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a-c, wheat, d-f, maize, and g-i rice. The filled orange
corresponds to a bar for each individual Yieldsumps site-year




(Yieldswmps)

(ranked from high to low, Numbers shown on each panel). The
blue dashed lines indicate mean Yieldswps. Yieldsmps (Mg/ha)
are shown as mean (+SD, standard deviation); Coefficient of
variation (CV, %) calculated by dividing mean yield by SD; N
refers to the number of site-years of on-farm trials in major
cropping systems in China. W-NCP, winter wheat in North China
Plain; W-YZB, winter wheat in Yangtze River Basin; W-NWC,
winter wheat in Northwest China; M-NEC, rainfed maize in
Northeast China; M-NCP, maize in North China Plain; M-SWC,
rainfed maize in Southwest China; SR-YZB, single rice in Yangtze
River Basin; ER-SC, early rice in South China; LR-SC, late rice in
South China

Extended Data Fig. 2

The relative contribution
(%) of  explaining
variables to yields under
best management
practices.

Fan_ED_Fig 2.eps

Assessment was conducted by Gradient Boosted Regression
Tree models based on the primary data comprising all on-farm
trials in major cropping systems in China. Orange, green and
blue bars indicate climate, soil and management variables
respectively. Tmax and Tmin, maximum and minimum
temperature; PRE, precipitation; GDD, growing degree days;
RAD, solar radiation; SOM, soil organic matter; Olsen-P and
Avail-K, soil available phosphorus and potassium. W-NCP,
winter wheat in North China Plain; W-YZB, winter wheat in
Yangtze River Basin; W-NWC, winter wheat in Northwest China;
M-NEC, rainfed maize in Northeast China; M-NCP, maize in
North China Plain; M-SWC, rainfed maize in Southwest China;
SR-YZB, single rice in Yangtze River Basin; ER-SC, early rice in
South China; LR-SC, late rice in South China.




Extended Data Fig. 3

Geographical
distribution of paired on-
farm trials under high-
and low-quality soils.

Fan_ED_Fig 3.eps

Symbols of blue dot and red triangle indicate on-farm trials
conducted in high- and low-quality soils in major cropping
systems in China, respectively. Paired on-farm trials were
conducted in high-(N=1665) and low - (N=1676) quality soils.
W-NCP, winter wheat in North China Plain; W-YZB, winter
wheat in Yangtze River Basin; W-NWC, winter wheat in
Northwest China; M-NEC, rainfed maize in Northeast China; M-
NCP, maize in North China Plain; M-SWC, rainfed maize in
Southwest China; SR-YZB, single rice in Yangtze River Basin; ER-
SC, early rice in South China; LR-SC, late rice in South China.

Extended Data Fig. 4

Comparison of climate
variables between
locations of paired on-
farm trials conducted in
high- and low- quality
soils.

Fan_ED_Fig 4.eps

a-d, average maximum temperature (a), average minimum
temperature (b), cumulative precipitation (c) and cumulative
radiation (d) between locations, where paired on-farm trials
were conducted in high-(N=1665) and low - (N=1676) quality
soils. W-NCP, winter wheat in North China Plain; W-YZB, winter
wheat in Yangtze River Basin; W-NWC, winter wheat in
Northwest China; M-NEC, rainfed maize in Northeast China; M-
NCP, maize in North China Plain; M-SWC, rainfed maize in
Southwest China; SR-YZB, single rice in Yangtze River Basin; ER-
SC, early rice in South China; LR-SC, late rice in South China. ***
refers to significance at p = 0.001.

Extended Data Fig. 5

Projected yield change in
future climate change.

Fan_ED_Fig 5.eps

a,b, projected yield changes under RCP2.6 (a) and RCP8.5 (b)
pathways up to 2040-2059; c,d, projected yield changes under
RCP2.6 (c) and RCP8.5 (d) pathways up to 2080-2099.
Projections were based on Gradient Boosted Regression Tree
(GBRT) model trained on the primary data set comprising all




on-farm trials for major cropping systems in China. Boxes
represent variability across each cropping system over the
2040-2099 periods. Solid lines and diamonds in this figure
indicate median and mean yields, respectively; the boundary of
the box indicates the 25th and 75th percentile; whisker caps
denote the 90th and 10th percentiles. W-NCP, winter wheat in
North China Plain; W-YZB, winter wheat in Yangtze River Basin;
W-NWC, winter wheat in Northwest China; M-NEC, rainfed
maize in Northeast China; M-NCP, maize in North China Plain;
M-SWC, rainfed maize in southwest China; SR-YZB, single rice in
Yangtze River Basin; ER-SC, early rice in South China; LR-SC,
later rice in South China.

Extended Data Fig. 6

Projected yield changes
and their difference
between high- and low-
quality soils.

Fan_ED_Fig 6.eps

a-d, projected yield changes and their difference between high-
and low-quality soils under climate change in RCP 2.6 (a) and
RCP 8.5 (b) up to 2040-2059, and RCP 2.6 (c) and RCP 8.5 (d)
up to 2080-2099. Projected yield changes were estimated
based on the primary dataset comprising all on-farm trials,
differences of yield changes were estimated based on sub-
datasets comprising on-farm trials with paired high- and low-
quality soils in major cropping systems in China. Horizontal and
vertical error bars (standard deviation, SD) represent inter-
annual variations of yield changes and difference of yield
change between high- and low-quality soils, respectively. Solid
lines represent significant difference in yield change between
high- and low-quality soil at p = 0.10, while dashed lines
represent no significant difference. W-NCP, winter wheat in
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North China Plain; W-YZB, winter wheat in Yangtze River Basin;
W-NWC, winter wheat in Northwest China; M-NEC, rainfed
maize in Northeast China; M-NCP, maize in North China Plain;
M-SWC, rainfed maize in Southwest China; SR-YZB, single rice
in Yangtze River Basin; ER-SC, early rice in South China; LR-SC,
late rice in South China.
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Interactions between soil quality and climate change may influence the
capacity of croplands to produce sufficient food. Here, we address this issue by
using a new dataset of soil, climate and associated yield observations for 12115
Site-yearsrepresenting 90% of total cereal production in China. Across cropsand
environmental conditions, we show that high-quality soils reduced the sensitivity
of crop yield to climate variability leading to both higher mean crop yield
(10.3+6.7%) and higher yield stability (decreasing variability by 15.6+14.4%).
High-quality soils improve the outcome for yields under climate change by 1.7%
(0.5-4.0%), compared to low-quality soils. Climate-driven yield change could
result in reductions of national cereal production of 11.4Mt annually under
PCR8.5 by 2080-2099. While this production reduction was exacer bated by 14%
dueto soil degradation; it can bereduced by 21% through soil improvement. This

study emphasisesthevital role of soil quality in agricultureunder climate change.

