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Abstract: Agricultural system models provide an effective tool for forecasting crop productivity
and nutrient budgets under future climate change. This study investigates the potential impacts
of climate change on crop failure, grain yield and soil organic carbon (SOC) for both winter wheat
(Triticum aestivum L.) and maize (Zea mays L.) in northern China, using the SPACSYS model. The
model was calibrated and validated with datasets from 20-year long-term experiments (1985–2004) for
the Loess plateau, and then used to forecast production (2020–2049) under six sharing social-economic
pathway climate scenarios for both wheat and maize crops with irrigation. Results suggested that
warmer climatic scenarios might be favourable for reducing the crop failure rate and increasing
the grain yield for winter wheat, while the same climatic scenarios were unfavourable for maize
production in the region. Furthermore, future SOC stocks in the topsoil layer (0–30 cm) could increase
but in the subsoil layer (30–100 cm) could decrease, regardless of the chosen crop.

Keywords: SPACSYS; crop failure; soil organic carbon; modelling; Loess

1. Introduction

Climate change poses a great challenge to worldwide agriculture production [1,2],
where warmer temperatures greatly accelerate soil evaporation, which in turn increases
drought severity, especially in the world’s drier regions where plant growth and devel-
opment depend on water availability [3,4]. Further, crop yield will become increasingly
unstable [1] with increases in crop failure rates [5]. For example, excess and uneven distribu-
tions of rainfall could lead to a substantial decline in maize yield [6] where frequent heavy
rainfall events over crop flowering and grain-filling periods will increase nitrogen (N) losses
through leaching and runoff [7]. Conversely, an increase in atmospheric CO2 concentration
can stimulate plant photosynthetic carbon (C) fixation, which indirectly mitigates adverse
impacts of climate change [8–10]. Thus, both pros and cons of climate change to agricultural
production have to be considered for implementing positive adaption strategies.

Soil organic carbon (SOC) is a critical element for crop production and acts as an
important determinant for climate change where SOC is subject to inter-annual variability
due to changes in agronomic practice and meteorological cycles [11,12]. Climate change can
increase dissolved C loss through runoff, which reduces soil productivity by increases in
soil erosion risk and soil fertility degradation [13,14]. In addition, the C input to soils from
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crops is incorporated into the SOC pool, which increases its complexity due to processes of
decomposition and stabilisation [15]. Northern China is a major agricultural region in China,
especially for winter wheat (Triticum aestivum L.) and maize (Zea mays L.) but is vulnerable
to the impacts of climate change [16] leading to social and economic instability nationally
and potentially, globally [17,18]. Thus, elucidating the relationship between climate change
and crop yield and SOC stock is critically important for agricultural production and food
security, not only in the region, but for impacts further afield also.

Although the statistical analyses of measured data can reveal the impacts of real-time
meteorological variables and controlled variables on crop yield and SOC stock, it is effec-
tively impossible to monitor the impacts of different climatic scenarios in the future through
data-driven models. In this respect, agricultural system (mathematical) models provide
a valuable tool for simulating (predicting) future crop productivity and nutrient cycling
under different agronomic practices and climate change scenarios [19]. The SPACSYS
(Soil-Plant-Atmosphere-Continuum SYStem) model is one such process-based model and
is capable of simulating processes in plant growth, C, N and phosphorus (P) cycling, water
redistribution and heat transformation [20–22], together with more recent functionality in
simulating ruminant animal growth [23]. SPACSYS has been used to assess the effects of
climate change on crop yield, N losses, greenhouse gas (GHG) emissions and soil C and
N stocks with different cropping systems across different climatic regions [7,21,24,25]. A
sensitivity analysis on its outputs to different input parameters for simulating grain yield of
winter wheat, water loss, GHG emissions and soil C stock has been done [26]. In this study,
we use SPACSYS to assess the impact of CO2 concentrations on crop growth, together
with different climatic scenarios of shared socioeconomic pathways and hypothesise that a
warming climate could enhance winter wheat and maize yield in the studied region and
that SOC stocks in the topsoil and subsoil can increase in continuous monoculture systems.

