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Abstract

Improving soil health and resilience is fundamental for sustainable food production,
however the role of soil in maintaining or boosting crop productivity under climate
change is still unclear. Here, we examined the role of soil in yield response to climate
warming for four major crops (i.e., maize, wheat, rice and soybean), using global-scale
datasets and machine learning techniques. We found that each °C of warming have
reduced global yields of maize by 3.4%, wheat by 2.4%, rice by 0.3% and soybean by
5.0%, which are high spatial heterogeneous with positive impacts in certain regions.
Soil organic carbon (SOC) would dominantly regulate negative yield responses.
Improving SOC could build yield resilience to warming, avoiding an average of 3-
5% °C™! of warming-induced yield loss over 60% of global planting area. The avoided
loss of production in future could supply additional food for up to ~560 million people
in 2050. Our findings highlight the critical role of soil in reducing warming impacts on
food security, especially for developing regions, given that sustainable actions could be

taken broadly.
Main

The number of people suffering from food insecurity continues to increase, with over
700 million people in total in 2020'. With a growing population and climate change,
the global food demand in 2050 is expected to increase by 30% to 62% relative to 20107,
How to feed this future population and achieve the Sustainable Development Goals (i.e.,
zero hunger) is a major global challenge®. Maize, wheat and rice account for 89% of
global cereal production, and soybean supplies 28% of the world’s vegetable oil'.
Climate change is threatening global crop production. Rising temperature has been
proved to be a major cause for global yield losses*®, especially in less-developed and
warm areas such as sub-Sahara Africa and Latin America’. Recent modeling studies
have also shown that, without effective adaptation, warming may also reduce yields in
cooler regions*®,

Strengthening adaptations of agricultural systems is imperative to reduce exposure

and vulnerability to climate change’. Global assessments have mainly focused on
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cultivar shifts and agronomic management practices to enhance adaptation!®!2. A
combination of cultivars (e.g., higher heat tolerance) and management (e.g., soil organic
matter management) adaptations could reduce yield losses due to warming by ~5% in
the mid-21% century'. In terms of common adaptation strategies, cultivar switch and
irrigation contribute significantly to crop yield gains'’. However, the negative effects
of climate change on crop production cannot be fully offset by implementing adaptation,
especially in lower latitudes®!?.

Resilient and productive soils are necessary to sustainably intensify agriculture, to
increase yields while minimizing environmental harm'#!'>. High-quality soils can buffer
climate variability in cropping systems and sustain yield stability'®!”. Soil organic
carbon (SOC), in particular, has been suggested as an integrated and representative
indicator of soil quality, which relates to soil biological and physical properties such as

18,19

disease suppressiveness, heat capacity *'~ and soil heath, with important functions such

20,21

as water retention and nutrient supply=”~'. Improving SOC can help build climate

22,23

resilience to reduce risks to food insecurity“~~°, and decrease reliance on irrigation and

fertilizer application®*. A recent study has revealed that increasing SOC can reduce the

yield gaps of maize and wheat!*

. However, the role of soil in building crop yield
resilience to climate change is still missing from the crop-soil-environment system, it
remains difficult to quantify the complex interactions between soil, climate and
yield*>2°,

This study provides a soil-focused perspective to address escalating climate
challenges on global agriculture, and to look for opportunities in soils for future food
security. Here, we firstly determined the response of maize, wheat, rice and soybean
yields to warming temperature at grid scale, i.e., temperature response index
(TRI, % °C™'). Then, we identified the role of soil properties (including SOC) in
explaining spatially heterogeneous responses of crop yield to warming, by using a
machine learning approach. With outcomes from these processes, we finally proposed

soil related strategies for securing food production under future climate change

scenarios, and further explored the potential impacts on food security.
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Results

Climate change impacts on global crop yield

We defined the temperature response index (TRI) as partial yield percentage changes
for each degree Celsius (°C™!) increase. By isolating effects of temperate, it can show
crop yield response to climate warming, and indicate yield resilience to future warming
by crop and location. TRI was computed for maize, wheat, rice and soybean at the grid
level (0.5°X0.5°), using global time series datasets. In general, warming has caused
global-scale yield loss, with crop-specific and spatially heterogeneous responses at finer
scales (Fig. 1). Globally, the estimates for all four crops show negative TRIs, suggesting
an average yield loss of —3.4% °C ! (-32.0 to —19.1% °C!, 95% distribution interval),
—2.4% °C" (-21.2t0 -15.0% °C ™), -0.3% °C ! (-22.8 to —17.4% °C '), and -5.0% °C~
1 (-25.2 to —14.3% °C!) for maize, wheat, rice, and soybean, respectively. However,
crop- and location-specific TRIs vary significantly.

In particular, the TRIs for maize are consistently negative across five continents,
ranking from high to low: Africa (—6.6% °C"), South America (-6.3% °C!), North
America (-3.4% °C!), Oceania (-2.8% °C!) and Europe (-2.2% °C'). While on
average, maize in Asia is less negatively affected by warming, yield loss is still observed
in regions including Southeast Asia, Central Asia and Northwest China (Fig. 1a). For
wheat, Africa is the most vulnerable continent, with a TRI of —15.5% °C!, followed by
South America (—7.3% °C!) and Asia (~1.1% °C!) (Fig. 1b). Rice is least affected by
rising temperatures in many regions, with continental scale TRIs closing to zero (Fig.
lc). The highest yield loss for soybean occurred in South America (-9.8% °C ™), the
largest soybean producer, followed by Africa (—8.7% °C™'). The lowest yield loss (—
1.4% °C') appeared in North America (Fig. 1d). In general, crop production in Africa

and South America is more susceptible to warming.
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Fig. 1. Global temperature response indices (TRIs, % °C™') of four crops. (a) Maize
(n=14134), (b) wheat (n=84006), (c) rice (n=9048) and (d) soybean (n=5996). TRI values show
yield changes per °C of temperature increase, with positive and negative values indicating yield
gain and loss, respectively. The black marks in the grids represent the significant influence of
warming. The box chart reflects the interquartile range and the middle line in the box represents
the median. The boxes from left to right represent Africa, South America, North America,

