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ARTICLE INFO ABSTRACT

Keywords: Over the past few decades, China has been engaged in improving maize (Zea mays L.) production to ensure food
Climate c}.lange security. However, it remains unclear whether the spring and summer maize planting regions had different
Smart agriculture responses to a changing climate. Therefore, this study aims to use smart agricultural techniques to analyze the

Environmental stress
Remote sensing
Random forest

sensitivities of maize growth to recent climate change in China during 2000-2020. The main objectives are to
reveal differences in the relationship between climate and agriculture across the two regions, and to provide
insights into optimizing agronomic practices in space and time. Satellite-based observations indicated that
summer maize faced more challenging growth conditions (i.e., significant warming and drying) than spring
maize during the last two decades. However, as the spring maize regions shifted toward favourable cooler and
wetter conditions, its growth and yield increase rates were mostly higher than those of summer maize. To es-
timate the sensitivities of maize growth to climate factors and atmospheric carbon dioxide concentration (COy),
we employed random forest-based simulation experiments. The results demonstrated that spring maize growth
was more sensitive to climate and CO5 than summer maize during the period. We found that the sensitivities
were significantly different between the two regions. It seems that spring maize growth was more sensitive, likely
due to its predominantly rain-fed nature, making it more vulnerable to climate fluctuations. Conversely, summer
maize showed greater resistance, likely buffered by more well-developed irrigation facilities, allowing it to
withstand adverse environments. Specifically, spring maize’s high sensitivity to water supply illustrates the
necessity of expanding irrigation to mitigate extreme events, while summer maize’s exposure to heat stress calls
for the deployment of heat-tolerant hybrids. These findings provide an evidence-based framework for region-
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specific adaptation strategies, such as breeding improved plant architecture, optimizing planting density, and
promoting the northward expansion of cropping systems, thereby ensuring crop yield stability under diverse
climate challenges. Overall, this study provides decision-makers with essential support for developing adaptation
strategies, highlighting the differential impacts of climate change on crops across various regions.

1. Introduction

Maize (Zea mays L.) is essential to global food security and economic
growth. China ranks as the world’s 2nd largest producer with planting
widespread across the country. Although some reports suggest that
climate change may not always have negative impacts on crop growth, it
is clear that elevated temperatures, extreme weather events, and others
continue to introduce uncertainty into maize yield increases (Huang
et al., 2021; Rezaei et al., 2023; Tao et al., 2015). Previous studies found
that crop growth exhibits spatially heterogeneous responses to a
changing climate (Lobell and Azzari, 2017; Lu et al., 2025; Zhao and
Lobell, 2017). Especially for spring and summer maize, the climatic
conditions they experienced could be markedly different (Wang et al.,
2022). Given the northward expansion of China’s summer maize crop-
ping system, optimizing planting zones will become crucial for ensuring
sustained yield growth (Yang et al., 2015). However, spring and summer
maize growth’ sensitivities to recent climate change remain unclear,
making it difficult to distinguish differences between them. The results
derived from meteorological stations and crop models suggest that they
may exhibit different sensitivities to environmental factors (Huang
et al., 2021; Tao et al., 2015), but it remains challenging in character-
izing their spatiotemporal patterns across a wide geographic range.

Satellite observations and their derived products provide valuable
opportunities for monitoring crop growth at large scales. For example,
Normalized Difference Vegetation Index (NDVI) can capture crop
growth dynamics (Song et al., 2024a; Wan et al., 2022). Solar-Induced
chlorophyll Fluorescence (SIF) is considered to be more effective than
other indicators in evaluating vegetation growth responses to heat
stress, drought, and other extreme events (Geng et al., 2025; Song et al.,
2018). Gross Primary Productivity (GPP) is considered to be directly
related to crop yield. The synergistic use of satellite-derived GPP and
harvest index is able to estimate crop yields across a large region (Yu
et al., 2024). Compared to field trials, these satellite-based datasets offer
broad spatial coverage, long-term temporal continuity, and consistent
measurement standards. In addition, a few studies used satellite obser-
vations, meteorological data, and statistical information to develop
gridded crop yield products (Cao et al., 2025; lizumi and Sakai, 2020).
These crop yield datasets provide more details on spatial distribution
than statistical yearbooks. In recent years, with the popular use of
artificial intelligence (AI) algorithms such as machine learning, these
vast amounts of data can be well-integrated for modeling purposes,
providing a robust framework for understanding crop-environment in-
teractions under recent climate change (Alimagham et al., 2025; Cai
et al., 2019).