Food production may have to increase by as much as 60-100% by 2050 to meet
projected food demand due to growing population!-2. Growth rates in crop productivity
are expected to be driven mainly by technological and agronomic improvements>, as
they were during the Green Revolution. However, agriculture now is facing greater
challenges than ever before, because increased global food production must be achieved
sustainably and under changing global biophysical stressors®!!.

Climate variability is known to impact crop production. For example, globally,

fluctuations in temperature, precipitation or their interaction were found to explain
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roughly 32-39% of current crop yield variability!?. Though uncertainties remains about
regional and local impacts of climate change, numerous studies have concluded that
continued warming will lead to substantial declines in global mean crop yields by the
mid-21%t century, especially for tropical and sub-tropical agriculture!3-'6, At the same
time, there is active debate on where and how such warming will impact agriculture in
the temperate zone, such as in China or the United States'’-!. China is the world’s most
populous and largest developing country, and agriculture is a fundamental component
of its national economy. Agriculture in China feeds ~20% of the global population with
only 7% of the world’s arable land, and 5% of water resources’, demonstrating its
global importance.

Soil is one of the basic biophysical factors which together with climate determine
the major patterns of global agricultural land*°. Soil quality improvement is recognized
increasingly as a fundamental mechanism to increase yield of crops and food insecurity
could be made even more acute through continuing soil degradation'®!!. However, little
is known about how interactions between soil and climate change influence the capacity
of croplands to produce adequate food supply at regional to national and global scales.

Exploring the interactive effects of soil and climate on agricultural production at
regional and global scales is challenging since both are highly heterogeneous.
Assessments of the sensitivity of agricultural output to climate variability and change
have, to-date, relied either on process-based crop simulation models?! or empirical and
statistical modelling of crop-climate relationships?>%’. However, both approaches have

often neglected the heterogeneity of soil**, due to the quality and accessibility of
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regional and/or global soil data in terms of accuracy and range of measured soil
characteristics.

Inadequate consideration of soil quality and interactions with climate change
impedes our understanding of the food security challenge in the face of rapidly
changing biophysical conditions and the implementation of appropriate risk
management strategies**2°, This is especially true in developing countries, where (a)
agriculture is a larger component of gross domestic product; (b) the majority of the
world’s food-insecure population resides with low-quality and/or severely degraded
soil; and (c) the worst effects of climate variability and change on food systems are
anticipated'*2!?’, Similarly, agricultural production in China is also inherently fragile,
since it is also endangered by climate change and soil degradation®!8, and is among the
countries most affected by climate change?®.

In this study, we focused on understanding the interaction of climate and soil
quality on yield and its variability, using a unique dataset of soil and associated yield
observations for 12115 site-years, complemented by multiple climate variables,
covering three major crops across major production regions which account for 90% of
total cereal production in China (Fig. 1, Table S1). We used a data-driven approach
based on a machine learning algorithm to quantify the potential benefits of enhanced
soil quality on crop yield and its variability under Best Management Practices

(Yieldsmps, see Methods section) for both current and future climates.

Yield variation and biophysical explanation



107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

It is well known that yields under farmers’ practices are highly variable, especially
for smallholder systems, and management practices can be a major cause of this
variablity?>**, We find that Yieldswmps are also heterogeneous across and within major
cropping systems (Extended Data Fig. 1), though best management practices
sustainably increased yields by, on average, 10.6% compared to those under farmers’
actual practices* over the major cropping systems. The yield variations were measured
by both standard deviation (SD) and coefficient of variation (CV, SD/mean*100%),
with the former termed as absolute stability and the latter as relative stability3!. The CV
of Yieldsmps for wheat, maize and rice were 18-22 %, 17-19 % and 13-16 % across
systems, which correspond to 1.2 to 1.5 Mg/ha, 1.4 to 1.8 Mg/ha and 1.1 Mg/ha in
absolute terms (SD), respectively. The degree of yield variability in this study was

1.12, in which average inter-annual yield variability

higher than that estimated by Ray et a
in China corresponded to 0.7, 0.9 and 0.7 Mg/ha for wheat, maize and rice, respectively.
This may be because Yieldsmps variability in the current study was derived from both
geographic and decade-scale temporal variation in climate and/or soil conditions®?, in
contrast to the inter-annual and climate-induced yield variability considered in Ray et
al.'2,

A Gradient Boosted Regression Tree statistical model (GBRT) was used to relate
biophysical factors to yield variations for each cropping system. The mean error (E)
values were relatively small, and were not significantly different from zero. The average
of normalized root mean square errors (nRMSE) ranged from 10.5 — 15.6 % across

crops and regions (Table S2), indicating good performance of the GBRT model in
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modelling yield**.We also compared the GBRT approach with traditional stepwise
multiple linear regression (SMLR) for fitting data. In general, the descriptive statistics
indicate a higher level of prediction accuracy of the GBRT than the SMLR (Table S2).
In addition to prediction accuracy, GBRT also provides the relative importance of each
variable with their partial plots representing the marginal effect of single variables on
yields. For all cropping systems excluding winter wheat (W-YZB) and single rice (SR-
YZB) in the Yangtze River Basin and maize in northeast China (M-NEC), climatic and
soil variables were always ranked among the top four to seven explanatory factors
(Extended Data Fig. 2), providing evidence for joint climate-soil control in Yieldsmes.
However, the most influential bio-physical factors varied among cropping systems. For
W-YZB and SR-YZB, and M-NEC, nitrogen (N) rate remains the most important factor
in determining yield, showing potential for further improvement in N management

(Extended Data Fig. 2).

