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Abstract

Understanding crop yield responses to rainfall is essential for food systems adaptation
under climate change. While there are ample evidences of crop yield responses to
seasonal rainfall variation, the geographic sensitivities and driving mechanisms of sub-
seasonal rainfall events remain elusive. We used long-term nationwide observations to
explore the sensitivity of maize and soybean yields in response to event-based rainfall
across Chinese agroecological regions. While maize and soybean yield showed concave
downward responses to event-based rainfall depth at the national scale, these responses
were differed considerably among regions. These differences can be primarily
explained by soil moisture preceding rainfall events, soil erosion and sunshine hour
reduction during rainfall. Our projections reveal that focusing on seasonal rainfall or
national-level sensitivity analysis suggests a 0.3-5.9% increase in maize yields due to
future rainfall, yet considering spatial variations unveils a contrasting reality, with
maize yields declining by 9.1+£0.3% under a medium-range emission scenario (SSP2-
4.5) by the end of century (2085-2100). The future rainfall effect on soybean yield is
the opposite, leading to a 20.6+3.9% reduction nationally without spatial consideration,
but an increase (by 7.0+1.0%) when spatial variations are factored in. These findings
underscore the critical necessity of incorporating regional variation in yield responses
to sub-seasonal rainfall events, which could otherwise lead to vastly different impact

estimates, even reversing the expected crop yield response to future rainfall change.

Keywords: Sub-seasonal rainfall; Maize yield; Soybean yield; Sensitivity; Spatial

heterogeneity.
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1. Introduction

One third of global crop yield variability can be attributed to climate variations (Lobell
and Field, 2007; Ray et al., 2015), but regionally, weather variations can explain much
larger shares of yield variability (Miiller et al., 2017). Compared to temperature, rainfall
is not spatially coherent, showing increasing in northern China but decreasing in
southeast China (Liu et al., 2015). Therefore, rainfall variabilities are strong at the
regional scale and are projected to be amplified if greenhouse gas emissions increase
(Huang et al., 2013; Marvel et al., 2019). It is thus necessary to quantify the impacts of
rainfall on crop yields, including any spatial variations, to first assess the risk to food
production, and then to develop targeted adaptive strategies to feed a burgeoning world

population (Beillouin et al., 2020; Choi et al., 2024).

Geographic sensitivities of crop yields in response to rainfall remain largely unknown,
and are widely omitted from crop models and climate risk projections (Li et al., 2019;
Rosenzweig et al., 2002). On the one hand, the characteristics of rainfall, i.e. event size,
frequency and duration, are highly heterogeneous over space and time. Spatially, yield
statistics and climate variables aggregated at administration zones have likely muted
the significance of highly localized rainfall (Lesk et al., 2016; Lobell and Burke, 2008).
Temporally, the impacts of short-duration rainfall on crop yields are concealed in
analyses using annual, seasonal or monthly climate data (Palmer et al., 2023; Troy et
al., 2015; Zscheischler et al., 2020). Lesk et al. (2020) revealed that maize and soybean
yields in the United States will benefit from future rainfall intensification. However, the
generalizability of these yield responses to rainfall characteristics has yet to be

confirmed in other regions.

Crop yield responses to rainfall events are regionally variable, as they reflect the
interaction of many mechanisms and integrate effects of solar energy, water and
temperature (Lesk et al., 2022; Lobell et al., 2009). Geographic sensitivities of crop
yields in response to rainfall event are closely associated with the weather conditions

that are induced by rainfall event, in addition to crop type, edaphic condition, and the
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access to advanced agricultural technologies at a specific location (Mueller et al., 2012).
Further, crop yield responses to rainfall events may depend on regionally varying
connections between rainfall and other crop-relevant climate variables, such as
temperature, via surface energy partitioning (Lesk et al., 2022; Neumann et al., 2010).
The lack of mechanistic understanding of the geographic differences in yield
sensitivities to rainfall events hinders evaluating historical rainfall effects on crop yields
and projecting the impacts of climate change in crop models (Choi et al., 2024; Webber
et al., 2020). Spatially explicit information on the effect and relevant mechanism of
rainfall on crop production is instructive for agricultural production. For instance, it is
beneficial for farmers and agricultural advisory services to switch crop type, improve
water management and strengthen soil conservations, in capturing the benefits and

avoiding harms of rainfall events on crop yields.