The sensitivities of vegetation growth to environmental factors were
highly heterogeneous across different research (Song et al., 2022; Yuan
et al,, 2019). Rather than attempting to accurately estimate those
constantly changing sensitivities, it is more important to explore the
knowledge hidden behind these uncertainties. In this study, we aim to
quantify potential differences between the sensitivities of spring and
summer maize growth to recent climate change using satellite-based
observations and machine learning algorithms. We tracked the trends
in mean air temperature (TMP), precipitation accumulation (PRE),
vapor pressure deficit (VPD), downward surface shortwave radiation
(SRAD), soil moisture (SM), and atmospheric carbon dioxide concen-
tration (CO) to evaluate the differences between spring and summer
maize planting regions during 2000-2020. Moreover, we illustrated
spatiotemporal patterns of NDVI, SIF, and GPP to investigate whether
there were differential trends in spring and summer maize growth

during this period. We also incorporated the gridded maize yield data to
support the satellite observation-derived results. Furthermore, we
employed random forest (RF) models to simulate crop growth proxies
and yield. By constructing the baseline and factorial simulations, we
estimated the sensitivities of NDVI, SIF, GPP, and yield to TMP, PRE,
VPD, SRAD, SM, and CO: for China’s spring and summer maize planting
areas during 2000-2020. We conducted statistical difference tests on
these estimates to determine whether China’s spring and summer maize
growth exhibited differential sensitivities to recent climate change. Our
findings, derived from satellite observations and machine learning, are
expected to provide strong evidence for evaluating differential climate
change impacts on agricultural production, underscoring the need for
decision-makers to develop adaptation strategies adapted to local
conditions.

2. Materials and methods

Spring maize is mostly cultivated in regions practicing a single-
season cropping system, while summer maize is usually harvested in
areas adopting a double-season cropping system. The active growing
seasons for spring and summer maize were defined as May to September
and June to September, respectively (Niu et al., 2022). The gridded
maize harvest area data were derived from the Spatial Production
Allocation Model (SPAM) 2000, 2005, 2010, and 2020 datasets (https
://www.mapspam.info). To reduce the uncertainty due to changes in
crop types, we used the intersection of maize harvest areas derived from
these four SPAM datasets (Fig. 1a). The annual maize harvest area and
yield data for each provincial- and prefectural-level region were
collected from statistical yearbooks. The preliminary results indicated
that our study region produced approximately 88% of China’s maize in
2020, enabling it to be representative (Fig. 1b).

The monthly gridded TMP, PRE, VPD, SRAD, and SM data were ac-
quired from TerraClimate (Abatzoglou et al., 2018). We obtained the
atmospheric COy mole fraction data from CarbonTracker (CT2022)
(Jacobson et al., 2023). The monthly gridded NDVI, SIF, and GPP were
used as proxies for maize growth. The NDVI data were derived from
MOD13C2 (https://doi.org/10.5067/MODIS/MOD13C2.006). We ac-
quired the SIF data from a high-resolution product, GOSIF (Li and Xiao,
2019). The GPP data were acquired from Bi et al. (2022). In addition, we
used the global dataset of historical yields for major crops (GDHY)
(lizumi and Sakai, 2020) and the global yields of four major crops at
5-minute resolution dataset (GlobalCropYield5min) (Cao et al., 2025)
for the periods 2000-2016 and 2000-2015, respectively. All datasets
described above were first aggregated to monthly means. Subsequently,
they were resampled to a spatial resolution of 0.05° using the
nearest-neighbor resampling method. We calculated both the mean and
maximum growing-season values for NDVI, SIF, and GPP to test the
robustness of using a fixed-length growing season for trend analysis.

The Theil-Sen estimator with the non-parametric Mann-Kendall test
was used to estimate the linear trends. We deployed this method to
evaluate changes in climate factors, CO5, and maize growth indicators (i.
e., NDVI, SIF, and GPP) pixel by pixel during 2000-2020. Using the
linear least squares regression method with a two-tailed t-test, we esti-
mated the prefecture-level maize yield trends. The Mann-Whitney U test
was used to identify significant differences between spring and summer
maize planting areas, since most of our data did not follow a normal
distribution.