Buffer effect of high-quality soil to climate variability

To assess the buffering effects of high-quality soil to climate variables, we further
established a sub-set of data composed of local pairs of high- and low-quality soils
farmed using the same BMPs and under the same climate conditions (see Methods,
Extended Data Fig. 3 and 4). High-quality and low-quality soils were grouped
according to the two most important and sensitive soil factors and their partial plots in
explaining crop- and region-specific yield, based on the above GBRT models (Extended
Data Fig. 2, Fig. S1-S3). Dependent upon cropping systems, soil organic matter (SOM),

11



151  soil available Phosphorus (soil Olsen-P), and/or soil type and soil texture were
152 identified as the most important factors in explaining yield variations (Table S3). The
153  yield stability was compared between the two soil quality groups by measuring both
154  SD and CV. The mean Yieldsmps from high-quality soils were significantly higher, on
155  average by 0.69 Mg/ha across all cropping systems, than those from low-quality soils
156  (Table 1). The SD of yield produced on low-quality soils was either similar or
157  significantly higher than those in high-quality soils (Table 1). Accordingly, the CV in
158  all cropping systems was consistently lower in high-quality soils despite very small
159  differences being found in rice systems, suggesting higher yield stability under high-
160  quality soils. On average, high-quality soils increased relative yield stability compared
161  to low-quality soil by 8.8-51.0% for wheat, 8.8-22.0% for maize and 2.2—12.9% for rice
162  cropping systems (Table 1). Higher yield stability in high-quality soils in wheat and
163  maize cropping systems shows that wheat and maize productivity is more dependent on
164  soil conditions. The lower impacts of soil quality on yield of paddy rice is also expected
165  as the flooding over most of the growing period leads to smaller effects of soil and
166  climatic variables on crop growth.

167 We further explored how, and to what extent, the total Yieldsmps variations could
168  be explained by climate variables in both high- and low-quality soils. On average, 17.2%
169  (+4.3%) of Yieldsmps variation was explained by climate variability in high-quality soil
170  over all systems excluding late rice in the south of China (LR-SC) and maize in the
171 southwest of China (M-SWC), but the equivalent value was 26.4% (£10.5%) in low-
172 quality soils (Table 1), suggesting that high-quality soil generally reduces the sensitivity

12



173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

of crop production to climate, lowering the climate-driven share of yield variability.
Overall, the climate-explained R? in those low-quality soils was 1.7 and 1.5 times

higher than in good quality soils for wheat and maize, compared with 1.2 times for rice.

Interactions of climate change and soil quality on yield

We derive the yield response to climate change based on the trained GBRT model
under future climate conditions (during both 2040-2059 and 2080-2099) following
RCP 2.6 and RCP 8.5, assuming no adaptation. The future climate was projected by
using the bias-corrected global gridded climate data at 0.5°% 0.5° horizontal resolution
from five Earth System Models**. Warming is simulated over China even under RCP
2.6 and accompanied by increased precipitation and solar radiation (Fig. S4 and S5).
However, depending on region and crop, the effects of climate change on yield in China
were diverse, ranging from a decrease by 6.9 % to an increase by 8.6 % over cropping
systems, RCPs and periods (Extended Data Fig. 5 and Fig. 6). Generally, cropping
systems such as winter wheat in the North China Plain (W-NCP) and late rice in the
south of China (LR-SC), benefit from climate change according to the GBRT model.
Winter wheat in Yangtze River Basin (W-YZB) and northwest of China (W-NWC),
maize in North China Plain (M-NCP), M-SWC and SR-YZB showed yield reductions
even in the most positive scenarios of RCP 2.6 (Extended Data Fig. 5). Maize in
Northeast of China (M-NEC) showed mixed impacts on yield trends, in contrast to other
combinations of RCPs and periods (Extended Data Fig. 5 a,b,c), RCP 8.5 could lead to
a decrease in yield during 2080-2099 (Extended Data Fig. 5d). Overall, the negative
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effects of climate change on yield were more prominent under drastic climate change
scenarios at the end of century. Climate change impacts estimated in the current study
qualitatively support earlier findings projected using a range of approaches!6-3%-37,
China is located in the mid-latitudes and spans temperate, subtropical and tropical
climate zones, with very diverse biophysical conditions of arable cropping (Fig. 1, Text
S1). Cereal crops are grown either close to temperature thresholds or at suboptimal
temperatures, so that a mix of effects of climate change on crop yield over cropping
systems and regions was anticipated '% 2138,

Significant interactive effects of soil quality on yield in response to climate change
were found in almost all cropping systems across combinations of periods and RCPs,
except for M-SWC and SR-YZB (Fig 2). In regions projected to have a negative yield
response to climate change, high-quality soils led to smaller yield loss, whereas in
regions with positive yield response to climate change, the climate-induced yield
increment was larger (Fig. 2, Extended Data Fig. 6). Interestingly, in some cases,
especially for wheat, high-quality soil can shift climate-induced yield decreases in low-
quality soils to yield increases in high-quality soils (Fig. 2, Extended Data Fig. 6 a,b,c).
The significant differences in relative yield change response to climate change between
high- and low-quality soils were found in six and five out of nine major cropping
systems in middle and at end of century, respectively, with the mean amount of 1.68 %
ranging from 0.51 % to 4.02 % across cropping systems, RCPs and periods (Extended
Data Fig. 6).

