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CLIMATOLOGY

Vulnerability to high temperature shapes global

warming impacts on rice yield

Yiwei Jian"2, Xuhui Wang1*, Jonas Jégermeyr3'4'5, Philippe Ciais®, Christoph Miiller®,
Jakob Zscheischler?’, Tao Li%, Kun Chengg, Pengfu Hou'?, Jianliang Huang", Shan Huang‘z,
Yu Jiang'3, Bin Wang'#, Zhenwei Song'?, Zuolin Zhang'®, Peng Zhu'’, Feng Zhou

Complex and spatially varying warming impacts on rice yield hinder climate change impact assessments on food
security. To address this issue, we compiled a global dataset of field-warming experiments (n = 214) and analyzed
stage-specific crop responses to temperature variations. Results show that exposures to high (30° to 35°C) and
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extreme high (>35°C) temperatures are the dominant drivers of warming-induced rice yield losses, primarily through
harvest index reductions. One additional exposure day above 30°C during the reproductive stage reduces rice yields
by 1.1 to 1.8%. In contrast, current global gridded crop models underestimate this sensitivity, simulating only 0.1 to
1.3% yield loss per exposure day. After adjusting the model biases, we estimate that global rice yield losses de-
crease by 8.1% under 1°C of global warming, approximately twice the unadjusted estimates, with South and
Southeast Asia being the most vulnerable regions. Our results highlight the critical role of high-temperature ex-

posure in shaping warming impacts on rice yield.

INTRODUCTION

The threat of warming-induced yield loss of rice, the staple food crop
for more than half of the global population, has been acknowledged
because of increasing qualitatively converging evidences (1-4). The
vulnerability of global rice yield to warming, however, varies widely
from —2.3 to —8.3% per 1°C of warming across studies using different
approaches (5-7). The spatial variations in warming-induced yield
loss are even larger (6-9), which has precluded sound scientific
planning for adaptation and mitigation efforts.

Current warming impact assessments at regional or global scales
often conflate the effects of increasing seasonal mean temperature
with those of high-temperature exposures, thereby overlooking the
fact that these two aspects of warming affect yield through distinct
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physiological pathways (10, 11). Warmer seasonal mean temperatures
not only accelerate crop development, thereby shortening the grow-
ing period and leading to less biomass accumulation (12), but also
increase growth respiration, leading to reduced net carbon assimilation
and lower assimilate availability for grain filling (13-15), particu-
larly when nighttime warming occurs. In contrast to these gradual
effects of seasonal warming, more high-temperature exposures im-
pose stress during critical reproductive stages, such as flowering and
grain filling (16). These events cause acute damages to enzymes, tis-
sues, or reproductive organs and impair biomass allocation, resulting
in yield losses (17, 18). Without a clear distinction between the ef-
fects of increasing seasonal mean temperature and high-temperature
exposures, projections of future warming impacts on crop yields
may be strongly biased. For example, global crop models underesti-
mate high temperature-induced yield losses by up to 70% in major
rice-growing regions (19), leading to questions on the reliability of
their projections (20-22).

Field-warming experiments, which expose rice to artificially el-
evated temperatures, are regarded as a local benchmark for yield
responses to warming, although their spatial coverage is limited
globally (6). The warming level commonly imposed (e.g., 1° or 2°C)
in the experiments does not only increase seasonal mean tempera-
ture but also the exposure days of rice to high temperature (23). How-
ever, previous studies have not separated their distinctive effects,
thereby obscuring the relative contributions of the two pathways
to the observed warming impacts and the large variability among
warming magnitudes and sites.

To address this research gap, we first compiled a global dataset of
control and warming paired observations from the peer-reviewed
literature. We then conducted warming experiments at 12 field sites in
China, which increased the number of cases with high-temperature
exposures of rice by 40% (see Materials and Methods). Using the
combined dataset of 214 paired observations (Fig. 1A, table S1, and
data S1), we quantified the yield sensitivities to high temperature
during the vegetative and reproductive stages. Then, we evaluated
global gridded crop models in diagnosing warming impacts on
rice yield. Insights from this evaluation allows us to identify model
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Fig. 1. High-temperature impacts on rice yield derived from global field-warming experiments. (A) Spatial distribution of field-warming experimental sites. Blue and
green circles denote sites where we conducted warming experiments and from peer-reviewed literature, respectively, with circle areas scaled to sample size per site. The
histogram illustrates the distribution of observed AY normalized by the magnitude of local warming (n = 214). Rice harvested areas are obtained from International Food
Policy Research Institute (59). The base map of the country boundaries is from the Global Administrative Areas dataset (https://gadm.org). (B) Yield sensitivity to cumula-
tive exposure days across different temperature bins during the growing season, expressed as the yield change if rice is exposed to a specific temperature bin for one
additional day (53). Sensitivities were estimated via bootstrapping (n = 1000) and shown as medians. Gray-shaded areas represent 95% confidence interval (Cls) derived
from 1000 sets of regression coefficients, and dots indicate coefficients significantly different from zero (P < 0.05, two-sided t test). R? represents the variance explained
by both fixed (temperature exposures) and random (site-specific variations) effects. The bottom histogram displays the average difference in exposure days between
control and warming treatments in each 1°C bin across all sites. (C) Site-level average yield changes due to increased seasonal mean temperature (AY; gray bar) and high

temperature above 30°C (A Ygx; blue bar), together with the ratio of AYgxr to AY, ordered by ascending AY; error bars represent 1 SD.

biases and to develop an improved estimate of global rice yield re-
sponses to 1° and 2°C warming constrained by empirical evidence
from the field-warming experiments.

