for specific coun-
tries or years, we substituted the median price across all other coun-
tries for that year.

In the United States, we compared the estimated flood-induced 
crop losses with the indemnity amounts reported by the USDA-
RMA on both spatial and temporal scales for individual crops. 
Globally, we contrasted the estimated crop losses due to floods 
against the annual economic damages caused by flooding at the 
country level, as documented by the EM-DAT (10). Although the 
EM-DAT, being a country-level, self-reported database of extreme 
events, may introduce biases due to varying standards among coun-
tries and other factors, it is still recognized as one of the most de-
tailed and reliable datasets for disaster losses globally, extensively 
used across multiple disciplines (16, 60).

To compare crop losses under extreme dry and wet conditions, 
we applied a similar approach. Crop losses under extreme dry con-
ditions were estimated using

Here, the subscript ED denotes the extreme dry conditions, YED​ 
represents the crop yield under extreme dry conditions, and YTED​ is 
the corresponding trend yield. A and V are defined as in  Eqs.  6 
and 7. It should be noted that extreme dry and wet conditions were 
identified at the grid cell level. Their impacts on crop yield were like-
wise estimated at the grid cell scale and subsequently aggregated to 
the state or national level, rather than being calculated directly at 
those larger scales.

Crop loss projection under future climate scenarios
To adjust crop yield simulations in GGCMI Phase 3b and project 
future crop losses, we first performed flood simulations under future 
climate scenarios. Global runoff projections from six hydrological 
models—classic, h08, jules-w2, miroc-integ-land, watergap2-2e, and 
web-dhm-sg—were used within the ISIMIP3b framework. The cli-
mate inputs for these hydrological models were the same bias-
adjusted and downscaled CMIP6 projections used for the crop 
models. The resulting runoff data were subsequently input into 
CaMa-Flood to simulate global river-floodplain hydrodynamics un-
der future climate conditions.

fadj =
fd5d−max

(

1+ fd5d−max
fv
)1∕fv (3)

fv = vcrop × vsoil (4)

vsoil = 1∕
(

ksnorm×wsnorm
)

(5)

lossi,c =min
(

0,Yi,c
adj

−Yi,c
org

)

× Ac × Vi,c (6)

Vi,c = Pi,c × α (7)

lossED =min
(

0,YED−YTED

)

× A × V (8)
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Next, we applied the same methodology used for historical peri-
ods to adjust future crop yield predictions based on the flooding 
simulations, thereby estimating future crop losses. For historical pe-
riods, losses were estimated using reported crop prices. For future 
analyses, two crop price schemes were considered: (i) a static price, 
based on the historical average, and (ii) a dynamic price, derived 
from the historical yield-price relationship. Detailed information is 
provided in text S4. The results presented in the main text are based 
on the static price approach.

To further contextualize the economic impact, we used a global 
gridded dataset of GDP from 1991 to 2015 to calculate crop losses as 
a share of GDP for individual countries. In addition, a global grid-
ded population dataset at 5-year intervals for 2020 to 2100 under 
different emission scenarios (61) was used to estimate per capi-
ta losses.

Supplementary Materials
This PDF file includes:
Figs. S1 to S21
Supplementary Text S1 to S4
Table S1
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