Oceania, Asia and Europe, and the blank indicates insufficient data in Oceania (b-d).
The role of soil in reducing climate impacts on yield

The spatially heterogeneous response of crop yield to warming can largely be explained
by soil heterogeneity in terms of soil properties, including SOC, total nitrogen (NT),
clay and sand content, pH and cation exchange capacity (CEC). A random forest
technique, based on the concept of bagging sampling and regression decision trees?’,
was used to detect soil and spatial TRI relationship (Methods). After training and testing,
the random forest model can replicate the crop-specific yields to soil with the coefficient
of determination (R?) of 0.46 to 0.66 (Supplementary Fig. 1), and the relationships can
be visualized by centered individual conditional expectation (c-ICE) plot (Fig. 2). c-
ICE plot can highlight the average change (colored curves) and variation range
(corresponding shadows) of TRI along with soil properties (Fig. 2a—f), and also identify
where, and to what extent, heterogeneities might exist*>. Among six soil properties that
potentially affect crop growth, SOC is identified as the most important predictor to TRI,
followed by TN, considering the variable importance metric (Fig. 2g). Other soil
properties do not affect TRI consistently across the whole range (Fig. 2c-g). This
implies that, with increased SOC or TN (except maize) in locations where their current
levels are relatively low, TRI could be improved, suggesting increased yield resilience
to warming (e.g., Fig. 2a-b). In particular, with increasing SOC, the TRI of four crops
would increase until reaching a “plateau” (Fig. 2a). When the SOC is lower than about
2.0%, increasing SOC can considerably reduce TRI, indicating improved yield
resilience to warming. Considering current low levels of SOC (Supplementary Fig. 2),

global soils have great potential to increase carbon content before reaching the TRI
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“plateau” level. Current soil TN content, however, has already reached the “plateau”
level in most of the planting regions (Supplementary Fig. 3), leaving limited room for
improving TRI via TN change. Therefore, in this study, we further quantify spatial TRIs
after soil improvement, specifically SOC increase, with associated TN change to

maintain soil C:N (Methods).
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Fig. 2. The temperature response indices (TRIs) vary with soil properties. a—f,
centered individual conditional expectation (c-ICE) plot of TRI by six soil properties.
Red, blue, green and purple lines represent the averaged TRI changes of maize, wheat,
rice and soybean, respectively, with shadow indicating the distribution of all individual
instances, relative to the starting point fixed at zero. g, the importance of soil properties,

sorted from high to low according to the model outputs.

Our analysis shows that improving soil can generally lead to less negative or more
positive TRIs (Fig. 3), relative to those with existing soil conditions (Fig. 1). SOC can
be sequestered in croplands, depending on biomass and manure inputs, and other
management practices, but with an upper limit?**°. By considering a “medium”
sequestration scenario that SOC increase rate would achieve 26% of the “4p1000”

target’!32, the SOC level can be increased by an average of 1.3% in the study areas
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(Supplementary Fig. 2). The considerable SOC increase would mostly occur in Europe
(2.6%), North America (2.4%) and Asia (1.6%), where soil carbon loss hotspots are
located®®. With the increase of SOC, the warming-induced yield losses could be
significantly reduced (Fig. 3). From a global perspective, the TRIs for maize, wheat,
rice and soybean would be 0.1% °C! (-10.4 to 18.8% °C™), 2.7% °C! (4.5 to
15.0% °C™), 3.4% °C ! (-6.7 to 17.4% °C ') and —0.6% °C ' (-11.2 to 14.2% °C),
respectively. With improved yield resilience owing to soil improvement, about 3.3%-
5.1% °C! of yield loss can be avoided relative to the scenarios without soil
improvement.

For maize, in the United States, the largest maize producer, the average TRI would
change from —3.7% °C ! to —1.5% °C"!, about 60% of warming-induced yield loss could
be avoided (Fig. 3a). In West Africa and East Africa, where yield has reduced by more
than 30% °C ! in some areas (Fig. 1a), most of the loss decreased to less than —10% °C~
I after improving SOC (Fig. 3a). As for wheat, in both China and India, two of the
largest producers, the yield has suffered from different degree of loss due to warming,
about —0.1% °C ! and —7.0% °C!, respectively. With improved soil, the TRIs turns
positive in both countries (3.9% °C!in China, and 1.1% °C! in India), suggesting
potential yield benefit with warming regardless of possible effects from other factors.
It is not unexpected that rice is less affected by warming as an irrigated crop, it also
benefits from SOC improvement. In particular, for China and India, the top two rice
producers, the average TRIs would increase from 1.0% °C ! and 0.3% °C ! to 3.5% °C~
P'and 4.7% °C!, respectively, showing even stronger yield resilience to warming. For
soybean, its high vulnerability to warming would also be significantly reduced,
especially in the main producing countries, Brazil, Argentina and India (Fig. 3d). The
SOC strategy would reduce soybean yield loss by 6.4% °C™ in South America (Fig. 3d).

Globally, 53.2%, 67.8%, 51.8% and 71.6% of planting area for maize, wheat, rice
and soybean, respectively, could benefit from improved crop resilience due to increased
SOC, covering 60.0% of global total planting area (Fig. 1, 3 and Supplementary Fig. 4).
Among these area, 77.1%, 95.9%, 90.2% and 88.3% of maize, wheat, rice and soybean,

respectively, have experienced yield loss due to warming (i.e., TRI<0). For most of the



184  cropland that have already benefited from warming, i.e., with original TRI>0, SOC