RESULTS

The role of high temperature on rice yield losses

The warming impacts on rice yield (AY, defined as relative yield
change between control and warming treatment) exhibited a large
variation across experimental sites, ranging from —31.3 to 6.6% °C™"
(5th to 95th percentiles) when normalized by magnitude of elevated
temperature (Fig. 1A). Variation in AY was primarily driven by dif-
ferences in high-temperature exposures (i.e., cumulative exposure days
when hourly temperature exceeded 30°C during the rice-growing
season), which differed among sites due to variations in background
temperature and the magnitude of elevated temperature (fig. S1). We
then used a linear mixed-effects model to isolate high-temperature
effects on rice yield, which relates AY to the difference in cumulative
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exposure days within each 5°C temperature bin between the control
and warming treatments (see Materials and Methods). The results
showed that exposure to high temperatures (>30°C) was signifi-
cantly associated with yield reductions, with each additional day of
exposure reducing yields by 0.9 to 1.6% (P < 0.05), while exposure to
temperatures below 30°C has limited impacts on rice yield (P > 0.1;
Fig. 1B). The adverse effect of high-temperature exposures on yield
was robust across alternative model specifications, including those
with different forms of temperature variables and varying defini-
tions of temperature bin widths (3°, 4°, 6°, or 7°C; table S2).

Analyzing the yield responses to high-temperature exposure
(AYgxt) from the above model (see Materials and Methods), we
found that over ~70% of experimental sites, A Ygxr is more than
50% of AY, indicating the wide dominance of high-temperature
exposure in shaping warming impacts on rice yield. We also found
that the magnitude of AYgxr spatially correlated with AY (P <
0.001; Fig. 1C), further confirming the critical role of high-
temperature exposure.
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High-temperature impacts are stage dependent

We further analyzed high-temperature impacts on rice yield forma-
tion processes including the aboveground biomass (AGB) repre-
senting biomass accumulation and harvest index (HI) representing
the proportion of biomass allocated to grains. AGB and HI sensi-
tivities to high-temperature exposures were calculated separately
for the vegetative stage (when tillers are formed) and reproductive
stage (when panicles and grains develop). The results revealed that
warming-induced yield changes were mainly driven by reductions
in HI rather than by reductions in AGB (Fig. 2A and fig. S2). High-
temperature impacts on AGB and HI depend on growth stages:
High temperature during the reproductive stage mainly reduced HI,
whereas during the vegetative stage, it mainly reduced AGB. Spe-
cifically, HI exhibited strong sensitivity to high temperatures (>30°C)
during the reproductive stage, leading to yield reductions of 1.1 to
1.8% per day of exposure. In contrast, extreme high temperatures
(>35°C) during the vegetative stage mainly reduced AGB by 1.4%
per day of exposure and caused yield losses of 1.5% per day of expo-
sure, which were smaller than those observed during the reproduc-
tive stage (Fig. 2, B and C).

To gain a mechanistic understanding of stage-dependent high-
temperature impacts, we analyzed data from the warming experi-
ments at 12 field sites across China’s major rice-growing regions that
provide stage-specific measurements of crop phenology, morphol-
ogy, and physiology (data S1). By linking high-temperature ex-
posures to physiological and morphological traits, we identified
distinct pathways through which high-temperature exposures im-
paired rice yield formation. During the vegetative stage, extreme-
high-temperature exposures were significantly negatively correlated
with net photosynthesis rate, chlorophyll content, and leaf area in-
dex (P < 0.05), constraining assimilate production and thereby re-
ducing AGB (24). During the reproductive stage, prolonged and
intense high-temperature exposures resulted in a significant de-
cline in seed set rate, nitrogen transport efficiency, and carbon-to-
nitrogen ratios of stems (P < 0.001), potentially disrupting carbon
and nitrogen metabolisms and driving reductions in HI (table S3
and fig. S4).