Antecedent soil moisture has been posited to explain regional variation in crop yield
responses to seasonal total rainfall (Li et al., 2023a). It may also explain regional
variation in the impact of sub-seasonal rainfall events on yields, in addition to the other
factors (i.e., crop type and the access to advanced agricultural technologies). But this
remains unverified. For instance, excessive seasonal rainfall has contrasting effects on
crop yields across different regions. It significantly reduces crop yields in the United
States under the condition of high preseason soil moisture (L1 et al., 2019), alleviates
previous water deficit stress for crop yields in Africa (Kabanda and Nenwiini, 2016;
Mubhire et al., 2015), but had little effect on grain yields in regions with superior
irrigation and drainage conditions (Togliatti et al., 2017). Excessive seasonal rainfall
can suppress crop yields through waterlogging, submergence and lodging, as well as
the potential soil erosion, pests and diseases (Kim et al., 2024). Insufficient soil
moisture, on the contrary, slows soil organic matter decomposition (Larsen et al., 2011)
and greatly affects the grain yields by reducing both the number and weight of seeds
(Liu et al., 2008). Low soil moisture increases soil water repellency, thereby enhancing
surface runoff and wind erosion (Doerr et al., 2000; Maikinen et al., 2018). The

threshold for soil moisture, at which point soil becomes water-repellent, can vary
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widely from 2% to 40% by volume across different soil types (Goebel et al., 2011).
Such differences in soil characteristics are expected to explain the geographic
heterogeneities in crop yields response to rainfall in China (Gao et al., 2022; Liu et al.,

2022).

Light availability can also be an important factor to explain the yields response to
rainfall events. For instance, reduced light availability associated with rainfall events
dominated the plant response to rainfall in Sweden, compared to rain characteristics
and changes in water availability (Nijp et al., 2015). Reduced solar radiation was also
responsible for the wheat yield failure of France in 2016, that contributing 31% to
overall yield penalties followed by soil anoxia (26%) and physical damage on floret
(19%) (Noia Junior et al., 2023). Decrease in solar radiation largely reduced the rice
yield in the middle and lower reaches of the Yangtze River Basin and South Korea,
while rarely impacting rice yield in Northeast China (Choi et al., 2013; Tao et al., 2013).
As compared to the United States and the European Union, maize yield in China
declined most strongly (—6%) in response to halving photosynthetically active radiation
from 200 W m™ over ten days, while maize yields in Brazil even increased (2.4%)
under such radiation reduction (Proctor, 2021). As the dominant water supplier for
rainfed crops and driver for solar radiation reduction, rainfall events largely determine
crop yields potential ceiling and thus global food production (Lobell et al., 2009).
Therefore, the effect of spatial variation in rainfall events on crop yields remain poorly

represented and requires in-depth investigation.

Maize and soybean productions are of significant concern in China, because a possible
decrease would exacerbate the structural shortage of domestic food and threaten the
national food security (SCIO, 2019). To accurately evaluate the crop yields response to
rainfall and its geographical varying sensitivity, we developed a statistical analysis of
yields, event-based rainfall and weather measures from 179 stations for maize and 53
stations for soybean in China during 1999-2012. We compared the simulated yields

sensitivities to rainfall events by process-based models to that from empirical models
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based on field observations. We then disentangled the factors that determine the yields
response to rainfall across different site clusters. Finally, future crop yields changes
were projected under two climate change scenarios. Overall, we address three questions:
(1) What are the geographic sensitivities of maize and soybean yields in response to
rainfall events in China? (2) Which key factors govern the geographic variation in the
yield sensitivity to rainfall? (3) Does accounting for regional variation in yield

responses to rainfall events affect yield responses to future climate changes?

2. Data and methods

2.1 Data

We collected field observations of the meteorological indices for 1999-2012 from the
network of China Meteorological Administration (CMA), including hourly rainfall,
daily mean, maximum and minimum temperature (Tmeans Tmax> Imin), Sunshine
duration (SSD), daily mean relative air humidity (RH) and wind speed (WS). This
network provides observations at 2425 stations, covering maize and soybean fields in
China (Figure 1). The annual station-level yields were obtained from the national
agrometeorological observation network that is run by the CMA. The network has
observed maize yields at 179 sites and soybean yields at 53 sites over the period 1999-
2012. In total, there are 1488 maize yield observations and 460 soybean yield
observations. Maize and soybean yields are defined as actual production (tons of dry
matter) divided by the harvested area (hectares). Maize and soybean phenology that
refers to the duration of the photosynthetically active period, were recorded for each
site and year. The 0.1-degree gridded phenology were interpolated from field observed
sowing and harvesting date of maize and soybean using the Inverse Distance Weight
method. Gridded data were assigned the value of the nearest grid cell to site scales, to
correspond with the end-of-season site-level yields data. We excluded grid cells with
sowing area less than 1% from this study, to focus on the representative crop sowing
regions. All datasets are freely available from the references with links listed in

Supplementary Table 1.
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Fig. 1 Field observation network of a. maize and b. soybean yield, phenology, and

rainfall within maize and soybean sowing areas during 1999-2012.