To estimate the sensitivities of maize growth to climate and CO», we
designed two machine learning-based simulation experiments by
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building RF models (Liu et al., 2019; Yuan et al., 2019). To further
prevent overfitting caused by high dimensionality, monthly data were
aggregated into growing-season mean values rather than being treated
as independent features. The models were constructed independently for
each grid cell and trained using a 70%/30% train/test set split ratio
combined with 5-fold cross-validation to ensure robust evaluation under
limited temporal samples. Each RF model consisted of 200 trees, with
one-third of predictors randomly selected at each split and a minimum
leaf size of 5. Trees were grown to full depth, as the risk of overfitting is
inherently mitigated by the algorithm’s bootstrap aggregation and
feature randomness. These hyperparameters were selected based on
convergence diagnostics of the out-of-bag error and computational ef-
ficiency considerations.

RFar, served as the baseline simulation where all variables varied
with time to predict NDVI, SIF, GPP, or yield. The factorial simulations
were conducted by reusing the pre-trained RFay;, model. Specifically, we
fixed one target driver (i.e., TMP, PRE, VPD, SRAD, SM, or CO,) at its
year-2000 level while allowing others to vary, generating new pre-
dictions without retraining. For example, RFyp run kept TMP constant
at the values in 2000 and varied the other drivers. This machine
learning-based simulation framework helps reduce uncertainties arising
both from variations in the number of independent variables and from
unaccounted management factors (e.g., crop varieties, planting density,
irrigation, and fertilization) constrained by data availability. On this
basis, we estimated the sensitivities of maize growth to TMP, PRE, VPD,
SRAD, SM, and CO;, as described by the following equations:

AY RF—REnp) = Prvp X ATMP g, —REng) + € (€]
AY (Rep, —REprg) = Ppre X APRERp,, —REpg) 1 € (2)
AY ey, —REwp) = Bypp X AVPD (re,, —REyen) + € 3
AY (RFy; ~RFsran) = Psrap X ASRAD(rry, —RFgpap) + € (4
AY RE ;- RFsy) = Psm X ASM (R, —RFgy) + € )
AY (REy,,~RFcos) = Peoz X ACO2(wp,y, —Recoy) T € (6)

where AY(RFALL*RF'I'MP)’ AY(RFALL*RFPRE)’ AY(RFALL*RFVPD)’ AY(RFALL*RFSRAD)’
AY (RFy, —RFgy)> ANAAY (rE,,, —RF,,) Tepresent the differences of NDVI, SIF,
GPP, and yield between two simulation experiments, respectively, RFay,
is the normal model run, RFryp, RFpre, RFypp, RFsrap, RFsy, and RFcoz
are the model runs that hold one driver constant at its year-2000 level
while changing the other variables, respectively, the regression co-
efficients, Srvp, Peres Bvpps Psraps Psms> and Bgosy, represent the sensitiv-
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itles to TMP, PRE, VPD, SRAD, SM, and CO,, respectively,
ATMP (gp,; RFrvp)>  APRE(RE; —RFere)s AVPD(REy —RFvep)s ASRAD(RE,, -
RFsrap), ASM(Rg,,, —RFey)> aNAACO2 g, —RFco,) epresent the differences
of TMP, PRE, VPD, SRAD, SM, and CO, between two simulation ex-
periments, respectively, and ¢ is the residual error term.