Soil hydrology, soil temperature and evapotranspiration are driven by both
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climatic and soil factors. High-quality soils (e.g. with medium-textured and high SOM)
may better moderate the impact of rainfall variability on soil moisture and crop
growth?63%-41 Ideally, nutrient additions should be managed to continuously satisfy
plant nutrient demand, which requires a thorough understanding of plant requirements
and soil nutrient availability*>. This can be achieved in simulations by assuming that
nutrients match demand by setting optimal amount and daily crop demand?!, thus, soil
nutrient-related yield variability estimated by a model can be largely underestimated?*.
However, this has proved difficult to achieve in practice because applications must be
made before the demand exists*}, and the impulse type management approach, -
applying nutrients (particularly N) at key growing stage even in BMPs, fails to match
perfectly and dynamically with crop demand in the whole crop growth cycle. Interactive
effects of soil P availability and climate in crop production can also be expected,
because soil temperature and moisture substantially affect P diffusion, and consequently
modulate P bio-availability to the crop*. Thus, the nutrient storage and supply capacity
provided by soils also enables them to either buffer or reinforce impacts of climate
variability and change on crop growth and yield. This could be the underlying
mechanism for what we observed in this study, in view of the facts that soil texture,
SOM, and/or soil Olsen-P were important factors in classification of soil quality levels.
However, the mechanisms by which soil modulates impacts of climate change and
variability on crop productivity are highly complex due to the many processes
involved*'. They differed substantially between regions and cropping systems, but to
fully disentangle them is beyond the scope of this study.

15



239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

Production fluctuation derived by climate-soil interactions

Finally, we assessed to what extent climate-derived yield change could be
translated into changes in national production fluctuations, and the relative importance
of climate-soil interactions. Here, the interactions of soil-climate were the difference in
production responses between either a scenario of soil improvement or soil degradation
and business as usual (BAU).

Under RCP 2.6, both climate-driven production fluctuations as the sum of total
wheat, maize and rice production were small (Fig. 3 a,c). However, high climate forcing
scenarios led to more prominent production fluctuations, with annual climate-driven
production loss was, on average, 11.4 Mt under RCP 8.5 during 2080-2099, accounting
for 3.3% of national total production (Fig. 3 d). This was mainly due to a climate
change-driven production loss in wheat in NWC and in wheat and rice in YZB, and in
all maize cropping systems, which exceeded the climate change-induced production
gain in other cropping systems. Further, under the scenario of all soils being degraded
to a low-quality level, the climate change derived annual production loss averaged 13.0
Mt, comprised of 3.8 Mt from wheat, 6.4 Mt from maize and 2.8 Mt for rice (Fig. 3d),
accounting for 4.2% of national total wheat, 5.4% of maize and 2.0% of rice production,
respectively®. These changes in average annual production are similar to the wheat
production of some European countries, and higher than the maize production of most
African countries®. The size of such loss could represent a substantial threat to
sustaining the production growth rates necessary to keep up with demand in China, in
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view of an annual growth rate in cereal production of 3.7% during 1961-2009 in China
and 2% globally over the same period>. The climate change-derived production loss
and risk of short-term food price shocks could be larger, when considering inter-annual
variability (Fig. 3). In contrast, if all soils were improved to a high-quality level by
2080-2099, the climate change derived annual production loss could be reduced to 9.0
Mt, with 2.4 Mt for wheat, 3.9 Mt for maize and 2.7 Mt for rice (Fig. 3d). Overall, the
interactions of climate and soil accounted for 14% of the climate-driven production loss
under BAU under soil degradation and 21% under soil improvement scenarios,
respectively.

The soil-climate interaction may be underestimated in the current study, due to
other factors not considered here, such as topsoil depth, soil compaction and erosion,
and soil biota which could also be important in China*. We did not consider elevated
[CO2] and adaptation potential of improved technology, such as improved crop
germplasm and adjustment of agricultural structure and planting systems, in assessing
both climate-derived yield change and national future production fluctuations. However,
these effects could occur on both high- and low-quality soils. We assume that the
omission of these factors does not generally challenge conclusions that high-quality
soils are better suited to buffer adverse conditions under climate change. However, it
must be acknowledged that restoring and/or improving soil quality is a challenging task,
especially under warmer climates and more variable precipitation patterns in future,

which necessitates a national and international coordinated approach '% 26,
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Increasing production and delivering stable food supplies in a changing and more
variable climate requires integrated solutions. We demonstrate here the value of
controlled management practice trials on working farms for revealing crop- and region-
specific soil and climatic controls on crop production. Our results show that high-
quality soils moderate the effects of climate change and climate variability on yield and
improve yield stability (Fig. 4). These findings show that improving soil quality could
be an effective strategy for increasing the resilience of regional, national and global
food production under a changing climate, as a vital component of “climate-smart

agriculture”.
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Table 1. Observed Mean yield and yield variability (CV) under best management
practices (Yieldsmrs) in high- and low-quality soils and yield variability explained by
climate variability for major cropping systems in China.

Yieldsmps variation

Yieldsmps (Mg/ha)
Crop Production Soil quality N explained by
types regions levels climate variability
Mean SD CV (%) %)
High 327  7.1a* 1.0b 145b 12.8
North China Plain
Low 328 6.5b I.1a 17.1a 19.4
Winter ~ Yangtze River High 152 7.0a 09a 125b 20.1
Wheat Basin Low 158  6.4b 09a 13.7a 31.6
High 106 71a L1b 159b 23.1
Northwest China
Low 71 56D 1.8a 324a 42.6
High 102 100a 14b 14.6b 20.3
Northeast China
Low 92 92b 1.5a 16.0a 36.7
High 180 83a L1b 13.1b 16.3
Maize North China Plain
Low 175 7.8b 13a 16.8 a 20.0
High 130 8.1a 13b 16.6 b 15.6
Southwest China
Low 127 7.4b l4a 19.1a 14.9
Single  Yangtze River High 241 8.7a l.la 13.1b 16.7
rice Basin Low 244 84b 1.1a 13.4a 18.2
Early High 188 7.1a 1.0b 142b 11.2
) South China
rce Low 184 6.7b I.1a 163 a 16.1
High 202 75a 09a 123b 17.7
Late rice South China
Low 253 6.6b 09a 13.1a 7.4