To test the spatiotemporal representativeness of the national agrometeorological
observation stations in China, we conducted an additional analysis according to Beer et
al. (2010). We compared the distributions of total rainfall and mean temperature during

March-October between the datasets from stations with yield and phenology records in
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1999-2012 (n=179 for maize, n = 53 for soybean) and all stations in the maize and
soybean production areas in 1961-2015 (n= 1495 for maize, n = 873 for soybean). First,
to test the representations of seasonal climate variation over space, we compared the
distribution of daily mean temperature and total rainfall from study stations with those
at all stations. Second, to test the representations of climate variation over time, we
compared the kernel probability density curves of rainfall and mean temperature in
1999-2012 with that in 1961-2015. Kullback—Leibler divergence (KL) was used to
evaluate the representativeness over times and space (van Erven and Harremoes, 2014).
Climate datasets were acquired directly from the national agrometeorological
observation stations, including 2195 stations within maize and 2268 stations within
soybean production areas in China. Results showed that our dataset can adequately
capture the spatiotemporal heterogeneity of climate conditions across maize and
soybean production areas in China over space (Maize: KL < 0.2, Figures Sla-b;
soybean: KL < 0.4, Figures S2a-b) and time (Maize: KL <0.2, Figures S1c-d; soybean:
KL <0.2, Figures S2c-d).

2.2 Yield response to rainfall based on site observations

To investigate the spatial variations, we quantified the yield sensitivities of maize and
soybean across China, four agroecological zones (northeast, northwest, southern China
and North China Plain) and at a finer scale of site clusters (Figures S3-S5). More details
regarding the climate and cropping system in the four agroecological zones are shown
in Supplementary Table 2. The growing season of both maize and soybean lasted from
March to October based on the national average during 1961-2021, covering growing
season in the four agroecological zones. To further investigate variations of yield
sensitivities at a finer scale, we clustered the sites using k-means clustering algorithm
based on geographical locations and weather conditions. To ensure the adequate and
comparable sample sizes, we set minimum thresholds of 50 data from at least 3 sites

for each cluster, resulting in 33 site clusters for maize and 12 for soybean (Figure S5).

Rainfall events were identified following a standard with at least 6 h for the inter-event
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time. The event-based rainfall data were aggregated to the seasonal scale by adopting
moving window (w) summarizing frequencies in each growing season and site. To
make the sample sizes comparable between moving windows, the moving step and
width of windows were set according to the distribution of event-based rainfall during
the growing season. The site observed rainfall event during 1999-2012 were fitted to a
Pearson III distribution by applying moving windows with a step size of 0.5 mm,
resulting in 96 windows (Figures S3-S4). To ensure the adequate and comparable
sample size within each window, the window width was set according to non-zero
sample size that reached one-third of the site-year observations involved, that is 496

non-zero samples for maize and 153 for soybean at national scale.

To examine the effects on crop yields due to specific event-based rainfall depth, we

applied a linear fixed-effects multiple regression model following Lesk et al. (2020):

it
Yfl = ﬂo Ei,t,u + ﬁz,u,w Wi,t,u,w + Si' VZ! u, (1)

zZ,tLu,w
where z refers to the national scale, regional scale and site clusters, i refers to sites
within z. And t, u, o refer to year, crop type, and moving window, respectively.

yrit

2 tue Tefers to the fitted yield. E;., refers to environmental measures involving
linear terms for growing degree days (GDD), diurnal temperature range (DTR),
and Ty, SSD, as well as a quadratic term for seasonal total rainfall predictors (PreT).

We estimated the national/regional mean sensitivity of site-level yields to specific

rainfall event size as the coefficient £, on frequency during growing season within

window @ ( Wity ). To extrapolate the yield responses beyond environmental

conditions observed in 1999-2012, we fitted the estimated yield responses (8, ) from

each window to a four-knot restricted cubic spline at 0.05, 0.35, 0.65 and 0.95 quartiles
of rainfall event depth at national and regional scale. To test the robustness of the yield
sensitivities, we re-estimated the model using three and five knots and found consistent
concave responses (Figures S3-S4). S; refers to time-invariant effects to control for

time-invariant heterogeneity at the regional scale.



232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

To exclude the differences in cultivar replacements and yields in response to rainfall

between sites, we detrended maize and soybean yields before regression for each site:

d = .
Yi,t(,?u =Ttitu — (ai,u X Yeart + :Bi,u) + Yi,ua Vl, u, (2)

where Y;:, and Yl-fit‘fu refer to crop yields before and after being detrended,

respectively, at site i of crop type u inyear t. a;, and P;, refer to coefficients of
the temporal linear trend of the observed crop yields (Y;,,) against observational years.