3. Results
3.1. Recent climate and COy trends across China’s maize planting areas

This study estimated the trends in climate and CO:z across China’s
spring and summer maize planting areas during 2000-2020. We found
that the recent trends in climate and CO2 between the spring and sum-
mer maize planting regions were significantly different during the
period. Specifically, 52.52% and 95.22% of spring and summer maize
planting grid cells, respectively, exhibited an increase in TMP (Fig. 2a).
Only 0.56% of spring maize planting areas experienced a significant
increase (p < 0.05), whereas the proportion of summer maize planting
areas reached 13.87%. The significant trends in TMP for spring and
summer maize planting regions were —0.01 + 0.03 and 0.05 + 0.01 °C
yr!, respectively. These significant trends in TMP between the two re-
gions showed a significant difference in statistical distribution
(p < 0.001) (Fig. S1a). Moreover, we found that more grid cells in spring
maize planting areas exhibited increases in PRE and SM (89.54% and
76.94%) (36.26% and 17.83% were significant, respectively, p < 0.05)
compared to those in summer maize planting areas (39.87% and
38.46%) (1.42% and 10.89% were significant, respectively, p < 0.05)
(Fig. 2b & e). The significant trends in PRE and SM between the two
regions also showed a significant different distribution (p < 0.001)
(Fig. S1b & e). The significant trends in PRE for spring and summer
maize planting regions were 1.65 + 0.32 and -1.64 + 1.52 mm yr},
respectively. The significant trends in SM for spring and summer maize
planting regions were 0.29 + 0.51 and 1.10 + -0.79 mm yr™}, respec-
tively. For the two regions, 44.76% and 0.01% displayed a significant
decline in VPD (p < 0.05), while 37.54% and 0.67% had a significant
decrease in SRAD, respectively (Fig. 2¢ & d). The significant trends in
VPD for spring and summer maize planting regions were —0.00 + 0.01
and 0.00 + 0.00 kPa yr, respectively. The significant trends in SRAD
between the two regions showed a statistically significant different
distribution (p < 0.001) (Fig. S1d). The significant trends in SRAD for
spring and summer maize planting regions were —0.72 + 0.34 and 0.32
+0.59 Wm™2 yr‘l, respectively. However, there were only a few grid
cells within the summer maize growing region where VPD trends passed
the significance test, and thus no significant difference was found
(p > 0.05) (Fig. S1c). In addition, we analyzed CO: trends across China’s
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Fig. 2. Spatiotemporal patterns of climate and CO, for spring and summer maize planting areas in China during 2000-2020. (a—f) Spatial distribution of the
trends in TMP, PRE, VPD, SRAD, SM, and CO,. The black cross in (a—f) denotes a statistically significant trend (p < 0.05). (g) Relative frequency distribution of

significant (p < 0.05) and non-significant (p > 0.05) trends.

maize planting areas during 2000-2020. As expected, atmospheric CO2
concentrations was significantly elevated in both regions (Fig. 1f), but
the increase rate was higher in summer maize planting areas (2.73
+ 0.14 pmol mol ™! yr~!) than in the spring maize planting areas (2.38
+ 0.15 pmol mol ! yr’l) (Fig. S1f).

3.2. Spatiotemporal patterns of maize growth under recent climate change

To illustrate the spatiotemporal patterns of spring and summer maize
growth, we used satellite observations as key proxies, including NDVI,
SIF, and GPP. The results showed that NDVI, SIF, and GPP were
increasing in most maize planting areas in China during 2000-2020.
Specifically, 84.76%, 91.27%, and 92.75% showed an increase in
growing-season mean NDVI, SIF, and GPP (53.57%, 69.55%, and
67.44% were significant, p < 0.05), while only 3.06%, 1.68%, and
1.28% recorded a significant decrease, respectively (Fig. 3a-c & g). For
the spring maize planting region, 95.53%, 97.42%, and 97.87% expe-
rienced an upward trend in NDVI, SIF, and GPP (75.62%, 87.69%, and
91.73% were significant, p < 0.05), respectively. For the summer maize

planting region, we observed that 72.57%, 84.17%, and 86.87% expe-
rienced an upward trend in NDVI, SIF, and GPP (28.13%, 48.62%, and
39.53% were significant, p < 0.05), respectively. The significant trends
between the two regions showed a significant difference in statistical
distribution (p < 0.001) (Fig. S2a—c). The rates of increase in NDVI, SIF,
and GPP for spring planting areas were generally greater compared to
summer planting areas. In addition, we used the growing-season
maximum NDVI, SIF, and GPP values to further test the above results
(Fig. 3d-f & g). The significant trends between the two regions also
showed a significant difference in statistical distribution (p < 0.001)
(Fig. S2d-f).