185  improvement has only minimum effect on yield resilience, especially for wheat and rice.
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187  Fig. 3. The estimated global TRIs (% °C™) of four crops with SOC improvement. (a) maize,
188  (b) wheat, (c) rice and (d) soybean. The box plots and the curve on the left show the frequency
189  distribution of TRI at global scale. Orange and green boxes represent the overall results without
190  and with SOC improvement, respectively. Green boxes at the bottom show the frequency
191 distribution of TRI of six continents, Africa, South America, North America, Oceania, Asia and
192  Europe, and the blank indicates insufficient data in Oceania (b-d).
193
194  Building SOC to secure future food production
195  Under future climate change, temperature will continue to increase and crop yields are
196  expected to decrease. Over the growing seasons, the average temperature can increase
197 by 0.18-0.21°C, and 1.18-1.44°C in 2050 under RCP 2.6 and RCP 8.5, respectively
198  (Table 1 and Supplementary Fig. 5). Without any improvement to the SOC level, a total
199  of about 15.0 million tonnes of the four crops would be lost in 2050 under RCP 2.6 due
200  to warming (Table 1), leaving 60.0 million people suffering from food insecurity. The
201 loss of production would mainly occur in South America (4.7 million tonnes) and Africa
202 (4.8 million tonnes). The total production loss and the food insecure population would
203  be tripled under RCP 8.5. The largest loss of production can be seen for maize, mainly
204  due to yield loss and relatively large production area (Table 1).
205
206  Table 1. Changes in temperature (°C) and warming-induced crop production (million
207  tonnes) in 2050 relative to 2020 level under two climate scenarios.
Temperature increase Production change without SOC Production change with
Crops improvement SOC improvement
RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5 RCP 2.6 RCP 8.5
Maize 0.19(+0.12)  1.42(+0.31) ~7.5(£4.6) —45.7(£10.1) ~1.4(£09)  13(£03)
Wheat 0.21 (£0.06)  1.44(£0.17) 35(£1.1)  -13.9(£1.6) 32(£1.0)  31.7(+3.7)
Rice 0.18 (£0.04)  1.18(£0.24) 02(£0.0)  —2.9(+0.6) 50(£1.0)  30.3(£6.2)
Soybean  0.20 (+0.12)  1.39 (£0.27) ~3.8(£23) -—26.7(£5.1) —0.5(£03) 2.9 (%0.6)
Total 0.20 (£0.06) 1.36 (£0.20) -15.0(+4.8) -89.3(*+13.2) 6.4(+2.0) 604(+8.9)
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However, our analysis showed that with improved yield resilience due to SOC
improvement, the warming-induced yield loss can be largely minimized or even
reversed. Compared with current SOC levels, improving soil could increase total
production of maize, wheat, rice and soybean by 0.6%-1.0% under RCP 2.6, and 4.3%-
6.7% under RCP 8.5 in 2050, which would significantly reduce yield loss for maize and
soybean, and lead to a global net yield gain for wheat and rice, relative to the reference
scenario without SOC improvement. The global production of these four crops would
increase by 6.4-60.4 million tonnes, depending on the climate scenario (Table 1). With
global efforts to enrich soil carbon, food systems are predicted to provide additional
49.9, 99.7 and 149.6 million tonnes of food that would otherwise lost due to warming,
which would be enough to feed an additional 187.9, 375.8, and 563.7 million people in
2030, 2040 and 2050 under RCP 8.5, respectively (Fig. 4). Asia would benefit the most
from SOC improvement. An additional 78.5, 157.0 and 235.5 million people could be
fed in 2030, 2040 and 2050 under RCP8.5, respectively (Fig. 4). Among the four crops
in Asia, wheat and rice contribute more than 90% to the increase of food production. In
Africa, an additional 21.2, 42.4 and 63.6 million people are expected to avoid hunger
in 2030, 2040 and 2050 under RCP8.5, respectively, mainly due to the contribution of
maize (Fig. 4). Other areas would also benefit from improved yield resilience owing to

increased soil carbon content (Fig. 4).
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Fig. 4. Increased food secure population (people) with improved soil. The results
are aggregated by continents. A pair of pies in each continent correspond to RCP 8.5
(left) and RCP 2.6 (right) climate scenarios. Pies from the inside out indicate the results
in 2030, 2040 and 2050, and the area of the pie represents the predicted size of increased
food secure population. The background map shows the number of people
undernourished in 2020!. The undernourished people consume calories below the
minimum energy requirement for an active and healthy life, and food secure population

indicates that an individual’s dietary calorie requirements are fully met.

Discussion

This study specifically investigated partial crop yield response to warming by
excluding other factors (e.g., precipitation, crop variety, management), showing
relatively comparable findings with other relevant studies. Globally, rising temperature
caused maize, wheat and soybean yield losses on average, but with spatial divergence
(Fig. 1). For instance, crop in high-latitude regions would benefit from climate warming
due to the relief of chilling®*. Rice yield was less affected by rising temperature
compared with the other three major crops, consisted with previous meta-analyses and

5,13

statistical modeling™'”. More irrigated area of rice in the main producing country may

bridge the water deficit associated with warming®. Note that the yield loss per °C of
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global average warming for maize and wheat was smaller than that found in previous
studies®®. A major reason is that we further isolated the effects of nitrogen and
phosphate fertilizer application. Fertilizer additions can meet higher nutrient
requirements of crops under climate change’®3’. With SOC improvement, the yield
losses due to warming are predicted to be reduced or even reversed, and therefore the
food demands of tens to hundreds of millions of people worldwide would be met.

While there have been studies investigating the relationships between crop yield and
climate factors, there has been a lack of field evidence to isolate the role of soil in
building yield resilience to climate warming'¢. However, some existing understanding
and evidence can still imply the importance of soil system. A recent report from on-
farm trials in China suggests that high-quality soils can reduce the sensitivity of crop
yield to climate variability and stabilize crop yield'®. Compared with soils of low quality,
high-quality soils are proven to improve yield under climate change by an average of
1.7%!"®. This study provides field evidence to our findings at the global scale that soil
improvement can increase resilience of the soil-crop system to climate change (i.e., soil
resilience, crop resilience and resilience of the integrated system) and help secure future
crop production. Globally, the benefits of increased SOC are particularly pronounced
in wheat cropping systems (Table 1), and this negative-to-positive effects of improved
soil on yield also appeared in regional cases'é. More importantly, our study indicates
that for regions that are more susceptible to warming, increasing SOC would lead to
greater yield resilience. For instance, in Africa that has the highest prevalence of
undernourishment (19% in 2018-2020)", the TRI of maize and soybean can be increased
by ~7% °C ! with SOC improvement, doubling the global average. In these warmer and
less irrigated areas, increasing SOC would prominently alleviate the heat stress on crops
(Supplementary Fig. 4, 6). However, SOC above 2% would not result in additional
benefits to crop yields (Fig. 2). The threshold effects of SOC was also detected in field
experiments®*. Currently, SOC content is below 1.5% in two-thirds of planting grids
(Supplementary Fig. 2), which leaves great potential to stabilize crop yield under
warming by improving SOC.