Y;,, refers to the mean of Y;, atsite i ofcroptype u during the observational years.

2.3 Yield response to rainfall based on model simulations

To test capability of the current process-based models in capturing geographically
distinct responses to rainfall, we choose historical yield simulations from the Global
Gridded Crop Model Intercomparison (GGCMI) phase 3 dataset of the Agricultural
Model Intercomparison and Improvement Project (AgMIP). We obtained the simulated
maize and soybean yield datasets at 0.5 arc-degree spatial resolution from 11 global
gridded crop models between 1999-2012 from Miiller et al. (2019). All the 11 models
were driven by AgMIP Modern-Era Restrospective Analysis for Research and
Applications (AgMERRA) climate forcing including temperature, precipitation and
solar radiation on a 6-hour or daily time step. The simulations were carried out with
their own “fullharm” configuration based on the management and technology
assumptions and inputs they typically use for simulations in the historical period (Elliott
etal., 2015). We used the model output for the rainfed scenario, since rainfed maize and
soybean currently make up about 74% and 76% of the Chinese sowing area (Zhang et
al., 2022) and selected all the grid cells where field agrometeorological observations
are located. The simulated yields were detrended before applying the linear fixed-
effects multiple regression model (Equation 1), following the same procedure as field
observed yields data, in order to assess the crop yields response to sub-seasonal

variations in rainfall events.
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2.4 Spatial drivers of yield sensitivities

To further investigate the spatial driving factors of maize and soybean yield sensitivities
to rainfall event, we conducted correlation analyses of the yield sensitivities against all
the potential climatic variables that can be varied by rainfall events, including: (1) daily
mean relative soil moisture (RSM) and vapor pressure deficit (VPD) one day before
rainfall; (2) changes in RSM before and after rainfall event; (3) changes in SSD, DTR,
and Ty, Tmin @s well as Typeqn during rainfall as compared with that in two days
before and after; (4) soil erosion induced by rainfall event; (5) total waterlogging days
during growing period; (6) the mean and maximum wind speed duration rainfall event
of growing period; and (7) management practices of nitrogen (N) fertilizer application
rate, irrigation amount and planting density for maize and soybean during 1999-2012.
To characterize the plant-available water, root-zone soil moisture was estimated with
relative soil moisture (0.10 m depth) that was obtained from a 1 km daily soil moisture
dataset (Cheng et al., 2023). Waterlogging days were accumulated when daily mean
relative soil moisture reached 90% (CMA, 2021). Daily mean VPD was estimated from
near-surface RH and Ty,.q,. Soil erosion was calculated if event-based rainfall is
greater than or equal to 12 mm (Brown and Foster, 1987):

SLi,t,u,y = Ri,t,u,y K¢ - LS; - Ct,u ’ Pt,u ’ (3)
where SL;;,, and Rj,, are the y'™ event-based rainfall induced soil loss (t ha™")
and rainfall erosivity factor; K, is the soil erodibility factor; LS; is the topographical
factor, Cy, is the land management factor and P, represents soil conservation
practice factor. All the above measures are available from Li et al. (2023b), except that

R; ¢, Iis calculated following Chang et al. (2022):
Rituy = 1.811-Ig, - X%1(0.29[1 — 0.72 exp(—0.082i, )] - AV, ),  (4)

where Iqg, refersto the maximum 60-minute rainfall intensity in the y'" rainfall event,
d is the duration of the rainfall event (in hours), AV, ;. and i, are the rainfall volume

(mm) and rainfall intensity (mm h™') at t** hour of the y'" rainfall event.

As a robustness check, we therefore performed a partial correlation analysis for above

mentioned climatic variables. Results are consistent with that of the linear correlation
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analysis that RSM, SL and changes in SSD are significantly correlated with maize
yields change, while wind speed, changes in RSM and SSD are significantly
correlated with soybean yields change (Figures S6). Then we applied the significant
variables into a multiple regression model to capture the potential impacts of these

driving factors at a scale of site clusters as follows:
B =B, FRSM) 0t By F(SL) et By f(PRE) et By f(ASSD) iy
+Bs F(ARSM) i Bo fF(WS)i 00, V2, W, (5)
where ﬁ; l;w is the predicted ,Bz’u’w of Eq (1) that is estimated at site cluster scale,

RSM refers to mean relative soil moisture (%) preceding rainfall events within window
w for each site i of zone z. SL is the mean soil erosion induced by rainfall events (t
ha™!) that is fitted as quadratic expansion, PreE refers to event rainfall depth (mm
event !) in the form of quadratic expansion, ASSD and ARSM are the mean changes
in sunshine duration (h) and soil moisture (%) during rainfall events, and WS is mean
wind speed (m s ') during rainfall. To ensure the sufficient sample size within each
window and to remove the effects of uneven distribution of rainfall events, we set three
windows of 0-20 mm, 20-60 mm, and >60 mm for each site cluster, according to the

national concave yields' response to rainfall events.