We also used the crop yield data from gridded products and statis-
tical yearbooks to further strengthen our findings. Similarly, we evalu-
ated the trends in maize yield per unit area at each grid cell within the
period. The results indicated that maize yields were increasing across
most parts of China. Specifically, the GDHY-based results showed that
95.47% and 92.52% exhibited an increase in spring and summer maize
yields during 2000-2016 (80.74% and 62.24% were significant,
p < 0.05), respectively (Fig. 4a). The GlobalCropYield5min-based
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Fig. 3. Spatiotemporal patterns of NDVI, SIF, and GPP for spring and summer maize planting areas in China during 2000-2020. (a—c) Spatial distribution of
the trends in maize growing-season mean NDVI, SIF, and GPP. (d-f) Spatial distribution of the trends in maize growing-season maximum NDVI, SIF, and GPP. The
black cross in (a-f) denotes a statistically significant trend (p < 0.05). (g) Relative frequency distribution of significant (p < 0.05) and non-significant

(p > 0.05) trends.

results showed that 85.27% and 90.70% experienced an increase in
spring and summer maize yields during 2000-2015 (46.11% and
33.61% were significant, p < 0.05), respectively (Fig. 4b). These two
gridded datasets demonstrated increases in spring and summer maize
yields, with few statistically significant declines observed. However,
they disagreed on the percentage of significant increases, suggesting the
uncertainty surrounding current gridded crop yield products (Fig. 4d).
In addition, we found that maize yield was increasing in more than 65%
of prefecture-level administrative regions (approximately 25% were
significant, p < 0.05) (Fig. 4c). The percentages of trends in spring and
summer maize yields derived from statistical yearbooks were unex-
pectedly consistent. The significant trends in maize yield between the
two regions derived from the GDHY and GlobalCropYield5min datasets
showed a statistically significant different distribution (p < 0.001),
whereas statistical yearbook-based results did not (p > 0.05) (Fig. S3).

3.3. Sensitivities of maize growth to climate and CO> derived from
machine learning

To further analyze maize growth responses to recent climate change,
we applied random forest-based models to estimate the sensitivities of
growing-season mean NDVI, SIF, and GPP to climate and CO: for each
grid cell in China during 2000-2020. The random forest models can
effectively explain the interannual changes in maize growth for each
grid cell (Fig. S4). Our results showed that spring and summer maize
growth exhibited differential sensitivities to TMP, PRE, VPD, SRAD, SM,
and CO;. Generally, the mean sensitivities of NDVI, SIF, and GPP to
TMP, VPD, and SRAD were negative, while those to PRE, SM, and CO2
were positive (Table 1). During the period, China’s spring maize growth
was mostly more sensitive to these drivers than summer maize.

Fig. 5illustrates the spatiotemporal patterns of NDVI, SIF, and GPP to
TMP, PRE, VPD, SRAD, SM, and CO; for spring and summer maize
planting areas in China during 2000-2020. Specifically, the three maize
growth proxies (i.e., NDVI, SIF, and GPP) showed inconsistent spatial
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Table 1

Sensitivities of maize growth to climate and atmospheric COs in the spring and summer planting regions of China, 2000-2020.

SIF (W m~2 pm’l st

GPP (gC m~? month’l)

Summer

Spring

Summer

—0.0001 + 0.0027
0.0001 + 0.0002

—0.0329 + 0.0287
— 0.0002 + 0.0003

ProxyType NDVI

Variable N N
Spring Summer Spring

TMP (°C) —0.0029 + 0.0053 —0.0011 + 0.0051

PRE (mm) 0.0002 + 0.0003 0.0001 + 0.0002

VPD (kPa) —0.0624 + 0.0459 —0.0066 + 0.0281

SRAD (W m?) —0.0004 + 0.0005 —0.0002 + 0.0003

SM (mm) 0.0004 + 0.0021 0.0001 + 0.0003

CO, (pmol mol 1)

0.0007 + 0.0005

0.0002 + 0.00003

0.0002 + 0.0014
0.0005 + 0.0003

—0.0018 + 0.0044
0.0001 £ 0.0001
—0.0084 + 0.0189
—0.0001 =+ 0.0002
0.0001 =+ 0.0002
0.0002 + 0.0003

—0.0008 =+ 0.002
0.0001 + 0.0001
—0.0338 + 0.0243
— 0.0002 £ 0.0003
0.0002 + 0.0009
0.0004 + 0.0002