2. Materials and Methods
2.1. Site Description and Experimental Design

Data used for model calibration and validation were collected from a long-term field
experiment with a monoculture cropping system of winter wheat or summer maize together
with treatments of chemical fertiliser only, and a combination of chemical fertiliser and
manure application. The 20-year experiment was conducted in a typical tableland and
gully region of the Loess Plateau, Shaanxi province, China (107◦47′48′′ E, 35◦11′57′′ W, ca.
1215 m a.s.l.) between 1985 and 2004 (up to 1999 for winter wheat). The climate is semi-arid
and warm temperate, where the mean annual precipitation was 584 mm and the mean
annual temperature was 9.3 ◦C over the experimental period. Monthly temperature and
precipitation over the experimental period are shown in Figure 1. The soil is classified as
Cumuli-Ustic Isohumosol soil in the Chinese soil classification, equivalent to Udic Haplustalf
in the USDA soil taxonomy. Soil physical-chemical properties at the beginning of the
experiment are given in Table 1.

As detailed descriptions of the experiment have been published elsewhere [27,29,30],
it is reported here briefly. Maize was sown in mid-April and harvested in mid-September
each year in each plot, while winter wheat was sown in late September each year and
harvested in late June, the second year. Before sowing, plots were tilled at depths of 20 cm.
Wheat and maize were irrigated at an average of 300 and 270 mm over their growing
seasons, respectively. Urea was applied at the rate of 120 kg N ha−1. For the combination
treatment, 75,000 kg ha−1 manure was added on top of the chemical fertiliser rate for
each crop [31]. Each crop also received calcium superphosphate at 60 P2O5 kg ha−1 and
potassium chloride at 70 K2O kg ha−1. All fertilisers were applied before sowing. Field
management, such as weed and pest control, was in accordance with local farmer practice.
The plot size was 4 m × 6 m for both crops.
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Figure 1. Monthly maximum and minimum temperatures and precipitation over the experim-
ental period.

Table 1. Soil physical and chemical properties at the beginning of the study experiment [27,28].

Depth (cm) Clay
(%)

Sand
(%)

Silt
(%)

Bulk
Density
(g cm–3)

pH SOC
(g kg−1)

Total N
(g kg−1)

0–20 20.6 10.5 69.0 1.12 8.3 6.4 0.98
20–40 18.3 10.6 71.2 1.06 8.3 3.8 0.83
40–95 18.2 10.8 71.0 1.29 8.3 3.0 0.61
95–150 19.3 8.1 72.7 1.4 8.4 1.9 0.38

2.2. Model Calibration and Validation

Although the SPACSYS model has been calibrated and validated for wheat and maize
under various climatic and soil conditions [25,32–34], it is still important to assess its
predictive performance on a study-by-study basis. For this study, the observed dataset on
grain yield of wheat (1985–1999) and maize (1985–2004) was divided into two equal and
sequential parts for model calibration and validation, respectively (i.e., for wheat 1985–1992
and 1993–1999, and for maize 1985–1994 and 1995–2004, respectively).

Ideally, simulated SOC dynamics should also be calibrated and validated before the
model is applied for SOC prediction. Given the original purpose of the field experiment,
SOC stock was not monitored. Therefore, it is impossible to validate SOC stock prediction
using experimental data in this instance. However, soil C dynamics have been calibrated
and validated in various cropping systems in Chinese climates and soil types [24,25], where
conclusions from these previous studies gave us confidence in simulation accuracy in C
cycling in this study.