Notably, the mechanisms by which improved soil reduces the climate impact on
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crops are not fully known. Soil health management by increasing SOC can increase

crop resilience under extreme climate stress?>26-3

, which is likely to ensure food
security under climate change at regional and global scales. Specifically, SOC
underpins soil structure, soil formation, water cycling and nutrient cycling®. Poor soil
structure (e.g., soil compaction) lowers root biomass. Increasing SOC concentration
could therefore increase the porosity across different soil textures®, which promotes
root growth, and nutrient and water uptake of crops under climate change*’. Increased
organic matter can increase soil water holding capacity, thereby alleviating the damage
of heat and drought and increasing resilience of maize*'. The crop is less sensitive to
heat in medium- and fine- textured and carbon rich soils, partially due to restricted water
loss through evapotranspiration*?. In this study, compared with wheat and soybean,
maize and rice would benefit less from improving SOC, probably because maize as C4

4344 and rice are often

plant has smaller stomatal conductance to concentrate CO>
irrigated and less water-stressed. Field experiment showed that rice could benefit from
a higher temperature when soil nutrients keep up with the demand®¢. Given that higher
crop biomass returns more C into soil®, the interaction between yield and SOC increase
presents a positive feedback?*. SOC and TN losses, which were pre-simulated by the
process-based model under a 3°C warming, would reduce wheat yield by 13% and
maize yield by 19%*. However, few studies have achieved timely feedback on the
interaction between crop yield resilience and soil properties, primarily because multiple
factors and complex processes are involved, and the role of soil cannot easily be isolated
in the overall yield resilience observation. It is expected that the relationship between
TRI and soil might be revealed if paired warming experiments could include diverse
crop-soil-environment conditions.

It should also be noted that the ability of building SOC to improve yield resilience
may be limited in certain regions (Supplementary Fig. 4), and management practices
should be well examined. Due to the increase of soil water retention, the negative effects
of increasing SOC on maize, wheat and soybean may occur in wet regions with poorer
drainage*?. The increase of SOC significantly increases the specific heat capacity of the

soil*’, which causes soil to warm slowly during the wheat rejuvenation period*?. The
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areas with greater benefits after improving SOC could be given higher priority in
regional or national planning (Fig. 1, 3 and Supplementary Fig. 4). For areas with higher

poverty and undernourishment, smallholders may not be able to afford costly

8 25,49

measures*®, so effective economic and policy incentives would need to be in place

Food security and other benefits, including ecosystem service and negative

50,51

emissions™ ", can further justify government investment. Fast and effective action is

required globally>>,

Soil management should also well reflect the level of confidence in both science and
practice. The potential SOC in our study considered the management scenario with
cover cropping, manure application and conservation tillage, it would be higher than
the potential based on the meta-analysis with applicable constraints>*. Compared with
“4p1000” initiative, potential SOC was simulated with a relatively conservative
sequestration rate, reaching only 26% of the “4p1000” target’!. SOC losses due to
warming was not specifically considered in this estimation. Regarding the regional
sequestration potential, long-standing cropping regions in Europe, North America and
Asia show higher rate (Supplementary Fig. 2), which is associated with large carbon
losses due to intensive land use, leaving more room for carbon accumulation®*-*°, From
a technical perspective, increasing organic inputs (e.g., crop residue, cover crop and
manure) is considered as the most effective measure to accumulate SOC in cropland®®’.
Crop residue return is a feasible and efficient way to increase SOC density by 0.69 Mg
C ha™! yr ! under a high retention rate*. Irrigation of arid and semiarid regions may
increase SOC through increase biomass production®®. Optimal agricultural management
in China is estimated to sequester 2.4 Pg C into cropland before 2050, with higher
potential for paddy soil (26.1 Mg C ha')*»*. Notably, soil NoO and CH4 emissions
may change as a result of management improvement, which should be further studied
and well balanced in estimating crop yield and climate benefits®*¢!,

Future work is urgently required to further improve yield resilience and future yield
estimation, and investigate potential unintended consequences. Modeling uncertainties

may arise from data limitation, choice of GHG emission scenarios, climate model

projections and understanding of mechanisms. For instance, although precipitation
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change was included in our modeling analysis, no significant trends were detected. The
lack of irrigation in the model, due to data limitation, may have partially missed the
water impacts. If crop-specific irrigation data with high spatio-temporal resolution
become available, the cooling and water supply effects of irrigation could be better
modeled®?®. Spatially referenced and crop-specific data on fertilization, if become
available, could also help improve model simulations. Additionally, since TRI is a
simplification of the actual response of crop to temperature change, future studies could
further include biophysical processes to better understand crop-soil-environment
interactions?’. Furthermore, socioeconomic drivers of food supply and demand besides
domestic production of crops, e.g. trade®*, are important to assess the hunger and food
secure population. Finally, acting on soil may lead to other unintended negative
environmental (e.g., water, nutrients input), social (e.g., competitive use of resources)
and even economic outcomes (e.g., shift of investment), and these should be avoided to
the greatest extent possible®®’. Given the multiple benefits of building SOC, the
priority should be given to take efficient management steps considering the integrated

crop-soil-environment system to close the yield gap and ensure the security of food

supply.
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Methods

Yield response to temperature. On the basis of historical data reflecting crop yields,
climate and management, the yield models (Eq. 1) were developed for individual crops
(i.e., maize, wheat, rice, and soybean), and then used to identify yield’s partial response
to temperature (i.e., TRIs or temperature response indices, Eq. 2). Historical yields
(1981-2010) of main crops, maize (major), wheat (winter), rice (major) and soybean
with the spatial resolution of 0.5°, were derived from GDHY v1.3, a global dataset of
historical yields of major crops with a data combination of agricultural census, satellite

and model®®

. Historical daily weather data were sourced from the AgMERRA, a
post-processing dataset of the NASA Modern-Era Retrospective Analysis for Research
and Applications (MERRA) for agricultural modeling®. Average temperature (7), total
precipitation (P) and solar radiation (R) of crop growing season were extracted
according to phenology of each crop’’. Both linear and quadratic forms of temperature
and precipitation were characterized in the model to account for the non-linear response
of crop yields to climate (Eq. 1). The model has been widely applied in the studies of