—0.0020 + 0.0030
0.0001 £ 0.0001
—0.0077 + 0.0140
—0.0001 =+ 0.0002
0.0001 £ 0.0002
0.0002 £ 0.0002

patterns of their sensitivities to TMP. We found widespread negative
NDVI sensitivities to TMP (Fig. 5a), while SIF and GPP sensitivities to
TMP showed no discernible pattern (Fig. 5 g & m). The sensitivities of
NDVI, SIF, and GPP to PRE, SM, and CO, were almost positive across
China’s maize planting areas. In contrast, the sensitivities of NDVI, SIF,
and GPP to VPD were nearly all negative. Similarly, except for a few
areas, most NDVI, SIF, and GPP showed negative sensitivities to SRAD.
Overall, NDVI, SIF, and GPP exhibited negative sensitivities to three of
the six drivers (i.e., TMP, VPD, and SRAD) and positive sensitivities to
the other three (i.e., PRE, SM, and CO,). This was in line with our un-
derstanding and the mean sensitivities of the two regions in Table 1.
Moreover, we deployed the Mann-Whitney U test to analyze whether
there were differences in the sensitivities between the spring and sum-
mer maize planting regions (Fig. S5). The results indicated that the
sensitivities between the two regions were all significantly different in
their statistical distributions (p < 0.001).

Furthermore, we quantified the sensitivities of China’s maize yield to
TMP, PRE, VPD, SRAD, SM, and CO: for each grid cell within the study
period (Fig. 6). The sensitivities to TMP and SRAD were negative in the
southern spring and northern summer planting regions but positive in
most other areas. In contrast, the sensitivities to PRE and SM were
positive in these zones. The sensitivities to VPD differed markedly be-
tween the spring and summer maize planting regions, being mostly
negative for spring maize but nearly all positive for summer maize. Both
spring and summer maize yields showed consistently positive sensitiv-
ities to CO,. These results based on gridded yield data were comparable
to those derived from satellite observations. However, due to the shorter

available time series for these yield data, the spatiotemporal patterns of
maize growth’s sensitivities to climate and CO: derived from these two
types of data were not entirely consistent. Nevertheless, China’s spring
and summer maize yields still exhibited significantly different sensitiv-
ities to TMP, PRE, VPD, SRAD, SM, and CO, in their statistical distri-
butions (p < 0.001) (Fig. S6).

4. Discussion

Our results confirmed that there were large differences in the climate
and CO: trends between the spring and summer maize planting regions
in China during 2000-2020. We found that China’s spring maize expe-
rienced less warming during its growing season, even showing a
decrease in mean growing-season TMP in more northern planting areas.
Meanwhile, water availability for spring maize growth in most of these
areas could be improved due to increased PRE and SM. It appears that
China’s spring maize planting areas have experienced a shift toward
cooler and wetter conditions (Wen et al., 2019; Zhou et al., 2020Db).
Against this, we observed impressive increases in TMP across the entire
summer maize planting region. Even neighboring southern spring maize
growing areas were emerging warming trends, suggesting a potential
northward expansion of multiple cropping systems incorporating sum-
mer maize (Gao et al., 2019). Lower PRE with related declines in SM
made the region more dependent on irrigation, thereby heightening
drought risks (Liu et al., 2025c). The non-significant increase in VPD
may be attributed to the concurrent rise in saturated and actual vapor
pressure (Dong et al., 2024). The surface dimming and subsequent shift
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Fig. 5. Spatiotemporal patterns of NDVI, SIF, and GPP sensitivities to TMP, PRE, VPD, SRAD, SM, and CO, for spring and summer maize planting areas in
China during 2000-2020. (a—f) Spatial distribution of the spring and summer maize’s NDVI sensitivities to TMP, PRE, VPD, SRAD, SM, and CO,. (g-1) Spatial
distribution of the spring and summer maize’s SIF sensitivities to TMP, PRE, VPD, SRAD, SM, and CO,. (m-r) Spatial distribution of the spring and summer maize’s
GPP sensitivities to TMP, PRE, VPD, SRAD, SM, and COs.
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Fig. 6. Spatiotemporal patterns of yield sensitivities to TMP, PRE, VPD, SRAD, SM, and CO, for spring and summer maize planting areas in China. (a—f)
Spatial distribution of the spring and summer maize’s yield sensitivities to TMP, PRE, VPD, SRAD, SM, and CO, derived from GDHY during 2000-2016. (g-1) Spatial
distribution of the spring and summer maize’s SIF sensitivities to TMP, PRE, VPD, SRAD, SM, and CO, derived from GlobalCropYield5min during 2000-2015.

to brightening in these regions may result in certain areas or time pe-
riods not exhibiting a significant linear trend in SRAD (Shi et al., 2021).
In addition, our findings indicated that CO2 growth rates were greater in
the summer planting region compared to the spring planting region. This
can be attributed to economic factors such as higher population density,
more concentrated urbanization, and increased coal energy consump-
tion (Zheng et al., 2020).