High- and low-quality soils were grouped according to the two most important and
sensitive soil variables in explaining yield variations (See Method and Table S3). N
represents the number of paired on-farm trails with different soil quality but the same
management practices and climate conditions. Yieldsmps (Mg/ha) are shown as mean,
SD (standard deviation), and CV (%, coefficient of variation calculated by dividing
mean yield by standard deviation).Climate impacts were assessed by explained
variability (R?) in climate-yield relationship assessed by Gradient Boosted Regression
Tree model for high and low soil quality groups. *Different lowercase showed
significant difference in mean Yieldsmps, SD and CV between high- and low-quality

soils for each cropping systems at p=0.05, respectively.
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Figure Legends

Fig. 1. Geographical distribution of on-farm trials. a-c, distributions on-farm trials
for winter wheat, maize, and rice, respectively. Symbols of purple dot represent on-
farm trials. Numbers in brackets indicate the number of on-farm trials for each region
of each crop. Map sections of different colours indicate the major wheat, maize, and
rice production agroecological regions in China. Harvested area fractions represent the
proportion of harvested area of Gridcell (10 km?) for each crop (Data source:
http://www.earthstat.org/). The shade of colour section indicates the size of the

harvested area.

Fig. 2. Projected yield change in high- and low- quality soils in future climate
change. Projections were conducted under RCP2.6 and RCP8.5 pathways up to 2040-
2059 and 2080-2099, and based on Gradient Boosted Regression Tree model trained on
sub-data set composed of on-farm trials with paired trials of high- and low-quality soil
in major cropping systems in China. Solid lines and diamonds in this figure indicate
median and mean yields, respectively; the boundary of the box indicates the 25th and
75th percentile; whisker caps denote the 90th and 10th percentiles. Paired data refer to
585 and 557 for wheat, 412 and 394 for maize, and 631 high- and 681 low-quality soils
for rice, respectively. Asterisks represent significant difference in yield change between
high- and low-soil quality at p = 0.10. W-NCP, winter wheat in North China Plain; W-
YZB, winter wheat in Yangtze River Basin; W-NWC, winter wheat in Northwest China;

M-NEC, rainfed maize in Northeast China; M-NCP, maize in North China Plain; M-
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SWC, rainfed maize in Southwest China; SR-YZB, single rice in Yangtze River Basin;

ER-SC, early rice in South China; LR-SC, later rice in South China.

Fig. 3. Climate-change driven change in cereal production. a-d, Climate-change
driven change in cereal production of three soil quality scenarios under RCP2.6 (a) and
RCPS8.5 (b) pathways by 2040-2059, and RCP 2.6 (c) and RCP8.5 (d) by 2080-2099 for
major cropping systems in China. The bars (standard deviation, SD) show the average
plus inter-annual variability in total cereal production caused by climate change for the
three conditions: soil quality maintained at current quality level as business as usual
(BAU), soil quality uniformly improved to a high-quality level (SQ improvement), soil
quality uniformly degraded to a low-quality level (SQ degradation) for all farmlands of
major cropping systems. Green, dark green and light green, columns represent BAU,
SQ improvement, and SQ degradation scenarios, respectively. Asterisks refer to
cropping systems with significant difference in yield response to future climate changes
between high- and low-quality soil at p = 0.1. W-NCP, winter wheat in North China
Plain; W-YZB, winter wheat in Yangtze River Basin; W-NWC, winter wheat in
Northwest China; M-NEC, rainfed maize in Northeast China; M-NCP, maize in North
China Plain; M-SWC, rainfed maize in southwest China; SR-YZB, single rice in
Yangtze River Basin; ER-SC, early rice in South China; LR-SC, later rice in South

China.
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Fig. 4. Schematic representation of the pattern of soil quality (SQ) moderating
theyield resilienceto climate variability and change. High-quality soil leads to
higher attainable/mean yield and a less variable response to climate impacts than a
low-quality soil. Further, where climate change positively impacts crop yields, then a
good quality soil would enhance that positive effect. In contrast, if climate change
negatively affects yield, then high-quality soil would at least partially offset those

negative impacts.
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Methods

The agroecological zones and major cereal cropping systems

Wheat (Triticum aestivum L.), maize (Zea mays L.) and rice (Oryza sativa L.) are the
principal staple foods in China, cultivated across China from cold to subtropical and
from arid to semi-arid and humid regions*’. Nine major cropping systems, accounting
for more than 90% of the total production of rice, maize and wheat, were included in
the current study. They are defined according to their agroecological and geographical
location: 1) winter wheat in North China Plain (W-NCP), 2) winter wheat in Yangtze
River Basin (W-YZB), 3) winter wheat in Northwest China (W-NWC), 4) rainfed maize
in Northeast China (M-NEC), 5) maize in North China Plain (M-NCP), 6) rainfed maize
in Southwest China (M-SWC), 7) single rice in Yangtze River Basin (SR-YZB), 8) early
rice in South China (ER-SC), 9) late rice in South China (LR-SC). An overview of the
major cropping systems and the geographical distribution of on-farm trials is shown in
Fig. 1 and Text S1. A publicly released base map of China was obtained from the
Resource and Environmental Data Cloud Platform (http://www.resdc.cn). All map-
related operations were performed using ArcGIS 10.8.1 software (www.esri.com/en-

us/arcgis).