2.3. Historic Weather Data and Future Climate Scenarios

Historic weather data for the study site were downloaded from the Chinese National
Meteorological Information Centre (Historic weather. Available online: http://data.cma.cn
accessed on 1 December 2021) and the product of the 6th Coupled Model Inter-Comparison
Pathway (CMIP6) was used to represent future climate scenarios. CMIP6 is based on a num-
ber of shared socioeconomic pathways (SSPs) scenarios, proposed by the intergovernmental

http://data.cma.cn
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panel on climate change (IPCC) in the 6th assessment report [13,35]. Data for six climate sce-
narios from 2020 to 2050 were downloaded and statistically downscaled from the UKESM1
model (0.5 × 0.5◦) output (Climate scenario dataset: https://www.metoffice.gov.uk ac-
cessed on 16 December 2021) for the study site. The six climate scenarios were SSP1-1.9 and
SSP1-2.6 (ssp119 and ssp126, the green road), SSP2-4.5 (ssp245, middle of the road), SSP3-7.0
(ssp370, a rocky road by regional rivalry), SSP4-3.4 (ssp434, a divided road by inequality)
and SSP5-8.5 (ssp585, the highway by fossil-fuelled development) [36,37]. Each CMIP6
output dataset is distinguished with the variant-id global attribute of r1i1p1f, r2i1p1f,
r3i1p1f, r4i1p1f and r8i1p1f, where the numbers are indices for a particular configura-
tion of the realisation (i.e., ensemble member), initialisation method, physics and forcing
(VARIANT-ID IN CMIP6 METADATA. https://ukesm.ac.uk/cmip6/variant-id/ accessed
on 16 December 2021 for details). For this study, datasets with all five realisations under
each climate scenario were used so as to reduce bias in the UKESM1 model output.

2.4. Simulation Configuration under Six Climate Scenarios

For this study, the focus was on the simulation of crop yield and soil C storage to
dis-entangle the causes of crop failure for the given future climate scenarios, and in turn, to
assess the impacts of climate change on crop productivity. The SPACSYS model was run
for each climate scenario and specified with the same agronomic practices as the study plot
experiment in terms of cultivar, sowing dates, tillage, irrigation and fertiliser applications.
The crops were harvested at maturity as determined by the algorithm implemented in
SPACSYS. Decadal climate conditions under the six climatic scenarios over the crop growing
seasons for wheat and maize are shown in Figure 2.

Figure 2. Down-scaled average decadal maximum (Tmax) and minimum (Tmin) temperatures, solar
radiation (Rad) and precipitation (Pr) for the six climate scenarios over the crop growing seasons of
winter wheat (a–d) and maize (e–h).

2.5. Crop Failure Rate

The crop failure rate defined by the ratio of the frequency for a crop yield below a set
threshold to the total harvest time over a given time period, was used to assess the impacts

https://www.metoffice.gov.uk
https://ukesm.ac.uk/cmip6/variant-id/
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of climatic conditions on crop yield. For this study, the threshold was set as one standard
deviation below the mean over the given time period [38,39].

2.6. Statistical Analysis for Model Performance

To investigate SPACSYS accuracy in simulating wheat and maize yields, the following
six model performance indices were used: the model efficiency (EF), the coefficient of
determination (CD) [40], the normalised root mean squared error (nRMSE), the correlation
coefficient (r), the relative error (RE) and the mean difference (MD). Their calculation
formulae are shown in Table 2, along with minimum, maximum and ideal (perfect model
accuracy) values. One-way ANOVA and the least significant difference (LSD, p < 0.05)
method were used to test the significance of climate effects on average values of grain yield
of wheat and maize, and soil C stocks, respectively. The analyses were conducted using
SPSS 20.0 (SPSS, Inc., 2011, Chicago, IL, USA).

Table 2. Accuracy indices formulae, where Oi is the observed value of the ith sample, Si is the
simulated value, O is the mean of the observed data, S is the mean of the simulated data, and n is the
number of paired values.