For the spatiotemporal patterns of maize growth under the recent
climate and CO: trends, this study found that NDVI, SIF, GPP, and yield
were increasing across most planting areas in China. However, the sig-
nificant trends in NDVI, SIF, and GPP were greater for spring maize

compared to summer maize. These increases in NDVI, SIF, and GPP
within China’s maize planting areas were greater than those of global
vegetation growth (Song et al., 2022; Zhu et al., 2016). Moreover, the
GDHY and GlobalCropYield5min results confirmed that the rates of in-
crease in spring maize yield were mostly higher than summer maize. The
advances in agronomic management practices, including more irriga-
tion facilities, higher planting densities, and crop variety updates, have
improved China’s maize production (Liao et al., 2024; Zhao et al., 2015).
In this study, by assigning unquantifiable agronomic management
practices-related independent variables to the residual error term, we
have ensured the accuracy of sensitivity estimates while accepting the
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trade-off of reduced model interpretability (Liu et al., 2019; Song et al.,
2022; Yuan et al., 2019). The warming trend in the spring maize
planting region during 2000-2020 was relatively weak, resulting in a
low risk from high temperatures (Zhao et al., 2016). The increased
rainfall during the period also contributed to cooling while satisfying
crop water requirements. Heat stress, atmospheric drying, and extreme
drought suppressed the increases in NDVI, SIF, and GPP during summer
maize growth (Wan et al., 2022; Zhang et al., 2024). Despite the COy
fertilization effect being potentially stronger in the summer planting
region, maize growth here was constrained by other climate drivers
(McGrath and Lobell, 2013; Rezaei et al., 2023). Overall, recent climate
change is leading to a continuous gap between spring and summer maize
yields (Huang et al., 2021; Tao et al., 2015; Wang et al., 2022).

Our core findings demonstrated that maize growth’s sensitivities to
climate and CO, were statistically significantly different between the
spring and summer planting regions in China during 2000-2020. Given
that the spring maize planting region was mainly rain-fed, the lack of
irrigation could make its crop growth more dependent on PRE (Wan
etal., 2022; Zhou et al., 2020a). The increased PRE led to higher SM and
concurrently to lower TMP, VPD, and SRAD across the spring planting
region. Maize growth here seems to be benefiting from recent climate
conditions (Guo et al., 2017; Lu et al., 2025). The increased yields could
significantly enhance the sensitivities to climate change, along with
greater associated risks (Li et al., 2022). In contrast, the summer maize
planting region experienced more challenging climate conditions. The
areas have been suffering from significant warming over the past few
decades. Although the increases in VPD and SRAD were not statistically
significant, heat stress was believed to be one of the key factors limiting
further increases in maize growth (Shirazi et al., 2022; Zhang et al.,
2021). Meanwhile, these areas had good irrigation conditions, ensuring
an adequate water supply in years without extreme drought events. This
led to a steady increase in China’s summer maize yield, though at a
slower pace than spring maize (Wang et al., 2023; Zhang and Lu, 2024).
The strategy to ensure stable yields may enable it to become less sen-
sitive to climate change. In addition, both China’s spring and summer
maize growth showed positive sensitivities to COz. The nonlinear CO2
fertilization effect and changes in water use efficiency may both widen
the difference in the sensitivities to COz between the two regions (Song
et al., 2024a; Wang et al., 2020; Zhan et al., 2025).

It cannot be denied that the trends based on the active maize growing
seasons may not be consistent with those considered for all months
throughout the year (Dong et al., 2024; Zhang et al., 2020). We used
satellite-observed NDVI, SIF, and GPP as proxies to estimate the trends
for China’s spring and summer maize growth during the period. The
quality of these data and their associated mechanisms with crop growth
may be different (Wu et al., 2010). We applied these multiple datasets to
enhance the robustness of our findings, yet unavoidable inconsistencies
remain in some zones. Meanwhile, we also evaluated the results based
on gridded maize yield data, but the lack of standardized ground truth
points and the short time series led to poor performance. We found that
while both datasets generally indicated increasing trends in maize
yields, there was indeed a lack of consistency regarding the exact per-
centage of significant increases. The discrepancies between the GDHY
and GlobalCropYield5min datasets may be attributed to from differ-
ences in spatial allocation strategies. GDHY primarily redistributes na-
tional statistics using harvested area weights, whereas
GlobalCropYield5min incorporates additional spatial heterogeneity
constraints. This also led to inconsistencies in their subsequent sensi-
tivity analysis results.