37172 and fully verified”>"*. Nitrogen (Nfer) and phosphorus

yield-climate relationship
(Pfer) fertilizers” were further included to better estimate the impacts of management
on crop yields. The input datasets with higher resolution were integrated to 0.5°, to be
consistent with the resolution of yields (Supplementary Table 1). The model structure

is shown as:
In(Yi¢) = Boi + Buit + Bz, Tix + BaiTA + BaiPic + BsiP% + BoiRix +

BsiNfer;: + BgiPfer;; + €+ (1)

where In(Y;,) represents the logarithm of crop yields. Models of four crops were

developed for grid cell i (0.5°x0.5°). The time term (f) was used to simulate the

possible impact of other factors on crop yields (Supplementary Fig. 7), e.g. cultivar
shifts. As showed in this study (Supplementary Fig. 8) and elsewhere>’¢, including the
quadratic form (e.g., 7%) can better simulate the nonlinear responses of the crop to

warming. The response of crop yield to temperature was measured by the partial
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derivative of equation (1)”°:
on(Y;)/oT; = oY /(Y;<oTy) =B, +2B; . T; (2)

where 0Y;/Y; represents the proportion of yield change in grid cell i. Temperature
response index (7R/;) was defined as the yield change (%) per °C of temperature change,

which can be measured as’’:
TRI; = (B, +2B, T)) x 100% 3)

where T; is the average temperature of the crop growing season during 1981-2010.
The parameters f2; and f3; represent the location-specific response of yield to
temperature change. TRI varies spatially, with values determined by grid level
parameters and local climate. The TRI at the continental and global scales was
calculated on the basis of the area-weighted average, considering geographic
distribution of crop harvest area derived from a gridded dataset’s. Modeling and

analysis were batched in Python version 3.6.

Estimation of the role of soils. Soil plays a crucial role in providing nutrients,
maintaining relatively stable environment, and supporting crop growth as a whole?*2°,
We hypothesized that the spatial heterogeneity of TRI correlates to the differences of

t27

soil properties across space. The machine learning approach, random forest”’, was

employed to estimate the correlation between 7R/ and soil properties due to its efficient

modeling performance. WISE30sec dataset”

was selected for its comprehensive soil
properties and data sources. Six key soil properties (0—30 cm), SOC (%), total nitrogen
(TN, %), cation exchange capacity (CEC, cmol kg!), clay content (%), sand content
(%), and pH were extracted by depth-weighted method and resampled to 0.5° resolution.
Random forest models were built for individual crops, maize (n=13935), wheat
(n=8303), rice (n=8925) and soybean (n=5935). Model training and testing were
implemented with the Scikit-learn Library in the Python. Three key parameters needed

to be adjusted for training the models, the number of trees in the forest (n_estimators),

the maximum depth of the tree (max depth) and the number of soil variables in the
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random subset at each node (max_features), for the trade-off between over-fitting and
high bias of the model. When training, all decision trees in the forest were formed by
the method of bagging sampling with replacement. In each training set, about one third
of samples were left out as out-of-bag data, which were then used to estimate the
generalization error.

The key soil properties were determined by the importance and the interaction
between 7RI and each soil variable. The former was measured by calculating the
increase of prediction error after randomly permuting the target soil variables in the
random forest model. The greater the increase in error, the more important the variable
is. The latter was visualized by centered individual conditional expectation (c-ICE)

plot®®

. The curve in the plot showed how the TR/ changes when a soil variable changed
after considering the average effects of other variables. All individual samples were
centered at a certain point in the plot, which was helpful in examining the cumulative
effect of the selected feature. Besides, the c-ICE plot visualized the condition of each
individual sample (shaded areas on both sides of the curve, Fig. 2).

Through these analysis, SOC content was determined to be the most important soil
factor affecting crop response to temperature change, followed by TN. For global soil,
a linear relationship was observed between SOC and TN (R?=0.91), and this was further
built into the equation to estimate future TRI with improved SOC. In other words, the
improved yield resilience would be realized by feeding in SOC potential and associated
TN change. Specifically, SOC potential was based on the field-supported assumption
that best management could help soil carbon accumulation and reach a relatively high
and stable SOC level®*. In this analysis, SOC data from Zomer, et al. *' was used for its
global-scale availability and accuracy. The medium scenario was considered here with
the sequestration rate of 0.56 t C ha™' yr! (0.9 Pg C yr! globally) lasting at least 20
years®!, by implementing practices including cover cropping, manure application, and
reduced tillage. The unit (%) and resolution (0.5°) of SOC data were converted and

integrated to match the random forest model. The average TN content modeled through

the linear model was 0.19% (0.07-0.49%, 95% percentile).
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Crop yields under future climate. With the changing temperature in the future, crop
yield would respond differently among crops following individual TRI pattern. The
highest and lowest additional radiative forcing scenarios (RCP2.6 and RCP8.5), 2.6 and
8.5 W m2, respectively, were considered for future climate scenarios®*#!. The monthly
temperatures of two scenarios were obtained from the outputs of Global climate models
(GCMs) in CMIP6. According to the latest comparison of the equilibrium climate
sensitivity (ECS)*, we chose three GCMs with lowest ECS from different institutes,
including INM-CMS5-0, CAMS-CSM1-0 and NorESM2-MM. In order to be spatially
consistent with other data, we aggregated the temperature data of above GCMs to a 0.5°
resolution. We averaged all model outputs for a relatively stable and accurate
temperature projection. According to the phenology data of maize, wheat, rice and
soybean, we extracted growing season temperature between planting and harvest date.
Warming trends of crops in growing season were detected by linearly fitting the
temperature from 2015 to 2100 in each grid. Then, we calculated the warming level in
2030, 2040 and 2050 relative to 2020 by using the above parameter of trends. The future

crop yield changes as a result of yield response and future warming.