Item Formula Minimum Maximum Ideal Value

r = ∑n
i=1(Oi−O)(Si−S)

(∑n
i=1(Oi−O) 2) 1/2(∑n

i=1(Si−S) 2) 1/2
−1 1 1

nRMSE =
100
O

√
n
∑

i=1
(Si −Oi) 2/n −∞ ∞ 0

EF =
(∑n

i=1(Oi−O) 2−∑n
i=1(Si−Oi)

2)
∑n

i=1(Oi−O) 2
−∞ 1 1

CD =
n
∑

i=1

(
Oi −O

) 2/
n
∑

i=1

(
Si −O

) 2 −∞ ∞ 1

MD =
n
∑

i=1
(Oi − Si)/n −∞ ∞ 0

RE = 100
n

n
∑

i=1
(Si −Oi)/Oi −∞ ∞ 0

3. Results
3.1. Model Performance

Visual comparisons between simulated and observed wheat and maize grain yields
over the 20-year experimental period are shown in Figure 3 together with model perfor-
mance indices in Table 3 for separate calibration and validation datasets. Visually, the
pattern and magnitude of simulated grain yield agreed well with the observed values. Sim-
ulated wheat yield tended to capture the high observed peaks but tended to over-predict
over the entire period (Figure 3a), which was confirmed by negative values of the accuracy
index (MD) in Table 3. Conversely, simulated maize did not capture the observed unusually
low yields in 1997 and 2004 (Figure 3b) but tended to under-predict over the entire period
(i.e., positive values of MD in Table 3). For the entire period, simulated grain yield for wheat
was over-predicted by 17.3% while for maize, it was under-predicted by 6.3%. As would
be expected, all model performance indices showed a decrease in model accuracy moving
from the calibration to validation datasets (Table 3). The statistical results confirmed that
the correlations between simulated and observed data indicated reasonably accurate model
performance as all r > 0.6. Further, all EF > 0 and three of the four CD > 1 which indicated
the simulated values could estimate the trend in the observed data more accurately than
that in observed mean. In summary, the results suggested that the SPACSYS model could
provide reasonably accurate yield predictions for both crops.
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Figure 3. Simulated (blue line) and observed (red line) yields for wheat (a) and maize (b) over the
simulation period.

Table 3. Model evaluation diagnostics for simulated yield of wheat and maize.

Index 1 Wheat Maize

Calibration Validation Calibration Validation

r 0.75 0.71 0.67 0.64
nRMSE 25.66 29.37 16.39 19.95

EF 0.06 0.14 0.40 0.33
CD 0.68 1.30 1.97 2.10
MD –0.48 –0.61 0.31 0.49
RE –14.2 –18.2 4.6 6.7
N 8 7 10 10

1 r: the correlation coefficient; nRMSE, the normalised root mean squared error; EF: the model efficiency; CD: the
coefficient of determination; MD: the mean difference; RE: the relative error; and n: the number of sampled and
simulated pairs.

3.2. Simulated Crop Failure under Climate Change

The crop failure rate of wheat and maize varied with six future climate scenarios
(Figure 4). Compared to the baseline (historical), the failure rate for wheat tended to decline
over time for five of the six climate scenarios except ssp585 (the highway by fossil-fuelled
development) under which the failure rate tended to increase (Figure 4a). This implies that
climate change may be favourable for wheat production. However, the reverse was found
for maize, where failure rate increased under all six climate scenarios, especially, during
the last decadal period (2040–2049) where it was approximately twofold of that during the
first decadal period (2020–2029) (Figure 4b).

3.3. Climate Change Impact on Grain Yield

The future trends (2020–2049) in predicted grain yield of wheat and maize are shown
in Figure 5. Compared with an average yield under the baseline, wheat yield under
all six climate scenarios would increase from between 194 to 664 kg ha−1, while maize
yield would decline from between 220 and 1807 kg ha−1. In general, wheat yield would
increase year-on-year under low emission scenarios (ssp119, ssp126, ssp245 and ssp370) but
would decline year-on-year under high emission scenarios (ssp434 and ssp585) (Figure 5a).
However, maize yield would decline year-on-year with all six emission intensity scenarios
(Figure 5b).
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Figure 4. Crop failure rate for wheat (a) and maize (b) compared with the historical failure percentage
(red line) under the six climate change scenarios.

Figure 5. Trends in wheat (a) and maize (b) grain yield from the six climate change scenarios between
2020 to 2049 compared with the average under the baseline (red horizontal line). The shadow of
each line for each climate scenario represents 95% confidence interval of predicted yield with five
ensembled member datasets.