A Growing season

B \Vegetative stage

Global crop models underestimated by half the warming
impacts on rice yield

Projecting rice yield responses to warming regionally or globally re-
quires typically relies on statistical approaches or process-based crop
models, with the latter providing wall-to-wall coverage that extends
the domain covered by sparse warming experiments. We confronted
the simulated yield responses to high temperature from the Global
Gridded Crop Model Intercomparison (GGCMI) phase 2 simulations
(25) with the experimental observations (see Materials and Methods).
Our analysis revealed that most crop models showed little yield
change in response to high-temperature exposures (Fig. 3). Only
three models (LPJmL, PEPIC, and PROMET) simulated notable rice
yield loss due to high-temperature exposures. Still, the magnitude of
their simulated yield loss (0.1 to 0.4% per day of exposure) is sig-
nificantly lower (P = 0.01) than the observation {0.9% [95% confi-
dence interval (CI): 0.1 to 1.7%] per day of exposure; Fig. 3A}. Even
stronger underestimations of rice yield loss by models were found
for extreme-high-temperature exposure, although most models show
some degree of yield loss in this case [0.3 to 1.3% per day of expo-
sure versus 1.6% (95% CI: 0.5 to 2.7%) per day of exposure, P = 0.04,
Fig. 3B]. Examination across the full temperature distribution fur-
ther showed that model-observation discrepancies stem from tem-
perature above 30°C, whereas sensitivities in moderate-temperature
ranges remain statistically indistinguishable (fig. S5).

This underestimation of the high-temperature impact on yield by
crop models largely arose from the underrepresentation of HI re-
sponses to high temperature (Fig. 3). Most models failed to explic-
itly account for reproductive reduction via impaired flowering and
oxidative stress, as well as possible spatial heterogeneity in sensitivi-
ties to high temperature (26, 27), despite partially capturing AGB
losses via reduced photosynthesis, shortened growing seasons, and
consequently less biomass accumulation (figs. S6 and S7). These dis-
crepancies underscore the need for current crop models to better
incorporate high-temperature impacts to enhance the reliability of
crop yield projections under future warming.

Accordingly, we performed bias correction on the global gridded
crop models based on the identified model-experiment differences
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Fig. 2. Sensitivities of rice yield, AGB, and Hl to high-temperature exposures. Sensitivities (i.e., regression coefficients estimated from Eq. 1 in Materials and Methods)
represent the marginal responses of yield, AGB, and HI to one additional day of exposure within specific temperature bins during the entire growing season (A), vegetative
stage (B), and reproductive stage (C). All temperature bins are explicitly included in the model specification; coefficients therefore represent the estimated effect of expo-
sure within each bin conditional on total exposure time across bins. The stage-dependent responses remained robust using different temperature bin widths (fig. S3) and
were qualitatively consistent with previous findings in other crops (71, 26). Coefficients are estimated via bootstrapping (n = 1000) and shown as medians. Shaded areas
denote 95% confidence interval derived from 1000 sets of regression coefficients, and dots indicate coefficients significantly different from zero (P < 0.05, two-sided t test).
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Fig. 3. Model performance in reproducing the high-temperature impacts on rice yield, AGB, and HI. (A) Sensitivity to high-temperature exposure (30° to 35°C).
(B) Sensitivity to extreme-high-temperature exposure (>35°C). Sensitivities are defined in the same way as in Fig. 2. For yield and its components (AGB and HI), box-and-
whisker plots show the distribution of sensitivities across seven crop models (colored dots), with the median marked. Edges are the first and third quartiles, and whiskers
extend to 1.5 times the interquartile range. The triangles indicate the sensitivities derived from field-warming experiment observations, with error bars showing the 95%
Cls. Statistical significance of differences between observed and simulated sensitivities was assessed using a two-sided z-score test (ns, P > 0.05; *P < 0.05; **P < 0.01).

in sensitivity to high-temperature exposure (see Materials and Meth-
ods), to provide an observation-constrained global estimate of the
rice yield response to warming. This approach maps the observed
high-temperature effects from experimental sites to the global scale,
which aligns well with the observations (Wilcoxon rank sum test,
P> 0.05; fig. S8).

By jointly using the bias-corrected and spatially explicit sensitivity
estimates and pattern of projected warming by Coupled Model Inter-
comparison Project phase 6 (CMIP6) Earth system models (see
Materials and Methods), we projected that, under 1°C increase in
global mean temperature, global rice yield reductions (weighted by
harvested area) amount to 8.1 + 2.3% (ensemble means + 1 SD),
which is double that of the original model ensemble (3.8 + 1.7%,
P < 0.01). There were pronounced spatial variations in the magni-
tude of correction, indicated by the differences between the original
simulation (AY*"8™ Fig. 4A) and the bias-corrected yield pro-
jection (AYPRscorrected, Bio 4B Tn South and Southeast Asia, yield
losses were substantially underestimated in the original simulations,
increased from 2.1 to 6.6% in Pakistan, India, and Bangladesh after
bias correction and from 3.7% to 7.7% in Thailand, the Philippines,
and Myanmar, largely due to large dose of high-temperature expo-
sures (Fig. 4C and figs. S9 and S10). In contrast, East Asian countries
such as China and Japan exhibited smaller underestimations (<2%).
A similar pattern emerged under the 2°C of global warming but
with larger yield reductions (fig. S11).