Estimation of increased feed. Future production under changing climate varies with
SOC strategies (i.e., with vs. without SOC improvement), which would lead to different
estimates of food secure population (FSP) that could be met with full dietary calorie
requirements. The production was determined by yield depending on crop-specific TRI,
and harvest area simulated under future climate®®. The FSP was calculated as follows:
FSP.j. =TRI ;X AT XY, ; XH.; X CC; /] PC., 4)
where TRI.;indicates the temperature response index of continent ¢, crop j and year ¢.
A Tejc 1s the temperature change of the crop growing season under two climate
scenarios compared to current level. Y.; and H.; represent the yield and harvest area®,
which were assumed to be constant. Using four variables described above, we
calculated the production change due to future warming. CC; is the calorie content per
unit of crop /3. PC., is the calorie need per capita per year®>, which was simulated

under two scenarios, business-as-usual (BAU) and towards sustainability (TSS)
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scenarios, corresponding to RCP8.5 and RCP2.6, respectively, to be consistent with
future climate scenarios. PC.; of two scenarios was estimated based on the different
forward-looking assumptions, e.g., economic growth and policy®*. The FSP,;, with and
without SOC strategy was estimated with their corresponding 7RI;;:;. The FSP, and
increased food secure population (AFSP, difference between FSP with and without

SOC strategy) were estimated for year ¢ (i.e., 2030, 2040 and 2050).

Data availability

All the source data of this study are freely available online and referenced within the

paper. The summary of the dataset is included in the Supplementary Information.

Code availability

The code used to perform analyses in this study is generated in Python36 and is

available upon reasonable request.

Reference

1 FAOSTAT. World Food and Agriculture - Statistical Yearbook 2021. (2021).
https://www.fao.org/faostat.

2 van Dijk, M., Morley, T., Rau, M. L. & Saghai, Y. A meta-analysis of projected global food
demand and population at risk of hunger for the period 2010-2050. Nat. Food 2, 494-501
(2021).

3 FAO. The State of Food Security and Nutrition in the World 2021.  (2021).
https://www.fao.org/publications/sofi/2021/en/.

4 Rosenzweig, C. et al. Assessing agricultural risks of climate change in the 21st century in a
global gridded crop model intercomparison. Proc. Natl. Acad. Sci. U. S. A. 111, 3268-3273
(2014).

5 Lobell, D. B., Schlenker, W. & Costa-Roberts, J. Climate trends and global crop production
since 1980. Science 333, 616-620 (2011).

6 Zhao, C. et al. Temperature increase reduces global yields of major crops in four independent
estimates. Proc. Natl. Acad. Sci. U. S. A. 114, 9326-9331 (2017).

7 Ortiz-Bobea, A., Ault, T. R., Carrillo, C. M., Chambers, R. G. & Lobell, D. B. Anthropogenic
climate change has slowed global agricultural productivity growth. Nat. Clim. Chang. 11,
306-312 (2021).


https://www.fao.org/faostat
https://www.fao.org/publications/sofi/2021/en/

505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548

8 Asseng, S. et al. Rising temperatures reduce global wheat production. Nat. Clim. Chang. 5,
143-147 (2015).

9 IPCC. climate change 2022 impacts adaptation and vulnerability summary for policy makers.
(2022). https://www.ipcc.ch/report/sixth-assessment-report-working-group-ii/.

10 Challinor, A. J. et al. A meta-analysis of crop yield under climate change and adaptation.
Nat. Clim. Chang. 4, 287-291 (2014).

11 Sloat, L. L. et al. Climate adaptation by crop migration. Nat. Commun. 11, 1243 (2020).

12 Peng, B. et al. Towards a multiscale crop modelling framework for climate change
adaptation assessment. Nat. Plants 6, 338-348 (2020).

13 Hasegawa, T. et al. A global dataset for the projected impacts of climate change on four
major crops. Sci. Data 9, 58 (2022).

14 Oldfield, E. E., Bradford, M. A. & Wood, S. A. Global meta-analysis of the relationship
between soil organic matter and crop yields. Soil 5, 15-32 (2019).

15 Deng, X., Huang, Y. & Qin, Z. Soil indigenous nutrients increase the resilience of maize
yield to climatic warming in China. Environ. Res. Lett. 15, 094047 (2020).

16 Qiao, L. et al. Soil quality both increases crop production and improves resilience to climate
change. Nat. Clim. Chang. 12, 574-580 (2022).

17 Pan, G., Smith, P. & Pan, W. The role of soil organic matter in maintaining the productivity
and yield stability of cereals in China. Agric. Ecosyst. Environ. 129, 344-348 (2009).

18 Schlatter, D., Kinkel, L., Thomashow, L., Weller, D. & Paulitz, T. Disease suppressive soils:
New insights from the soil microbiome. Phytopathology 107, 1284-1297 (2017).

19 Lal, R. Intensive agriculture and the soil carbon pool. J. Crop Improv. 27, 735-751 (2013).

20 Taylor, A. et al. Building climate change adaptation and resilience through soil organic
carbon restoration in sub-Saharan rural communities: challenges and opportunities.
Sustainability 13, 10966 (2021).

21 Xia, Y. S. & Wander, M. Evaluation of indirect and direct scoring methods to relate
biochemical soil quality indicators to ecosystem services. Soil Sci. Soc. Am. J. 86, 678—702
(2022).

22 Lipper, L. et al. Climate-smart agriculture for food security. Nat. Clim. Chang. 4, 1068-1072
(2014).

23 Lehmann, J., Bossio, D. A., Kogel-Knabner, 1. & Rillig, M. C. The concept and future
prospects of soil health. Nat. Rev. Earth Environ. 1, 544-553 (2020).

24 Oldfield, E. E., Wood, S. A. & Bradford, M. A. Direct evidence using a controlled
greenhouse study for threshold effects of soil organic matter on crop growth. Ecol. Appl. 30,
€02073 (2020).