2.5 Future projections of the contribution of rainfall to maize and soybean yields
We applied the empirical model to simulate yield responses to future rainfall in the
Shared Socioeconomic Pathway (SSP) scenarios 2-4.5 and 5-8.5. To analyze the

contribution of future rainfall to maize and soybean yield variations, we estimated the

differences between yield simulations with (vait) and without (vaét) the rainfall

processes divided by vaj " in2086-2100. The integrated effects of future temperature,
rainfall and elevated [CO2] on maize and soybean yields were estimated as the relative
differences between yield simulations in 2086-2100 and 2001-2012. To remove
systematic deviations from the simulated historical climate, a trend-preserving bias

correction was applied to preserve absolute changes in temperature and relative changes
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in rainfall (Hempel et al., 2013). The CNRM-ESM2-1 model was developed by the
National Center for Meteorological Research, CNRM/CERFACS modelling group
(Séférian et al., 2019). The sixth version of the Model for Interdisciplinary Research on
Climate (MIROC6) was produced by the Japanese research community (Tatebe et al.,
2019). Both models provide historical and forecast hourly rainfall. Relative soil
moisture was projected following the method of Zhu et al. (2020) according to future
changes in rainfall used in this study. Yield sensitivities in response to rainfall events
were estimated by Equation 5. Details on input data source for future projections are

given in Supplementary Table 1.

Fertilization effect of atmospheric CO; ([CO:] hereafter) on maize and soybean yields
cannot be ignored, especially under the SSP5-8.5 scenario. The observed [CO:] in
China during 2001-2012, which was within [370, 404] ppm, was low compared to those
of SSP2-4.5 ([594, 617] ppm) and SSP5-8.5 ([1025, 1064] ppm) (Séférian et al., 2019).
To mimic the effects of elevated [CO:] in the future, we adjusted the projected maize
and soybean yield simulations based on potential changes induced by [CO:], estimated
from a meta-regression analysis of Free-Air COz Enrichment (FACE) observations by
Zhu et al. (2023). Maize and soybean sowing dates were estimated using the mean of

historical observations during 2001-2012, while the length of the growing season is

restricted by the historically observed GDD, i.e. 1460+ 157°C for maize and for

1347£193°C for soybean.

Future yields were simulated by the following equation similar with sensitivity

estimation:
fic _ it
Yi,t,u - ﬁ() Ei,t,u+ Zyﬂ?u Wi,t,u,y (6)
We estimate the contribution of historical and future sub-seasonal rainfall to maize and

soybean yields with regional sensitivities if z refers to site clusters, with a national

uniform sensitivity if z refers to the national scale. Contribution of seasonal total

rainfall to future yields were also estimated with g, E; ., divided by va,cit in 2086-
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2100. The contribution of future rainfall to maize and soybean yields in China was

calculated as the weighting average of all the grids by sowing area of each crop.

3. Results

3.1 Yield response to rainfall change

We modelled the national mean sensitivities of maize and soybean yields to event-based
rainfall during 1999-2012 as restricted cubic splines, shown with the 95% confidence
bands of the bootstrap analysis (Figure 2, Supplementary Table 3). Both of the field-
level maize and soybean yields showed a concave downward response to rainfall, with
a sensitivity-maximizing event-based rainfall of 40 mm (n=1948, P<0.001). Maize
yields decline by 24.4 kg ha™! per exposure to 100 mm event ! rainfall in China
(P<0.001). This reduction correspond to 0.3% of the national mean maize yield.
Soybean yields decline by a larger amount of 112.0 kg ha™' per exposure, or 4.4 % of
the national mean (P<0.001). This is in contrast with less sensitive of soybean yields
than maize yields in response to high rainfall depth in the United States, suggesting that

differences between crops may also vary regionally (Lesk et al., 2020).

The sensitivities of maize yields to rainfall show considerable geographic variations.
Rainfall within 60-100 mm event ' penalizes yields in northwest and southern China,
has insignificant effect on yields in Northeast China (P = 0.34), but benefits yields in
North China Plain (by 1.0 %, P = 0.02, Figure 2b). Soybean yields respond positively
to rainfall in the range of 29.4-56.5 mm event ' in the North China Plain, but within a
wider range of 8.8-60.6 mm event ! in Northeast China. However, when exposed to 80
mm event ! rainfall, soybean yields in Northeast China decrease by 113 kg ha ! per

time, which is 1.8 times of the yield penalty in the North China Plain (Figure 2c).
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Figure 2 Distribution of a. agroecological zones and empirical estimates of sensitivity
of b. maize (n=1488) and ¢. soybean (n=460) yields to event-based rainfall over 1999-
2012. Results are shown nationally (black) and sub-nationally for the four major
cropping regions of China. The sensitivities are inferred from a model controlling for
exposure to beneficial and excessive heat and seasonal total rainfall. The shadow
represents the 95% confidence intervals, estimated from 1,000-time bootstrap analysis.