3.4. Simulated SOC Stocks in the Topsoil and Subsoil

Climate change and agronomic practices could lead to significant effects on the SOC
pool (Figure 6). The lowest values of simulated SOC stocks in the wheat and maize fields
occurred under the ssp585 scenario, especially over the period of 2040–2049. Low emission
scenarios such as ssp119, ssp126 and ssp245 tended to increase SOC. During 2040–2049,
SOC stocks for each scenario are in the following order: ssp126 ≈ ssp119 > ssp245 > ssp585
≈ ssp370 > ssp434 for wheat and ssp126 ≈ ssp119 > ssp245 > ssp370 > ssp434 > ssp585
for maize. SOC content in the top 30 cm soil layer in both wheat and maize fields would
increase over time (Figure 6a,b) but would decrease in the subsoil (30–100 cm). The lowest
SOC stock in the subsoil was found under the ssp585 scenario (Figure 6c,d). Relative to
the average under the baseline, topsoil SOC stocks in the wheat fields under six climate
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scenarios increased between 3.8 and 35.2%, while SOC stocks in the maize fields both
decreased and increased (between −5.0 and 10.1%) relative to the baseline.

Figure 6. Boxplots summarizing decadal variations in simulated SOC stocks in the wheat (a,c) and
maize (b,d) fields under six climate scenarios (ssp119, ssp126, ssp245, ssp370, ssp434 and ssp585)
for the 0–30 cm (topsoil) and 30–100 cm (subsoil) layers during 2020–2049. Baseline historical data
is given as dashed red horizontal lines. For each boxplot, the central mark is the median, the red
square indicates the mean value, the edges of the box are the 25th and 75th percentiles, and the
whiskers extend to the extreme data points not considered to be outliers. Extremes are indicated by
both minimum and maximum values (filled circles). Different lowercase letters represent significant
differences (p < 0.05) under different climate scenarios in each time slice. Different capital letters
represent significant differences (p < 0.05) between time slices under the six climate scenarios.

4. Discussion
4.1. Climate Change Impacts on Grain Yield and Crop Failure

Study simulation results indicated that grain yield for both wheat and maize will be
impacted by climate change in the Loess area, which agrees with previous studies [27,41].
However, the extent of the projected climate impacts is different between the cropping
systems. For the continuous wheat cropping system, climate change will tend to have
positive impacts on grain yield trends except under climate scenario ssp434 (a divided
road by inequality). Trends are in agreement with conclusions in a meta-analysis on winter
wheat yield in a world under the condition of higher atmospheric CO2 concentrations and
without drastic decrease in precipitation [42], which is a similar configuration (less or no
water stress because of irrigation) to that used in our simulations. Increasing temperatures
at the early vegetative stage results in a prolonged vernalisation process for the over-winter
crop, leading to reduced grain quality and yield [43]. Under scenario ssp585, the average
minimum and maximum air temperatures during the 2040s increased by 1.3 and 0.9 ◦C,
respectively, compared with those during the 2020s. If precipitation decreases, then the yield
will drop dramatically [21], as possibly reflected in our simulation under scenario ssp434.
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The distribution of rainfall under scenario ssp434 shifted over the growing period (Figure 2)
whilst the irrigation schedules were fixed to be the same as that used in experimental
practice. Further, there were differences in the temporal patterns of precipitation between
the chosen scenarios and the temporal patterns observed in the historic records (during
the experimental years). Therefore, there could be water stress in some growing seasons
of winter wheat. For future studies, irrigation schedules should be adjusted based on
precipitation and soil water content. For the continuous maize cropping system, the
predicted maize yield declined under all six scenarios (Figure 5b). Compared with the
average of the historical yield, maize yield would decrease by 4.2–16.7% under the six
scenarios. This agrees with previous studies in that it will decrease by 9% and 24% in the
American Corn Belt and in China due to future global warming [44,45]. In contrast to winter
wheat, higher temperatures speed up phenological development of maize. Shorter growing
seasons under the likely warming conditions together with expected lower solar radiation
(Figure 2g) causes yield decrease even with the increased atmospheric CO2 concentrations.
Here, it should be noted however, that predicated crop yields using different agricultural
models with weather data generated from different climate models might be incompatible
with respect to yield uncertainties or variances, although broad trends in yield should
be similar.