25 Amelung, W. et al. Towards a global-scale soil climate mitigation strategy. Nat. Commun.
11, 5427-5427 (2020).

26 Lal, R. Food security impacts of the “4 per Thousand” initiative. Geoderma 374, 114427
(2020).

27 Breiman, L. Random forests. Mach. Learn. 45, 5-32 (2001).

28 Goldstein, A., Kapelner, A., Bleich, J. & Pitkin, E. Peeking inside the black box: Visualizing
statistical learning with plots of individual conditional expectation. J. Comput. Graph. Stat.
24, 44-65 (2015).

29 Qin, Z., Huang, Y. & Zhuang, Q. Soil organic carbon sequestration potential of cropland in


https://www.ipcc.ch/report/sixth-assessment-report-working-group-ii/

549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592

China. Glob. Biogeochem. Cycle 27, T11-722 (2013).

30 Stewart, C. E., Plante, A. F., Paustian, K., Conant, R. T. & Six, J. Soil carbon saturation:
Linking concept and measurable carbon pools. Soil Sci. Soc. Am. J. 72, 379-392 (2008).

31 Zomer, R. J., Bossio, D. A., Sommer, R. & Verchot, L. V. Global sequestration potential of
increased organic carbon in cropland soils. Sci Rep 7, 15554 (2017).

32 Sommer, R. & Bossio, D. Dynamics and climate change mitigation potential of soil organic
carbon sequestration. J. Environ. Manage. 144, 83-87 (2014).

33 Sanderman, J., Hengl, T. & Fiske, G. J. Soil carbon debt of 12,000 years of human land use.
Proc. Natl. Acad. Sci. U. S. A. 114, 9575-9580 (2017).

34 Jagermeyr, J. et al. Climate impacts on global agriculture emerge earlier in new generation
of climate and crop models. Nat. Food 2, 873-885 (2021).

35 Jagermeyr, J. et al. Integrated crop water management might sustainably halve the global
food gap. Environ. Res. Lett. 11, 025002 (2016).

36 Vu, D. H., Stuerz, S. & Asch, F. Nutrient uptake and assimilation under varying day and
night root zone temperatures in lowland rice. J. Plant Nutr. Soil Sci. 183, 602-614 (2020).

37 Woo, D. K., Riley, W. J. & Wu, Y. X. More fertilizer and impoverished roots required for
improving wheat yields and profits under climate change. Field Crop. Res. 249, 107756
(2020).

38 Lal, R. Soil health and carbon management. Food Energy Secur. 5,212-222 (2016).

39 Fukumasu, J., Jarvis, N., Koestel, J., Katterer, T. & Larsbo, M. Relations between soil
organic carbon content and the pore size distribution for an arable topsoil with large
variations in soil properties. Eur. J. Soil Sci. 73, 13212 (2022).

40 Song, Z. W. et al. Organic amendments increase corn yield by enhancing soil resilience to
climate change. Crop J. 3, 110-117 (2015).

41 Williams, A. et al. Soil water holding capacity mitigates downside risk and volatility in US
rainfed maize: time to invest in soil organic matter? PLOS ONE 11, ¢0160974 (2016).

42 Huang, J. Y., Hartemink, A. E. & Kucharik, C. J. Soil-dependent responses of US crop yields
to climate variability and depth to groundwater. Agric. Syst. 190, 103085 (2021).

43 Fodor, N. n. et al. Integrating plant science and crop modeling: Assessment of the impact of
climate change on soybean and maize production. Plant Cell Physiol. 58, 1833-1847 (2017).

44 Jagermeyr, J. & Frieler, K. Spatial variations in crop growing seasons pivotal to reproduce
global fluctuations in maize and wheat yields. Sci. Adv. 4, eaat4517 (2018).

45 Wang, G., Zhang, W., Sun, W., Li, T. & Han, P. Modeling soil organic carbon dynamics and
their driving factors in the main global cereal cropping systems. Atmos. Chem. Phys. 17,
11849-11859 (2017).

46 Basso, B. et al. Soil organic carbon and nitrogenfeedbacks on crop yields under climate
change. Agricultural & Environmental Letters 3, 180026 (2018).

47 Wang, Y., Lu, Y., Horton, R. & Ren, T. Specific heat capacity of soil solids: Influences of
clay content, organic matter, and tightly bound water. Soi/ Sci. Soc. Am. J. 83, 1062-1066
(2019).

48 Bryan, E. et al. Adapting agriculture to climate change in Kenya: Household strategies and
determinants. J. Environ. Manage. 114, 26-35 (2013).

49 Zhao, Y. C. et al. Economics- and policy-driven organic carbon input enhancement
dominates soil organic carbon accumulation in Chinese croplands. Proc. Natl. Acad. Sci. U.



593
594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636

S. 4. 115, 4045-4050 (2018).

50 Adhikari, K. & Hartemink, A. E. Linking soils to ecosystem services - A global review.
Geoderma 262, 101-111 (2016).

51 Griscom, B. W. et al. Natural climate solutions. Proc. Natl. Acad. Sci. U. S. A. 114, 11645-
11650 (2017).

52 Qin, Z. et al. Delayed impact of natural climate solutions. Glob. Change Biol. 27, 215-217
(2021).

53 Paustian, K. ef al. Climate-smart soils. Nature 532, 49-57 (2016).

54 Lessmann, M., Ros, G. H., Young, M. D. & de Vries, W. Global variation in soil carbon
sequestration potential through improved cropland management. Glob. Change Biol. 28,
1162-1177 (2021).

55 Georgiou, K. et al. Global stocks and capacity of mineral-associated soil organic carbon.
Nat. Commun. 13, 3797 (2022).

56 Smith, P. er al. How to measure, report and verify soil carbon change to realise the potential
of soil carbon sequestration for atmospheric greenhouse gas removal. Glob. Change Biol.
26, 219-241 (2020).

57 Fujisaki, K. et al. Soil carbon stock changes in tropical croplands are mainly driven by
carbon inputs: A synthesis. Agric. Ecosyst. Environ. 259, 147-158 (2018).

58 Trost, B. et al. Irrigation, soil organic carbon and N20 emissions. A review. Agron. Sustain.
Dev. 33, 733-749 (2013).

59 Yu, Y., Huang, Y. & Zhang, W. Projected changes in soil organic carbon stocks of China's
croplands under different agricultural managements, 2011-2050. Agric. Ecosyst. Environ.
178, 109-120 (2013).