On-farm trials and data set
A total of 12115 site-year on-farm trials (n=3883 for wheat, 3694 for maize and
4538 for rice) were obtained from the National Soil Test and Fertilizer
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Recommendation projects (2005-2013), with sites spread across all the involved
agroecological zones (Fig. 1). On-farm trials were conducted to study optimized
fertilizer recommendation, in which the three nutrients of N, P and potassium (K) with
four rates, and a total of fourteen treatments were included*®. These experiments were
designed and managed by local agricultural experts and/or trained extension officers,
and were implemented in on-farm fields. In the present study, only treatments with
optimal NPK rates were used, with an exception for LR-SC, for which yield in control
plots were used as one of the indicators in classification of soil quality. These optimal
NPK treatments were developed specifically to maximise both yield and nutrient use
efficiency for a given location based on integrated nutrient management strategies*”,
also using locally available practices based on best science and understanding in
cultivar choice, sowing date and density, supplementary irrigation (in irrigated cropping
systems), weed, insect and disease control (hereafter referred to as BMPs treatments).
Based on these on-farm trials, paired agronomic, climate and soil data sets were
established (Table S1). Agronomic data collected according to a standard protocol*® in
the current study included crop varieties, sowing and harvest time, NPK rate, and grain
yield of BMPs treatments in each of the on-farm trials. Using yields under locally
defined BMPs allowed us to focus on the relative importance of soil quality and climate
variability in determining yield and yield variability, and avoiding the impacts of any
sub-optimal management impacting yield and its variability. Wheat varieties were
classified into small-, medium- and large-spike variety types; Maize and rice varieties
were classified into early-, medium- and late-maturity variety types. Soil data consists
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of soil type, soil texture and SOM, soil Olsen-P and Available-K concentration and pH,
which are established indicators of soil quality®®. Here, soil quality is defined as the
capacity of the soil to provide nutrients and water, and to support crop productivity>°.
Soil type was represented as soil genetic classification in China’! and soil texture was
in accordance with USDA texture class, both of which were used as natural genetic
attributes. SOM, soil Olsen-P, soil Available-K concentration and pH were measured
using standard methods’2, are dynamic over time and represented as manageable soil
indicators. Weather data recorded during the crop growing period for each on-farm trial
comprised daily mean temperature (Tave), maximum (Tmax) and minimum
temperature (Tmin), precipitation (PRE) and sunshine duration (SSD) from the county
or municipality where the trial was conducted, and were obtained from the Chinese
Meteorological Administration (Table S1). Sunshine duration was converted into daily
solar radiation (RAD) using the Weather Aid module in the Hybrid-Maize model
(http://www.hybridmaize.unl.edu/). Growing degree days (GDD) was calculated as an
annual sum of daily mean temperatures based on sowing and harvest time of BMPs
over a base temperature, 0 °C for wheat and 10 °C for maize and rice according to
Ramankutty, et al.?%, representing the “growing season length” of crops and which is
sufficient to define the cold boundaries of agricultural land>*. Generally, the present
study was built upon the most comprehensive dataset across a wide range of
agroecological zones in China. But, the effect of the other omitted variables could have

been important in some specific locations.
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Explaining yield variation by GBRT

GBRT analysis was performed to assess the relative importance of explanatory
variables on Yieldsmps variation. The GBRT algorithm is an efficient machine learning
method, which combines regression trees and a boosting technique to optimize the
predictive performance of multiple single models®*. The regression tree is a decision
tree model that can be used for regression. The specific formula of the decision
regression tree shown in Eq.1. fi(x) is the prediction function for the input variable. /(x)
is an indicator function, /(x)=1 if x € R, and I(x)=0 otherwise. R» indicates partition
units of the input space. A regression tree corresponds to a partition of the input space
(i.e. feature space) and an output value on these partitioned units. In contrast to a
classification tree, the regression tree uses a heuristic method to divide the input space.
In the training process, the model traverses all the input variables, finds the optimal
segmentation variable j and the optimal segmentation point s to form a partition. In this
study, j indicate the elements of input explanatory variables, including 13 to 15 climatic,
soil and management variables (Table S1). Suppose that an input space is divided into
M units to form a partition of input space {R:R>,...,Rm}. Each input variable of the
model falls on one unit R». There is a fixed output value ¢ on each unit represents the
optimal output value on unit R», which is obtained by calculating the average of the
output values corresponding to all input instances on Rn. yi represents the observed
Yieldswmes for ith on-farm trial.
rr}nsn [rrgn Yxer (Vi — €)? + H};U Yix;€Ry () Vi — Cz)z] (Eq.1)
R (j,s) = {x[x < s}, Ry(j,s) = {x|xV > s}
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1
Ny,

Cm = Vi, X ERp,,m=1,2
™ xi€Rm(j.S)
M

£ = ) enl (), (x € Ry)
m=1

GBRT model obtained by iterating multiple regression trees using stochastic
gradient boosting method. Stochastic gradient boosting is a forward stage-wise process,
in which a subset of the data is randomly selected to iteratively fit new tree models to
minimize the loss function®>(Eq.2.). fo(x) is the initial regression tree with only one
terminal node, estimating a constant value that minimizes the loss function. L() is a loss
function fitted by least-squares to calculate the residual value between c (predicted yield)
and y: (observed yield). ¥,;; refers to residual estimate by negative gradient of the loss
function. f«(x) refer to the rth regression tree function for the prediction of dependent
variable y, which equal to the sum of the predicted residual value and the predicted
value by (#-1)th regression tree. Final model f7(x) is obtained by integrating the results
of total 7 regression trees. Boosting generates a final model by shrinking the
contribution of each tree and averaging across the final selected set, which is more
robust than a single regression tree model and enables fitting of curvilinear
functions>*°.