DISCUSSION

Methodologically, our study improves the rice yield response to high-
temperature exposure in current models by proposing a postsimulation
adjustment to global crop model simulations, resulting in a 8.1% global
rice yield loss in response to 1°C of global warming compared to 3.8%
before adjustment. The magnitude and spatial pattern of warming
impacts are mainly shaped by the effects of high-temperature exposure

Jianetal,, Sci. Adv. 12, eaed9226 (2026) 29 July 2026

that increase with global warming. Our observation-constrained es-
timate is consistent with field warming experiments but is double
that of the original model ensemble and close to the upper bound of
previous estimates (5-7). Compared with earlier emergent-constraint
studies that relied on aggregated temperature sensitivity (5, 6), our
approach explicitly separates nonlinear heat stress effects from
changes in seasonal mean temperature. This distinction is critical
because warming simultaneously shifts mean climate and increases
exposure to extreme heat, which affects rice yield through distinct
physiological pathways. In contrast to global statistical models that
infer responses from historical correlations and implicitly embed
adaptation (7, 8, 28), our results reveal more severe damage from
extreme heat than previously recognized, which is also in line with
recent statistical analyses on global crop yield finding temperature
anomalies in the high end causing larger yield loss (29).

Because the warming impacts are largely shaped by the high-
temperature effects, the uncertainty in the assessment thus lies
mostly in estimating the exposure and vulnerability of rice yields to
high temperatures. A temperature of 30°C is a widely used threshold
to detect the heat exposure for many crops, which is also consistent
with our analyses. Recent studies indicate that the threshold could
also vary from region to region due to adaptive managements (30).
Although the dose of heat exposure could vary, our sensitivity anal-
yses using various thresholds show qualitatively similar results
(figs. S3 and S6).

Our results also suggest that the stress of high-temperature expo-
sure on rice yield is less in biomass but more in processes control-
ling the HI, such as carbon allocation, grain formation, and grain
filling. High temperatures around anthesis cause spikelet sterility by
disrupting pollen viability and fertilization, resulting in a reduced
seed set rate and substantial yield loss (31). Beyond reproductive
failures, high temperatures accelerate grain filling while suppress-
ing starch synthesis by down-regulating key starch-accumulation
enzymes, inhibiting nitrogen transfer from stems to grains, and ultimately
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Fig. 4. Rice yield changes under 1°C of global warming before and after bias
corrections. (A) Spatial pattern of rice yield changes (AY°"9" %) under 1°C of
global warming based on GGCMI phase 2 simulations, scaled using local warming
magnitude from five CMIP6 models. Data are shown as multimodel ensemble
means from seven global gridded crop models and five global climate models in
the SSP5-8.5 scenario. (B) Spatial pattern of bias-corrected yield (A YP2sorected o)
under 1°C of global warming. Data are shown as the ensemble mean of 35,000 re-
alizations incorporating uncertainties from crop models (n = 7), climate models
(n = 5), and empirically derived yield sensitivities to high temperature (>30°C) via
Monte Carlo simulations (n = 1000). (C) Distribution of national-level yield changes
among the top 10 rice producing countries, ranked by total production (47). Box-
and-whisker plots show the spread of area-weighted national means for Ay°"oina!
and AyPiseorected 4 rqc6 35 000 ensemble members. Medians are marked as hori-
zontal lines, and box edges are the first and third quartile. Whiskers extend to 1.5 x
interquartile range, and triangles represent the ensemble means. There were sig-
nificant differences between AY®9nal gnd AyPiascorrected (p g 001) both at
the global and national levels based on the Wilcoxon rank sum test. Rice harvested
areas are obtained from International Food Policy Research Institute (59). The base
map of the country boundaries is from the Global Administrative Areas dataset
(https://gadm.org).

reducing grain weight and HI (32, 33). In addition, assimilate trans-
port to grains is constrained by phloem blockage or down-regulated
sucrose transporters, further limiting carbohydrate supply and source-
sink balance (34, 35). Hormonal imbalances (reduced auxin and cytokinin
levels) also impair panicle development and sink strength (36).

Our estimates should be interpreted within the context of physio-
logical effects. The temperature-yield relationships are derived from
single-factor warming experiments, which allow us to isolate high-
temperature effects from confounding water and nutrient stresses.
However, these experimental conditions may differ from farmer-managed
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fields, where yield outcomes also depend on complex interactions
among temperature, water availability, crop physiology, and canopy
energy balance (37). In particular, crop heat stress is mediated by
canopy temperature rather than near-surface air temperature. Be-
cause our global estimates rely on large-scale air temperatures, they
do not fully reflect irrigation-induced evaporative cooling, which can
substantially reduce canopy temperature relative to the surrounding
air (38-40). Consequently, our estimates for irrigated rice, which ac-
count for 75% of global rice production (41), represent the yield loss
driven by heat stress without possible canopy cooling effects from
irrigation. Conversely, in rainfed systems, yield losses associated
with high temperatures are likely to be amplified by the compound-
ing effects of thermal and hydrological stress losses via vapor pressure
deficit-induced stomatal closure and inhibited biomass accumula-
tion (42, 43). Supplementary analyses using GGCMI phase 2 out-
puts suggest that rainfed rice systems are generally more sensitive to
high temperatures, reflecting compounding heat-water stress inter-
actions, although the magnitude of this amplification remains un-
certain (fig. S18). These results highlight the critical need for future
studies to explicitly address complex heat-water interactions under
climate change, as compound heat and moisture extremes are pro-
jected to intensify (44, 45). The systematic underestimation of high-
temperature effects by global crop models that we found is consistent
with previous analyses (19, 22, 42, 46, 47), which is expected, given
that the processes mentioned above have not been taken account in
these models. While it urgently calls for incorporating these pro-
cesses, the bias-corrected estimates provide a remedy before the long
model improvement process completes. Our estimates also high-
light South and Southeast Asia as hotspots of compound heat expo-
sure and vulnerability (Fig. 4). It therefore requests region-tailored,
climate-resilient adaptations, such as adopting heat-tolerant crop
cultivars (48, 49), optimizing irrigation practices (50, 51), and en-
hancing soil quality that buffers against high-temperature stress (27).