60 Lugato, E., Leip, A. & Jones, A. Mitigation potential of soil carbon management
overestimated by neglecting N2O emissions. Nat. Clim. Chang. 8, 219-223 (2018).

61 Liu, C., Lu, M,, Cui, J., Li, B. & Fang, C. M. Effects of straw carbon input on carbon
dynamics in agricultural soils: a meta-analysis. Glob. Change Biol. 20, 1366-1381 (2014).

62 Wang, X. H. et al. Global irrigation contribution to wheat and maize yield. Nat. Commun.
12, 1235 (2021).

63 Li, Y. et al. Quantifying irrigation cooling benefits to maize yield in the US Midwest. Glob.
Change Biol. 26, 3065-3078 (2020).

64 Hasegawa, T. et al. Extreme climate events increase risk of global food insecurity and
adaptation needs. Nat. Food 2, 587-595 (2021).

65 Rumpel, C. et al. The 4p1000 initiative: Opportunities, limitations and challenges for
implementing soil organic carbon sequestration as a sustainable development strategy.
Ambio 49, 350-360 (2020).

66 Groenigen, J. W. V., Kessel, C. V., Hungate, B. A., Oenema, O. & Groenigen, K. J. V.
Sequestering soil organic carbon: A nitrogen dilemma. Environ. Sci. Technol. 51, 11503-
11504 (2017).

67 Schmer, M. R., Jin, V. L., Wienhold, B. J., Becker, S. M. & Varvel, G. E. Long-term rotation
diversity and nitrogen effects on soil organic carbon and nitrogenstocks. Agrosystems,
Geosciences & Environment 3, €20055 (2020).

68 lizumi, T. & Sakai, T. The global dataset of historical yields for major crops 1981-2016. Sci.
Data 7,97 (2020).



637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674

675

676

677

69 Ruane, A. C., Goldberg, R. & Chryssanthacopoulos, J. Climate forcing datasets for
agricultural modeling: Merged products for gap-filling and historical climate series
estimation. Agric. For. Meteorol. 200, 233-248 (2015).

70 Sacks, W. J., Deryng, D., Foley, J. A. & Ramankutty, N. Crop planting dates: an analysis of
global patterns. Glob. Ecol. Biogeogr. 19, 607-620 (2010).

71 Leng, G., Peng, J. & Huang, S. Recent changes in county-level maize production in the
United States: Spatial-temporal patterns, climatic drivers and the implications for crop
modelling. Sci. Total Environ. 686, 819-827 (2019).

72 Tigchelaar, M., Battisti, D. S., Naylor, R. L. & Ray, D. K. Future warming increases
probability of globally synchronized maize production shocks. Proc. Natl. Acad. Sci. U. S.
A. 115, 6644-6649 (2018).

73 Lobell, D. B. & Asseng, S. Comparing estimates of climate change impacts from process-
based and statistical crop models. Environ. Res. Lett. 12, 015001 (2017).

74 Liu, B. et al. Similar estimates of temperature impacts on global wheat yield by three
independent methods. Nat. Clim. Chang. 6, 1130-1136 (2016).

75 Lu, C. Q. & Tian, H. Q. Global nitrogen and phosphorus fertilizer use for agriculture
production in the past half century: shifted hot spots and nutrient imbalance. Earth Syst. Sci.
Data 9, 181-192 (2017).

76 Zhu, P., Zhuang, Q., Archontoulis, S. V., Bernacchi, C. & Muller, C. Dissecting the nonlinear
response of maize yield to high temperature stress with model-data integration. Glob.
Change Biol. 25, 2470-2484 (2019).

77 Wooldridge, J. M. Introductory econometrics: A modern approach. (Cengage learning,
2018).

78 Ray, D. K., Ramankutty, N., Mueller, N. D., West, P. C. & Foley, J. A. Recent patterns of
crop yield growth and stagnation. Nat. Commun. 3, 1293 (2012).

79 Batjes, N. H. World soil property estimates for broad-scale modelling (WISE30sec). (ISRIC
- World Soil Information, Wageningen, 2015). www.isric.org.

80 O'Neill, B. C. et al. The Scenario Model Intercomparison Poject (ScenarioMIP) for CMIP6.
Geosci. Model Dev. 9, 3461-3482 (2016).

81 Riahi, K. et al. The Shared Socioeconomic Pathways and their energy, land use, and
greenhouse gas emissions implications: An overview. Glob. Environ. Change 42, 153-168
(2017).

82 Scafetta, N. Advanced testing of low, medium, and high ECS CMIP6 GCM simulations
versus ERAS-T2m. Geophys. Res. Lett. 49, €2022GL097716 (2022).

83 FAO. The future of food and agriculture — Alternative pathways to 2050. (2018).
https://www.fao.org/global-perspectives-studies/resources/detail/en/c/1157074/.

84 FAO. Nutritive Factors. (2012). https://www.fao.org/economic/the-statistics-division-

ess/publications-studies/publications/nutritive-factors/en/.

Acknowledgements

This work was supported by the National Natural Science Foundation of China


file:///C:/Users/xi_de/AppData/Roaming/Microsoft/Word/www.isric.org
https://www.fao.org/global-perspectives-studies/resources/detail/en/c/1157074/
https://www.fao.org/economic/the-statistics-division-ess/publications-studies/publications/nutritive-factors/en/
https://www.fao.org/economic/the-statistics-division-ess/publications-studies/publications/nutritive-factors/en/

678

679

680

681

682

683

684

685

686

687

688

689

690

(41975113, 42141020), the Guangdong Provincial Department of Science and
Technology (2019ZT08G090), and China Postdoctoral Science Foundation
(2021M693583).

Author contributions

Z. Q. and Y. H. conceived and designed the research. X. D. and Z. Q. developed data-
model simulations and analyzed results, with key inputs from Y. H., W. Y. and W. Z. on
model improvement. P. C., W. D. and P. S. helped with interpretation of the results and
discussion. X. D., Y. H. and Z. Q. wrote the manuscript with contributions from all

authors.

Competing interests

The authors declare no competing interests.