Under climate change, the grain yield of both crops could become more unstable
in the Loess region (Figures 4 and 5). Compared with the experimental yields, the crop
failure rate for maize increased between 6.4–52.2% but decreased for wheat (except under
scenario ssp585). This agrees with previous studies that forecasted increases in cereal crop
failures with increases in temperature [5,46]. Although, it has also been reported that CO2
effects could largely overcome the failure risks attributable to increases in temperature [47].
Apart from heat stress or shorter growing periods, further influence could be due to
improper or unbalanced inorganic fertiliser applications [34], where in our simulations,
the impacts of nitrogen on crop growth and yields were included. As with previous and
any model-based study, results (crop failure rates) depend on model assumptions and
should be interpreted in this context. For example, we assumed that the crop cultivars
and agronomic management practices do not change, and that the sowing dates of the
crops are fixed over the whole simulation period. In reality however, adaptation to climate
change or weather variability would likely be taken. For example, wheat cultivars that are
insensitive to vernalisation might be selected for warming winters and where sowing dates
are determined by soil temperature and water availability each year. Clearly, if adaptation
strategies were considered, then the crop failure rate would likely reduce.

4.2. Climate Change Impacts on SOC Stocks

Given there were no data for SOC stock from the experiments, our simulations for soil C
cycling could not be assessed for their accuracy. However, the average of the simulated annual
SOC stocks under the baseline period is within the reported range (18–50 Mg C ha−1) [34].
Furthermore, climate change is expected to have negative impacts on SOC stocks for
cereal crop fields [48–51], which is supported by our study. Compared with the highest
average SOC stock among the six scenarios, at each time slice, SOC stocks in the wheat
field under the scenarios decreased by 8.1–132.3 Mg C ha−1 for the topsoil zone and by
5.6–32.6 Mg C ha−1 for the subsoil zone (Figure 6a,c). Similarly, the average stocks in the
maize field decreased by 5.6–64.6 Mg C ha−1 and 1.2–37.1 Mg C ha−1 for topsoil and
subsoil zones, respectively (Figure 6b,d). Interestingly, however, predicted SOC stocks in
the topsoil layer in both fields significantly increased while it decreased in the subsoil layer
compared with that during the experimental years. This might be a consequence of the
contributions from crop residue and roots to the topsoil rather than to the subsoil as wheat
and maize roots predominately sit in the topsoil layer [52–54]. Soil organic C is lost through
the decomposition process that is controlled by soil temperature, moisture, quality of
organic matter, ammonium content and microbial biomass. Higher soil temperatures under
the warming scenarios can prompt soil microbial activities given no other limitations exist.
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Counteracting higher temperatures, appropriate soil moisture and ammonium presence
through chemical fertiliser application in the topsoil layer, entails the addition of crop
residue and roots will compensate C loss through decomposition. Conversely, the subsoil
zone is more susceptible to nutrient input, and fresh plant-derived C to the subsoil layer
stimulates recalcitrant soil organic matter degradation, which could decrease SOC stock in
the subsoil due to the priming effects [55,56].

5. Conclusions

In this study, the SPACSYS model together with climatic products from the UKESM1
model under CMIP6 was used to simulate potential impacts of climate change on crop
productivity and SOC dynamics for both winter wheat and maize in northern China.
Warming scenarios appeared favourable for reducing crop failure and increasing the grain
yield of winter wheat but appeared detrimental to maize even with irrigation. A continuous
monoculture cropping system was projected to increase C content in the arable topsoil layer.
Irrigation was found to play a critical role in crop failure decline and would be transferrable
to regions under similar climates. Thus, strategies for water allocation at a regional level for
agricultural consumption should be developed to maintain crop production under climate
change along with possible sustainable agronomic practices in the future.
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