This study deployed machine learning models to estimate the sen-
sitivities of maize growth to climate and CO: during the period. This
method can reduce the uncertainty caused by changes in the number of
independent variables (Song et al., 2024b; Yuan et al., 2019). We tried
our best to minimize the effects of not considering crop varieties,
planting density, irrigation, and fertilization. However, these
human-induced factors may still cause the sensitivities to be over- or
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under-estimated (Liu et al., 2025a, 2025b; Meng et al., 2016). This
suggests that crops exhibit differential responses to climate change
under varying cultivation conditions. In addition, the uncertainties
associated with the performance of machine learning models may
propagate to sensitivity coefficients. A lower model prediction accuracy
directly leads to an expanded range of error in sensitivity estimates,
thereby reducing their reliability in certain regions. Our RFr;, models
generally exhibit R-squared (R?) values ranging between 0.4 and 0.7 at
each grid cell (Fig. S4). We employed the models on a pixel-by-pixel
basis, which did not entirely depend on model performance when
revealing the spatiotemporal patterns. The synergistic use of NDVI, SIF,
GPP, and yield data was applied to examine the consistency of their
results in spatial patterns, thereby reducing uncertainties arising from
systematic biases caused by data sources. Although these sensitivity
estimates may not be highly accurate at a specific pixel, they are of
significant importance in uncovering the spatiotemporal patterns for the
entire study region.

Since we used the black-box model, our interpretation of the specific
effects of each driver on NDVI, SIF, GPP, and yield was much less clear
than what structural equation models did (Wang et al., 2019; Zhou et al.,
2019). The currently popular explainable machine learning approaches
still fall short in providing quantitative sensitivity analysis, offering only
information such as importance rankings and positive/negative effects
(Hu et al., 2023). Compared to crop growth models, our machine
learning-based framework more effectively captures large-scale spatio-
temporal heterogeneity, without requiring detailed local inputs such as
soil, cultivar, or field management data. However, Al-based models lack
the necessary transparency of mechanisms to clearly elucidate the ge-
netic traits and physiological processes, and biophysical pathways. At
present, Al-based models are well-suited for assessing the
spatio-temporal patterns of crop sensitivities to climate factors, whereas
crop growth models better serve to elucidate mechanisms when detailed
parameters are available. Therefore, future research should focus on
synergistically integrating AI and process-based models, aiming to
enhance estimation accuracy while deepening our understanding of the
mechanisms behind crop-climate interactions.

Under future climate scenarios, China’s spring and summer maize
may continue to exhibit differential sensitivities due to their inherent
differences in growth duration, temperature adaptability, photosyn-
thetic accumulation, and exposure to risks. It is urgent to address po-
tential adaptive trade-offs between spring and summer maize by
adjusting sowing dates, breeding stress-tolerant hybrids, and optimizing
management practices. This will provide a foundation for formulating
strategies that simultaneously optimize yield potential and stability.
When guiding long-term cropping system planning, the northward
expansion of summer maize-wheat rotation should be pursued
cautiously to prevent yield losses due to climate fluctuations. In addi-
tion, contingency plans should be developed to minimize the impacts of
extreme events, including droughts and heatwaves.

5. Conclusions

This study used satellite observations and machine learning to reveal
differential sensitivities of spring and summer maize growth to recent
climate change in China. We found that the growing conditions for
spring maize were generally becoming wetter and colder, while those for
summer maize were shifting toward drier and warmer. Further analysis
confirmed that China’s maize growth showed a slower rate of increase in
the summer planting region compared to the spring planting region.
Eventually, we employed random forest-based simulation experiments
to estimate the sensitivities of maize growth to recent climate change.
Our findings indicated that spring and summer maize growth had dif-
ferential sensitivities during the period. Spring maize generally showed
higher sensitivities to these drivers compared to summer maize. In
summary, our research highlights how China’s spring and summer
maize growth experience diverse challenges under recent climate
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change. For maize production-related sectors, it is crucial to consider
climate change impacts according to local conditions when program-
ming food security policies.
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