MATERIALS AND METHODS

Field-warming experiment dataset

To investigate high-temperature impacts on rice yield, we first com-
piled a global dataset of field-warming experiments from the peer-
reviewed literature then conducted the warming experiments in
China for supplementing the cases of high-temperature exposure of
rice. Literature-based data were selected on the basis of the follow-
ing criteria: (i) Experiments conducted under irrigated rice systems in
open fields; (ii) warming treatments applied continuously (24 hours)
or during daytime for the entire growing season or for more than
2 months covering the reproductive stage; (iii) free-air infrared
heating of crop canopy or near-surface air under ambient environ-
mental conditions; and (iv) studies reported both control and warm-
ing treatment outcomes, including warming magnitude, timing, and
rice yields. This yielded a dataset comprising 128 paired observa-
tions at 17 sites. Notably, experiments with nighttime warming were
excluded. While warmer nights reduce yields mainly via source
limitation (e.g., increased respiration) (13-15), this study specifi-
cally targets the nonlinear, upper tail of the temperature distribu-
tion. Restricting data to daytime and all-day warming isolates the
acute, threshold-dependent sink limitations (e.g., pollen sterility)
that structurally drive yield loss under extreme heat (17). For each
observation, six categories of information were collected: (i) yield-
related variables such as actual yield, AGB, and HI; (ii) warming
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treatment characteristics such as magnitude, timing, and duration;
(iii) management practices such as nitrogen application rate, dates
of transplanting, booting, flowering, and maturity, and rice cultivar;
(iv) climatic variables such as daily mean and maximum temperature
and cumulative growing season precipitation (GSP); (v) soil proper-
ties such as clay content, organic carbon, bulk density, total nitrogen,
and pH in topsoil; and (vi) experimental information such geo-
graphic location and year.

To cover a broader range of high-temperature exposures, we con-
ducted the multisite field-warming experiments at 12 sites across
major rice-growing regions in China. All sites followed standard-
ized protocols under irrigation conditions, with continuous free-air
heating applied over the entire growing season. The imposed warm-
ing levels varied from 0.5° to 4°C across experiments. In addition to
the six categories of information mentioned above, our experiments
recorded crop morphological and physiological traits during the veg-
etative and reproductive stages (e.g., leaf area index, photosynthetic
rate, and carbon and nitrogen uptake in stems, leaves, and grains),
enabling the mechanistic analyses on how high temperature affects
yield formation processes. The experiment provided 86 paired ob-
servations, increasing the number of cases with high-temperature
exposures by 40% compared to literature-based data (fig. S12). A list
of 214 paired observations is provided in data S1.

We further assessed data representativeness by identifying grid
cells with similar growing season temperature (GST) and GSP to the
experimental sites, with a difference in GST < 1°C and GSP < 150 mm
(6). Results indicated that the field-warming dataset can generally
represent the climate characteristics of ~80% of global rice-growing
area. This evaluation was extended to annual mean temperature
(MAT) and annual mean precipitation (MAP), and yielded consis-
tent results across metrics (fig. S13).

Statistical analysis of yield responses to high temperature

To quantify high-temperature stress in field-warming experiments,
we first constructed hourly temperature time series for each paired
control-warming experiment. Daily maximum and minimum tem-
peratures were sourced from on-site observations when available
and interpolated to hourly values using a sinusoidal interpolation
(52, 53). Where site-level temperature data were unavailable, we
used ERA5 hourly data (the fifth generation reanalysis dataset of
European Centre for Medium-Range Weather Forecasts) as a base-
line temperature. For warming treatments, ERA5-based tempera-
tures were adjusted by adding the warming magnitude (AT) during
the treatment periods, based on reported timing and duration. Tem-
perature exposure was then defined as the total exposure days
(24 hours) of rice plants within each 1°C bin over the growing sea-
son, following Schlenker and Roberts (53).