The histogram shows the distribution of event-based rainfall during the growing season.

Sensitivities of site level yields in response to hourly rainfall were insignificant (Figure
S7), in comparison to the significant responses to site level event-based rainfall in China
and administration level hourly rainfall in the United States (Lesk et al., 2020). This
discrepancy probably relates to spatial resolution and climate backgrounds. First,
aggregation of rainfall data to administration level may average the rainfall intensity,
less representative for crop experienced rainfall intensities. Second, different climate

backgrounds and rainfall characteristics in maize and soybean production areas were
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found between China and the United States (Figure S8). Specifically, maize cropping
regions in China faces longer rainfall duration and receive much less shortwave
radiation as compared to the United States (P<0.001). This could be one of the reasons
for the largest sensitivity of yields to the reduction of total photosynthetically active
radiation in China, comparing to the other main maize producing countries (Proctor,

2021).

To explore the ability of current models in capturing non-linear yield sensitivities to
rainfall and their geographical variation, the sensitivities of simulated yields from the
process-based model were compared with sensitivities estimated using statistical
models. As most of the AgMIP crop models were run on a daily time step, they do not
reflect the effect of event-based rainfall on crop yields (Figure S9-10), but still tend to
be conservative about the nonlinear yield responses of daily rainfall and poorly capture
the regional differences (Figure S11-12). The incapability of current models to simulate
yield changes due to sub-seasonal rainfall may hinder our understanding on the
mechanism of regional variations in yield response. These results highlight the need to
incorporate a statistical model to analyze the sensitivity of crop yields to rainfall and

potential mechanisms to explain their geographical differences.

3.2 Spatial drivers of yield sensitivities to rainfall change

To isolate drivers of the spatial variations of yield sensitivities to rainfall events, we

regressed yield sensitivities (8, ) to indices of the rainfall potential accompanying

processes for each site cluster (Figure 3). We found a quadratic response of maize yield
sensitivities to soil moisture preceding rainfall events (P=0.024) and changes in soil
moisture during rainfall (P<0.001; Figure 3a-b). Rainfall induced SSD deficit (r =—0.38,
P<0.001 for maize and r = —0.29, P<0.001 for soybean) and soil erosion (r = —0.18,
P=0.076 for maize and r = —0.48, P=0.003 for soybean) are linearly correlated with
yield sensitivities (Figure 3c-d). Surprisingly, crop yields are more likely to be reduced
by low wind speed (less than 1 m s™!) than by high wind speed, suggesting that physical

damage from wind during rainfall contributes little to crop yield reduction in China
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(Figure 3e-f). A wind speed of less than 1 m s! is likely to be associated with at least
30 h of rainfall and 15 h of SSD deficit, leading to crop failure (Figure S13). This is
consistent with previous studies that found SSD to be positively correlated with wind
speed and negatively correlated with rainfall in China (Xiao et al., 2020; Yu et al., 2011).
As for waterlogging days, changes in ¥PD and temperature-related factors, i.e. DTR,
Tmax> and Trmean> Tmin 1nduced by rainfall events, as well as management practices
of N fertilizer application rate, irrigation amount and planting density, played a minor
role in the spatial variation of yield sensitivity (Figure S14). These findings are robust
to an alternative test of partial correlation analysis (Figure S6). Variables of e.g. rainfall
induced soil erosion, sunshine duration reduction, and soil moisture were then involved
in yield sensitivities predictions (Figure 4, Equation 5). Detailed model coefficients are

listed in Supplementary Table 4.
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Figure 3 Relationship between yields sensitivity to environmental indices during
rainfall or changed by rainfall in China. Orange indicates maize (n=99, from 33 site
clusters) and cyan indicates soybean (n=36, from 12 site clusters). Three dot sizes
indicate for three windows of event-based rainfall depths. The solid line is the best-fit
line and the shaded area is the 95% confidence interval (estimated from 1,000-fold

bootstrap analysis).
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< 0.05), while dotted lines indicate insignificant effects, with numbers representing

standard coefficients of multiple linear regression models.