(1) fo(x) = argmin, XL, L(y;, ©) (Eq.2)
(2) Fort=1to T do:

I [aL(yl ft_l(xl))] N

Vi = T o
fe(x) = argminZéV:lL(yi,flt’i)
{Rt,j}ll = leaf region of f;(x)
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For j=1 to J do:

coj = argming X)_ Ly, for(67) + ©)

fr(x) = fio1(x) + 2§=1 ce,j1(x), (x € Ry;)

(3) Output: fr(x) = fo(x) + Z{_1 Bj_; cel (x) (x € Ry))

To run GBRT analysis, four main parameters are needed to define a GBRT
algorithm: learning rate (LR), the contribution of each tree to the final fitted model;
interaction depth (ID), tree depth and number of iterations; number of trees (NT),
integer specifying the total number of trees to fit; bag fraction (BF), the fraction of the
training set observations randomly selected to propose the next tree in the expansion.
In general, it is suggested that BF is set at around 0.5%. Then we set a series of
combinations of parameter values (LR and ID) to test GBRT models, thereafter
choosing the optimal parameter combination which provided the minimum predictive
deviation. These combinations can generate optimal NT using a 10-fold cross-
validation method. The relative importance of variables can be estimated based on the
number of times a variable is selected for modelling, weighted by the square
improvement to each split, and averaged across all trees”’.

We selected climatic, soil and management variables as explanatory variables, and
Yieldsmps as the explained variable to include in the final model. Therefore, the final
regression model for each crop was:

yi = F(fr (X),0) + &i (Eq. 3)

(1) y: represents Yieldswmps for cropping systems i;

(2) f1(Xi) is the GBRT function, Xi = [C;, Si, Mi ], Xi represents input explanatory
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variables including climatic variables Ci (Tmax, Tmin, GDD, PRE and RAD),
soil variables S; (Soil type, Soil texture, SOM, Olsen-P, Avail-K and pH) and
management variables M; (application rates of N, P and K);

(3) Qi = [LR;, ID;, NT;, BFi], Qi represents the GBRT model parameters including
learning rate (LR:), interaction depth (/D;), number of trees (N7;) and bag
fraction (BF));

(4) eirepresents the error.

For each dataset of cropping systems, 10% of the total on-farm trials were
randomly excluded to act as independent test datasets. The remaining 90% of trials were
used to build GBRT models. To evaluate the robustness of the modelling, we randomly
sampled test datasets and run models for 50 times, and evaluated summary statistics of
modelling performances (Table S2). GBRT models are developed using the “caret” and
“gbm” packages of R software®, and R scripts are provided by Kuhn & Johnson®’.

The degree of agreement between simulated and observed values was assessed by
mean error (E), root mean square error (RMSE), normalized RMSE (nRMSE), which
are indices commonly used in both model calibration and validation processes®. E is
the bias between predicted value and observed value, an index to determine if the model
under-(negative) or over-estimates (positive) the observed data®'. A paired t test was
also used to detect whether the E was significantly different from zero%. RMSE takes
on the same unit of deviation®', and nRMSE, as a metric of percentage deviation from
the average yield, gives a measure of the relative difference of simulated versus
observed data. The simulation is considered excellent, good, fair and poor, with nRMSE
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<10%, 10% < nRMSE < 20%, 20%< nRMSE < 30% and nRMSE > 30%, respectively*.

E, RMSE and nRMSE were calculated according to Eq 4-6:

E=~¥r_i(Px—0x) (Eq. 4)
RMSE = \/% Y (Px— 05)? (Eq. 5)
nRMSE = R“gSE x 100 (Eq. 6)

Where, Prand Ok are the predicted and observed yield values at site k, respectively;
O is the mean of observed yield; n is the number of samples.

Summary statistics of modelling performances for each of the cropping systems
are shown in Table S2. The mean E values were relatively small. None of the E values
were significantly different from zero. Model evaluation produced average RMSE
value ranges of 818-1035 kg ha™! for wheat, 1155-1494 kg ha™! for maize, and 895-996
kg ha'! for rice, which was comparable with those of the latest simulation studies based
on multiple site-years dataset ®3-6, Average nRMSE ranged from 10.5 — 15.6 % across
three crops and regions, indicating good performance of GBRT model in modelling
yield. However, it should be noted that the empirical models are agnostic on the

underlying mechanisms. GBRT approach is not exception for this.

Yield response to climate variability in different quality soils

To assess yield resilience to both current climate variability and future change in
different quality soils, we developed a sub-set of data composed of locally paired on-
farm trials, for high- and low-quality soils in the same climatic conditions and with the
same BMPs.
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All 6 soil indicators explained integrated yield variations (Extended Data Fig. 2).
Thus, we identified the two most important and sensitive soil variables as indicators in
grouping high- and low-quality soils in each cropping system. Both soil variables were
ranked in the top two of soil factors in explaining yield variation by GBRT (Extended
Data Fig. 2), and had strong partial dependence relationships with crop yield (Fig. S1-
S3). Then, we divided the entire on-farm trial database based on the two identified soil
indicators into “both high”, “both low”, and “low-high”, and “high-low” sub-databases.
Without a clear threshold value between yield and manageable soil indicators, high and
low value groups were identified according to their mean; when soil type and soil
texture were selected as indicators, we divided them into two groups, with half of them
as “high” and the remaining half as the “low” group (Table S3). The “both high” and
“both low” groups were identified as “high” and “low” quality soil sub-databases,
which also were paired with the same management practices and sharing the same
climate observed station (Extended Data Fig. 3 and Fig. 4). The increase trends in mean
Yieldswmps along soil quality gradients (Fig.S6) suggested that defining soil quality based
on two major soil indicators was valid. Further, we grouped low- and high-quality soils
based on integrated soil quality index (SQI) and compared yield between two quality
levels (Text S2). Difference in yield and yield variation between low- and high-quality
soil using the SQI approach was similar to the trend based on sensitive soil variables
approach (Table 1 and Table S6). An overall soil quality index is often desired but is
actually not very meaningful’®. However, sensitive soil variables approach allows us to
identify feasible soil management practices in diverse crop systems and regions and to
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contribute to improved soil quality. A final sub-set of data comprised locally paired
n=585 high- and 557 low-quality soils for wheat, 412 high- and 394 low-quality soil
for maize, and 631 high- and 681 low-quality soil for rice cropping systems (Extended
Data Fig. 3).