We then developed a linear mixed-effects model to quantify the
high-temperature impacts on rice yield while avoiding the con-
founding effects of seasonal mean temperature increase. The model
assumes that yield change was nonlinearly related to cumulative ex-
posure days within each temperature bin (53)

N
AYj, =+ thl 8, x ATempBin,,, + Studysite; +&;, (1)

where AYj; refers to the warming impact on rice yield (%) at site i,
experiment j, and year t, quantifying as relative yield change be-
tween control and warming treatment groups. ATempBin;j, represents
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the difference of cumulative exposure days to temperature bin / be-
tween the control and warming treatments throughout the growing
season. Temperatures were aggregated into 5°C bins spanning the
full temperature range of observed growing-season conditions. Ex-
posure below 10°C occurs too infrequently during the rice-growing
season in our dataset to support reliable estimation and is therefore
excluded from the binned specification (fig. S14). This choice of bin
width avoids overfitting caused by sparse samples at finer bin widths
and maintains flexibility to capture nonlinear responses. Our main
specification uses a full-bin parameterization across the retained
temperature range to characterize the marginal yield sensitivity
across the full temperature distribution under warming and quan-
tify the contribution of each temperature bin to yield variation. J,
refers to the yield sensitivity, expressed as the yield change per ad-
ditional day of exposure in bin h. Studysite; is the random-effect
term accounting for the variability of background conditions across
study sites, and g;; is the residual error [g;; ~ N (0, 6%)]. The model
incorporated weights that accounted for intersite differences in sam-
pling frequency and replication, using site-level weights proportional
to the number of available observations at each site. Water stress was
not considered because irrigation was applied in all experiments.
Other climatic or management factors were excluded because of
weak correlation with AY (fig. S15).

To quantify yield loss due to high-temperature exposure, we first
calculated the yield change associated with each temperature bin by
multiplying the estimated coefficients (5) with the corresponding ex-
posure days (42, 54). High temperature-induced yield loss (A Ygxr)
was then defined as the cumulative impacts from temperature bins
with significantly negative coefficients (5, < 0 and P < 0.05)

A Yy i = ZheHSh X TempBin,,, (2)

where H denotes the corresponding set of temperature bins. In this
study, these bins correspond to the high-temperature (30° to 35°C)
and extreme-high-temperature (>35°C) ranges. Last, the contribu-
tion of high-temperature stress to the total warming-induced yield
changes was quantified as the fraction of the absolute yield change
attributable to high temperature relative to the total absolute yield
change induced by warming

X 100 %

. | A Yixr,j |
Ratio;;, =

= (3)
| AYgxr il + 1 AYy — AYpxrl

The stage-dependent high-temperature effects were further ex-
amined by relating rice yield and yield components (AGB and HI)
to temperature exposures during the vegetative and reproductive
stages, using the same approach as in Eq. 1.

Robustness checks
To assess the robustness of our estimated temperature-yield re-
sponse and ensure that specific modeling choice does not drive the
conclusion, we test a series of alternative model specifications.

1) M1: Model using the absolute temperature exposures in
warming treatments as independent variables, which define the real
thermal environment experienced by the crop

N
AYijt =)+ thl 5, X TempBinijth + Studysite; + &t (4)
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where TempBiny, represents the cumulative exposure days to tem-
perature bin # under the warming treatments throughout the grow-
ing season.

2) M2: Model includes an alternative low-temperature specifica-
tion. Although exposure below 10°C is negligible in our dataset, we
merge observations below 10°C with those in the range of 10° to
15°C to form a unified <15°C bin. This specification is used to assess
whether the estimated temperature-yield response is sensitive to the
treatment of sparse low-temperature exposure.

3) M3: Model with site fixed intercepts. The site random effect
is replaced with the fixed effect, which allows us to evaluate the sen-
sitivity of temperature response to different assumptions about
between-site variation.

4) M4: Model using growing degree days (GDDs) as independent
variables. This piecewise linear approach regressed yield changes
against growing degree days accumulated over the growing season
(53). Three types of GDDs (GDDioyw, GDDped, and GDDygp) were
used to characterize the nonuniform yield response to different tem-
perature exposures. They share a similar equation but with dif-
ferent thresholds

N Owhen T, < T,
GDD% = hz DD, /24,DD, =9 T),— T, when T, < T, < T, (5)
=1
T,—T,whenT,—T,

where T}, represents surface air temperature at hour 4 and N is the
total number of hours in the growing season. Hourly temperature
data are obtained from site observations and ERA5 reanalysis data-
set. Tp and T indicate the lower and upper temperature thresholds
of GDD, respectively. Next, we built the regression model to explain
experimental yield changes to warming based on degree day

AYijt =0+ 810w X AGDDIOW, ijth + 8med X AGDDmecl, ijth +

Shigh X AGDDhigh, ijth + Studysitei +¢€ (6)

ijt

where AGDD)oy, AGDDiyed, and AGDDygp, represent the difference
of degree days between control and warming treatments, respec-
tively. 8 refers to the yield sensitivity, expressed as the yield change per
additional degree day of exposure. All possible degree day thresh-
olds were tested using this model, and the final thresholds were de-
termined by the model that maximized the explanatory power
(highest R?). Specifically, we use GDD" , GDD?, and GDDS; to
characterize growing season GDDjoy, GDDped> and GDDyigh.

5) M5, M6, M7, and M8: Model using different temperature bin
widths (3°, 4°, 6°, and 7°C). Using these alternative bin widths can
effectively test whether the shape of the nonlinearities in our base-
line estimates is driven by our preferred specifications of bins.