3.3 Future projections

To evaluate the significance of geographically varying framing conditions of the yield
response to rainfall in future projections, we use event-based rainfall under the SSP2-
4.5 and SSP5-8.5 scenarios by the end of this century (Figure 5). We keep all other
variables constant to isolate the impacts of rainfall events. We find that maize yields
increase by 0.3% when using a national sensitivity of response to intensifying rainfall
event in both scenarios, while soybean yields decrease by 20.6-22.6%. These are in
contrast with yield-benefiting effects that are projected if considering seasonally

aggregated rainfall (Figure S15-16). Considering the observed geographical differences
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of yields in response to sub-seasonal rainfall intensification, we project that maize
yields would change by —9.1% and —10.6% under the SSP2-4.5 and the amplified
SSP5-8.5 scenario, respectively. The national soybean yields benefit from historical
rainfall by 7.4% when considering the geographically varying sensitivity, by 7.0%
under SSP2-4.5 and by 6.7% under SSP5-8.5. Rainfall had an overall negative effect
on maize yields in the four agroecological zones, e.g. ranging from —22.0% in the
Northwest China to —6.0% in the North China Plain under SSP5-8.5, and on soybean
yields in the North China Plain (—6.5%), while it benefited soybean yields in Northeast
China (Figure 5, Figure S17). Maize yields in China increase by 1.5% per 10% increase
in rainfall frequency, decrease by 1.7% per 10% increase in rainfall duration, and show
little response to rainfall intensity, except in the North China Plain (—2.3%, Figure S18).
Soybean yields in the North China Plain also decrease by 2.3% per 10% increase in
rainfall intensity and by 0.7% per 10% increase in rainfall duration. Results are robust
against the projected climate indices obtained from the CNRM-ESM2-1 and the
MIROCG6 model (Figure S19-20). The projected yields in response to climate change
are comparable to the results from the Global Gridded Crop Model Intercomparisons
(GGCMI) Phase 3 (Figures S21). However, the contribution of rainfall to the projected
maize yield deficit and soybean yield increase is generally underestimated by 77% and

63%, respectively, in China under the SSP5-8.5 scenario (Figures S22).
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Fig. 5 Rainfall impacts on maize and soybean yields by the end of the century (2085-
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the MIROC6 model and the CNRM-ESM2-1 model.
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4. Discussion

Our study provided evidence on the sensitivities of maize and soybean yields to event-
based rainfall in China, and investigated the driving factors that lead to geographic
differences. Spatial variations in soil moisture, solar radiation reduction, soil erosion
and wind speed partially explained the geographic differences in crop yield sensitivities.
This in turn emphasized the effect of rainfall on crop yields, not only through physical
damage, but also through water supply and radiation that largely determined yield
potential ceiling for a given site and genotype. Without accounting for the contextual
environmental and management conditions, future yield projections were subject to
large uncertainties. As demonstrated by the exemplary application of region-specific
and national average models, the future impacts of rainfall on crop yields in China was
sensitive to the consideration of regional heterogeneity. Ignoring this diversity of
production conditions would lead to errors (in our example an overestimation of maize
yields by 7.2% and an underestimation of soybean yields by 25% under the SSP2-4.5

scenario by the end of the century).

4.1 Soil moisture and irrigation

Soil moisture is important for accurately predicting crop yield, has a non-linear
correlation with crop yield, and determines the magnitude and even the direction of the
high temperature effect on crop yield (Rigden et al., 2020; Ting et al., 2023). Excessive
soil moisture restricts O» diffusion and mitochondrial respiration of plants and activates
anaerobic microbes, while drought severely reduces photosynthetic capacity, adversely
affecting plant growth and productivity. Maintaining soil moisture through irrigation
has been widely proposed as an adaptation strategy to mitigate climate change (Qin,
2021). In this study, irrigation has an insignificant effect on maize and soybean yields
in response to rainfall variability for two reasons: i) the current prefecture-level
irrigation amount for specific crops hardly reflects the station-level irrigation amount;
i1) lack of information on the time and frequency of irrigation during the growing season

hinders further analysis of regionally variable irrigation efficiency and its effect on crop
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yields. Intensive surveys or direct measurements using high-resolution remote sensing

are therefore needed to unravel irrigation schemes at station level across China.

4.2 Sunshine duration and row spacing

Sunshine duration decreased linearly at a rate of —1.4h yr~! between 2002 and 2021,
leading to widespread yield reductions in China (Zhang, 2023). To improve the use of
light energy, row spacing is being reduced to achieve a greater biomass production
during the early growth and thus in an increased crop transpiration (Drouet and Kiniry,
2008). Late in growth, potential mutual shading could reduce the light transmittance,
accelerate leaf senescence and disrupt photosynthetic characteristics (Raza et al., 2021).
The effect of narrowing row spacing on yield is highly dependent on irrigation and
fertilizer application rates, which can increase maize yields by up to 23% in rain-fed or
unfertilized crops, but have a negligible effect on maize without water or N limitation
(Andrade et al., 2002). In China, 90% of the total sown area is under adequate or
excessive N fertilizer application (Ju and Gu, 2014). Irrigation efficiency has also
improved since the 1950s with the creation of irrigation districts and the reform of
agricultural water pricing. This is also the reason why field management in terms of N
fertilizer application rate and row spacing had insignificant effect on maize and soybean

yields and their response to rainfall in China.