To assess the yield response to climate variability, we compared mean Yieldsmeps,
SD, and CV between high- and low-quality soils for each cropping system. The SD is
termed the absolute yield stability?!. The CV is termed relative yield stability and
captures both changes in the SD and mean of yield across site-years’'*’. CV of

Yieldswmrs is calculated using the following equation:

SD(Yieldin)
Mean(Yieldin)

CVi (%) = x 100 (Eq.7)

Where, SD (Yieldim)) and Mean (Yieldim) are Yield variation and mean yield under
BMPs of high- and low-quality soil for each cropping system; i and m represent
cropping systems and soil quality groups, respectively.

We performed a bootstrapping exercise (1000 bootstrap samples) combined with
T-test to assess the statistical significance of differences at P=0.05 in mean yield, SD
and CV between high- and low-quality soils for each cropping system.

Furthermore, we used a variation partitioning method to differentiate the relative
contribution of climatic variables in explaining yield variation for two soil quality
datasets. For each cropping system, two GBRT models were respectively performed
with high- and low-quality soil datasets, using Yield-BMPs as the dependent predictor
and climatic variables as independent predictors. The relative contribution of climate

variability on yield variability was determined by coefficient of determination (R?),
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which were estimated through a 10-fold cross validation procedure conducted using the

caret:train function®s.

Projecting yield of different quality soil in climate change

For the future climate scenarios, four Representative Concentration Pathways
(RCPs), extending to the year 2100 with radiative forcing values from 2.6 to 8.5 Wm,
were proposed to represent different greenhouse gas emission scenarios®®’?, In this
study, we considered RCP2.6 and RCP8.5. The former represented a very low forcing
level and a stringent pathway, peaking in radiative forcing at circa 3 W m2 around the
year 2050 and then declining to 2.6 W m™2 by 2100; while the latter is a high-end forcing
pathway, a continuously increasing radiative forcing pathway to 8.5 W m2 by 2100.
We do not explicitly consider RCP 4.5 and RCP 6 assuming results for these pathways
would lie between RCP 2.6 and RCP 8.5.

The future climate conditions under RCP 2.6 and RCP 8.5 were projected by using
the global gridded climate data of 0.5°x 0.5° horizontal resolution of five Earth System
Models (ESMs; GFDL-ESM2M, HadGEM2-ES, IPSL-CMS5A-LR, MIROC-ESM-
CHEM, NorESM1-M), which were taken from the ISI-MIP Fast Track input-data
catalogue®*. The original data were retrieved from the CMIP5 archive and interpolated
and bias-corrected with respect to historical observations by Hempel et al.”! to remove
systematic biases. The CMIP6 models exhibit an improvement in simulation of climate
extremes but the model spreads are still comparable between CMIP5 and CMIP672, thus
we used climate data of CMIPS5.
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The projected changes in mean Tmax, Tmin, accumulated PRE, and accumulated
SSD during the growing season of the major crop growing-areas in both 2040-2059 and
2080-2099 in comparison with 1986-2005 under two RCPs (2.6 and 8.5) are shown in
Fig. S4 and S5. RAD and GDD were calculated as described in a previous section. In
summary, warming occurs in all seasons even under RCP2.6. Projected Tmax and Tmin
on average increased by 1.6°C and 1.7°C over major production regions during 2040-
2059, then stabilized at a similar level up to 2100 for RCP 2.6 (Fig. S4 a,b); while both
Tmax and Tmin increased on average by 2.7C and 2.5°C during 2040-2059, and by
5.6 and 5.1°C during 2080-2099 for RCP 8.5, respectively (Fig. S5 a,b). Both RCPs
show that increases in temperature will be accompanied by increased PRE and SSD
during both 2040-2059 and 2080-2099 (Fig.S4 c¢,d; Fig.S5 ¢,d), with an exception under
RCP2.6 during the 2040-2059 period (Fig. S4 d), when accumulated SSD could
decrease for the wheat growing area in NWC. However, PRE and SSD projection show
high spatial variability and greater differences between ESMs than temperature.

Yield change was estimated by comparing the yield differences predicted by
GBRT models, between future periods (2040-2059 and 2080-2099) and a baseline
period (1985-2005) for each cropping system. In running GBRT models, climatic
variables were derived from the above climate change scenarios, while soil and
management variables used were based either on the whole dataset or on high- and low-
soil quality groups. Management and soil variables were paired spatially with projected
climate data at 0.5°x 0.5° horizontal resolution. An unpaired t-test was conducted for
statistical comparison of yield changes to assess the significance of differences between
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high and low soil quality groups. Factors tested were considered to be statistically
significant at p = 0.10. We also tested the sensitivity of yield change to soil quality by
comparing projected yield changes up to 2080-2099 by adjusting data distributions
based on the mean soil quality indicator threshold values by -20, -10, +10 and +20%,
finding no prominent difference between them (Fig. S7).

To assess further production response derived from interaction of soil and climate
for RCP2.6 and RCP8.5 during 2040-2059 and 2080-2099, we established three soil
quality scenarios: (1) where soil quality is maintained at the current level as business
as usual (BAU), (2) where soil was improved throughout to the high-quality level, and
(3) where soil was degraded throughout to the low-quality level for all farmlands of
major cropping systems. The definition of high-quality and low-quality soil (Table S1),
and projected yield changes per unit area under future climate scenarios (Fig. 2,
Extended Data Fig. 5 and 6) were described and shown in the above sections. The total
harvested area of each farming system (10® ha) was obtained from the China Agriculture
Yearbook’, which is assumed to be maintained the same as at present in the future;
thus, the total production response is the product of yield change and harvested area of
each of the cropping systems for each of the soil quality scenarios. The interactions of
climate-soil were the difference in production responses between either a scenario of

soil improvement or soil degradation and BAU.

Data availability
Data  that  support these  findings are  available via  GitHub
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791 (https://github.com/FMS321/soilquality climatechange paper.git).

792  Code availability

793 Codes for  processing the data are available via GitHub
794  (https://github.com/FMS321/soilquality climatechange paper.git).
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