6) M9: Model with an omitted reference temperature bin. To as-
sess whether the estimated temperature-yield response is sensitive
to the choice of parameterization, we additionally estimate a specifi-
cation in which the 25° to 30°C bin is omitted and treated as the
reference category. Under this specification, all coefficients are in-
terpreted relative to the temperature range of 25° to 30°C.

To account for the statistical uncertainty of the baseline model
(Eq. 1) and these alternative models, we run each model with 1000
bootstrap. The 1000 sets of estimated regression coefficients are then
used to determine the Cls of coefficients, and their medians are used
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to determine the response curves. We also evaluated model robust-
ness using leave-one-out cross-validation with site-block partition-
ing. For each iteration, one randomly selected site served as the test
data, while the model was trained on the remaining sites to calculate
the root mean square error and mean square error. The performance
of each model was presented in table S2.

Assessments of crop model responses to high temperature
To assess the capability of process-based crop models to replicate
observed negative yield responses to high temperatures, we used
simulation data from GGCMI phase 2 experiment. This dataset pro-
vides crop yield simulations at 0.5° spatial resolution from 1980 to
2010, driven by the AgMIP (Agricultural Model Intercomparison
and Improvement Project) Modern-Era Retrospective Analysis for
Research and Applications (AgMERRA) climate dataset (55), and
involves systematical perturbation of climate and management fac-
tors (temperature, precipitation, CO, levels, and applied nitrogen
level) to isolate their individual effect on crop yields (25). For the
comparison with observations, we extracted a subset of simulations
designed to isolate the temperature effect. Specifically, we selected
simulations with uniform temperature increases of 1°, 2°, and 3°C
during the rice-growing season across all grid cells, while maintain-
ing constant CO, concentration at 360 parts per million, nitrogen
application rates of 200 kg N ha™’, and irrigated scenarios without
water constraints. Seven models (CARAIB, EPIC-TAMU, GEPIC,
LPJmL, pDSSAT, PEPIC, and PROMET) were eventually selected for
the assessments (table S4).

To evaluate simulated sensitivity to high temperature, the warm-
ing effect on simulated rice yield (AY) was defined as the relative
yield change between the baseline simulation (T + 0) and the warm-
ing scenarios (T + n, where n = 1°, 2°, or 3°C). Yield changes from
each model were first detrended to remove the long-term trends
(AY*) and then regressed against temperature exposures derived
from AgMERRA. Temperature exposures for each grid cell and warm-
ing scenario were calculated following the same procedure as for the
observational dataset. The statistical model was specified as

AYjr =AY, — (o, X Year, +B;,,) +7,

itw Lw? Vi’ w

@)

AYS

itw

N
= o+ thl 8, X ATempBin,,,,, + grid; + ¢,  (8)

where i, t, and w refer to grid cell, year, and warming scenario, re-
spectively. Y, , represents the mean yield change during 1980-2010;
grid; is included as a random effect to account for spatial clustering.

The resulting regression coefficients from seven models were
compared with those estimated from field-warming experiments.
Comparability was ensured by consistent temperature exposure dis-
tributions and identical sensitivity estimation methods. Although
the model simulations had a coarser spatial resolution (0.5°), the
distribution of exposures remained statistically similar to that of
field observations (Kolmogorov-Smirnov test, P = 0.61; fig. S16),
indicating that the lower simulated sensitivities were not attributable
to insufficient representation of high-temperature exposure. The same
procedures were applied to simulated AGB and HI. All analyses
were repeated for different temperature bins and each warming sce-
nario (figs. S6 and S17). In addition, we analyzed the simulated
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temperature responses under rainfed scenarios using five crop models
(CARAIB, EPIC-TAMU, LPJmL, pDSSAT, and PROMET; table S4).
Simulated sensitivities to high temperatures were estimated follow-
ing the same procedure as for irrigated simulations. The result indi-
cated that rainfed rice is more sensitive to high temperatures than
irrigated systems (fig. S18).

Bias corrections of simulated yield responses to warming
Most process-based crop models are limited in capturing the full
effects of high temperature on the HI, as well as spatial heterogene-
ity in sensitivities to high-temperature exposures. To address these
limitations, we performed an observation-constrained bias cor-
rection on the GGCMI phase 2 simulations, explicitly targeting
the sensitivities to temperatures above 30°C where systematic
model deficiencies were identified (Fig. 3 and fig. S5). This approach
provides an improved observation-constrained global assessment of
warming impacts on rice yield through two main steps: (i) refining
sensitivity to high-temperature exposure to account for its spatial
variation and (ii) applying the corrected sensitivities to adjust pro-
jected yield changes under warming at global and regional scales
(fig. S19).