4.3 Soil erosion and fertilizer application

Soil erosion has been one of the main limiting factors for maize production in China
since the 1980s, correlating with a significant decline in the use of organic fertilizer and
green manure (Wang and Li, 2010). First, eroded soils are characterized by shallow
topsoil depths and reduced water and nutrient retention capacity, resulting in poor
seedbed conditions that reduce crop seed emergence rates (Lin et al., 2019). Second,
soil erosion preferentially removes fine soil particles and light organic matter fractions
from the topsoil, altering soil structure, and inhibiting the rapid growth of fungi, which
have a strong impact on available nutrient content, soil organic matter mineralization

and sequestration (Trivedi et al., 2013; Xiao et al., 2018). Long-term application of
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organic fertilizer, such as farmyard manure, could significantly improve maize yield on
degraded soils. Third, the shallow topsoil depth, which limits the rooting depth of the
crop, especially for crops with deeper rooting depths, e.g. maize and soybean, compared
to wheat. Shallow rooting has a major impact on crop yield due to competitive root

proliferation in the presence of neighbors (Vain et al., 2023).

4.4 Uncertainties and future work

Our estimates are subject to several sources of uncertainties. First, rainfall event size at
regional scale remained largely uncertain in future projections, as the duration-intensity
relationship may vary under climate change. The same applies to soil moisture
projection, which was still in its infancy, despite being a key hydrologic state variable
that directly affects the global environment and human society (Babaeian et al., 2019).
The timing of rainfall remained highly uncertain, as its effect on soil moisture is highly
dependent on growing periods. Another source of uncertainty was introduced by bias-
correction, that each climatic variable was bias-corrected separately, probably
destroying their correlation, and further influencing the projection of soil moisture, e.g.,
heavy rainfall leads to a large change in radiation (Lange, 2019). Therefore, we
projected future soil moisture based on natural forcing of temperature, event-based
rainfall depth and frequency following Zhu et al. (2020). Note that the projection does
not consider anthropogenic activities and land cover changes, such as afforestation

practices, urbanization, and agricultural water management that affects the water cycle.

Second, the historically derived yield sensitivity may not hold by the end of the century.
To meet a suite of agricultural sustainable development targets, cultivar selection,
phenology optimization (Minoli et al., 2022), and crop switching (Xie et al., 2023)
would further facilitate the adaptation to local climate change. Future climate change
may increase the irrigation water demand of crop fields by changing the seasonal
distribution of rainfall, soil moisture and vapor water deficit, while limiting the supply
of irrigation water resources through increased inter-industry and inter-regional water

competition (Wada et al., 2016). Irrational irrigation practices and water wastage,
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caused for example by ageing or damaged irrigation equipment, would make matters
worse. It is therefore likely that the capacity and efficiency of water management will
widen the current geographical variation in crop yield sensitivities to rainfall. In
addition, soil quality could be improved to better support crop production, by increasing
soil organic matter content and optimizing N fertilizer application, which could increase
the resilience of the farming system to rainfall variability in the future. Third, to account
for the fertilization effect of rising [CO:], the projected yield simulations of our
statistical model were adjusted according to a meta-regression analysis. We also find
that the [CO;] fertilization effect is complicated by soil fertility and drought, in addition

to crop type and temperature, which requires further extensive field experiments.

Future work may investigate the importance of rainfall timing, particularly in relation
to different crop growth stages and regionally varying growing seasons. Variables such
as crop cultivars, pests, and diseases due to limited spatial resolution are likely to
influence or moderate yield responses, and may explain the regional variations
observed in this study. Process-based models need to be improved to better capture the
effects of crop yields in response to rainfall, their geographical differentiations and
adaptation strategies. It is essential to empower farmers with spatially disaggregated
information regarding their respective risk exposure, so that they can develop region-
and crop-specific risk management and adaptation strategies, and thereby promoting
improved resilience against climate change. In addition to improving domestic maize
and soybean yields, future studies are needed to optimize in the spatial distribution of
crops and avoid food loss and waste throughout the food supply chain. The reallocation
of soybean area from Northeast China to North China needs to be carefully considered
given the high sensitivity of soybean to future rainfall variability in the North China
Plain. The improvement in domestic production and use efficiency of maize and
soybean in China can also mitigate the pressures of international trade and the imported

environmental impacts.
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