To better represent the spatial heterogeneity in yield responses to
high temperatures and improve the accuracy of regression model,
we first identified key drivers by calculating the Pearson correlations
between observed AY and variables across three domains: (i) cli-
mate conditions (annual and growing-season temperature, precipi-
tation, and solar radiation), (ii) soil properties (organic carbon, clay
content, bulk density, total nitrogen, and pH), and (iii) management
practices (application rate of nitrogen, phosphorus, and potassium;
rice type: indica, japonica, and hybrid). To reduce collinearity, we
performed principal components analysis (PCA) within each do-
main and constructed composite indices from components cumu-
latively explained 90% of the variance (table S5). These composite
indices were then incorporated as interaction terms with high-
temperature exposures in the Eq. 1, and the optimal model was se-
lected on the basis of the significance of interaction terms, the
coefficient of determination (R%), and changes in the Akaike infor-
mation criterion (AAIC) compared to Eq. 1.

The results revealed soil properties as the dominant driver in de-
termining the spatial variation in yield sensitivity to high temperatures
(R*> = 0.56 and AAIC = —17.1), whereas climate and management
factors were not significant (Chi-square test, P > 0.05) within the
range of variability represented by experimental conditions (table S6
and see further discussion in Supplementary Text). Using the re-
fined model, yield sensitivity to high temperatures can be expressed
as a linear function of soil, expressed as 839_35 + P30-3550il and
8535 + P>35S0il, where 8 represents the average response and f cap-
tures the modulation by soil properties. Grid-specific sensitivities
of crop models were derived analogously by introducing interac-
tion terms between soil properties and high-temperature exposure
into Eq. 8.

Building on the refined, spatially varying sensitivities, we next
applied bias correction to simulated yield responses to account for
high-temperature effects under plausible future warming. First, the
original GGCMI phase 2 yield responses (A Y° ¢ were rescaled
from uniform temperature perturbations (+1°, +2°, and +3°C) to
grid-specific local warming levels (AT) derived from five CMIP6
models (GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-
ESM2-0, and UKESM1-0-LL) under the SSP5-8.5 scenario. For each
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climate model, we first identified a 30-year period during which the
global mean temperature increased by 1° or 2°C relative to 1980-2010.
We then calculated the corresponding grid-specific local warming
(AT) over this period. A linear or quadratic function, whichever
yielded a higher R* for the specific grid cell, was fitted between the
AY#" and the imposed warming magnitude (+1°, 2°, and 3°C), and
this function was interpolated to grid-specific AT to obtain rescaled
yield responses under realistic future warming. In addition, high-
temperature exposures associated with grid-specific warming were
derived in an analogous “delta change” manner (56, 57). Grid-level
exposure-warming relationships were constructed using AGMERRA
dataset and interpolated to the CMIP6-derived AT.

Next, we extrapolated the spatially varying high-temperature
sensitivities to estimate impacts of high temperatures on yields
across global rice paddies. This estimation assumes that the empiri-
cal relationship between high temperatures and rice yields applies
globally, without considering other potential effects. The expected
high-temperature impacts are calculated as

b _ (sob b . .
AYE’X?F’HW = (6‘3’03_35 + [3305_3580111.) X TempBin,,, 30_s5 + ©)
b b . .
(60>355 + Bg;SSmli) X TempBin,,, .35
AYER e = (850035 + Bio5550il;) X TempBiny,, o 55 + 10)
(621313 + Big’SSoili) X TempBin,, .35

where TempBin;,30-35 and TempBin, 35 were derived from the
AgMERRA dataset and were also rescaled to local warming levels.
Soil; is computed by applying PCA loadings to gridded soil properties
from the Harmonized World Soil Database v 1.2 (58), which were
also used to construct the PCA components for all experimental sites.
“obs” and “sim” represent coeflicients derived from experimental data
and crop model output, respectively.

Last, we adjusted the rescaled AY*"¢"™! by incorporating ob-
served high-temperature effects to obtain bias-corrected yield changes
( A Ybias—corrected)

+ AYObs

bias—adjusted __ original sim
AY; =A Yitw AY, EXT,itw

itw EXT,itw

(11)

We also conducted a sensitivity analysis by further constraining
crop model responses within moderate-temperature interval to
match the empirically estimated response from experiments. This
additional correction only slightly amplified projected warming-
induced yield losses, but the overall magnitude of change remained
modest (fig. S20).

Uncertainty analysis

To assess the overall uncertainty in bias-corrected yield changes, we
used a Monte Carlo simulation accounting for three independent
sources of uncertainty: structural uncertainty from crop models,
uncertainty in climate projections, and statistical uncertainty in the
empirically derived high-temperature sensitivities (p). For each grid
cell, p values were randomly sampled (n = 1000) from the multi-
variate normal distribution defined by the estimated means and
joint covariance matrix of regression coefficients. These were com-
bined with yield projections from seven global gridded crop models
and five global climate models, resulting in an ensemble of 35,000
realizations (i.e., 7 X 5 X 1000) for each warming level (+1° and
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2°C). Spatial patterns of A Y?#<orrected were derived from the en-
semble mean. Global and national yield responses were calculated
as harvested area-weighted means across all rice-growing grid cells
and realizations. We further decomposed the contribution of each
uncertainty source using a three-way analysis of variance (ANOVA),
revealing that uncertainty associated with crop models and the sta-
tistical uncertainty in the empirically derived high-temperature sen-
sitivities dominated the total variance, whereas the contribution
from climate projections is comparatively smaller (figs. S21 and $22).
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