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Abstract

Climate warming is reshaping hydrothermal resource allocation worldwide, thereby altering the
spatial suitability patterns of rice under different cropping systems. Using the maximum entropy
model (MaxEnt), this study characterizes the climatic niche features of four typical rice cropping
systems in China—single-season rice, double-season rice, rice - wheat rotation, and rice - maize
rotation—based on occurrence points and climatic variables, and evaluates changes in their potential
suitable areas during 2081 - 2100 under the SSP2-4.5 and SSP5-8.5 scenarios. The results show
marked differences in the dominant factors controlling the four systems. Single-season rice and rice -
maize rotation are mainly constrained by heat accumulation, whereas the suitability boundary of
double-season rice is jointly limited by extreme temperature thresholds and precipitation conditions.
Rice - wheat rotation is more sensitive to annual temperature range, reflecting its dependence on the
seasonal rhythm of cold winters and hot summers. Under future climate scenarios, the potential
suitable areas of all four systems generally shift northward and expand eastward, with stronger
changes under SSP5-8.5. Suitability increases in parts of Northeast and North China, suggesting
theoretical potential for the development of double-cropping systems in these regions, whereas some
traditional double-season rice areas in South China may face declining suitability because of
increasing high-temperature risk. These findings provide a reference for adjusting cropping systems
and enhancing regional adaptation under climate change.

Keywords: MaxEnt model; rice cropping systems; climate change; suitability distribution; SSP
scenarios

1. Introduction

Climate change is reshaping the spatial pattern of grain production in China. The Sixth
Assessment Report of the IPCC notes that global hydrothermal resources are being reorganized [1].
This trend creates opportunities for expanding rice production in some regions, while exposing some
traditional production areas to yield-reduction risk. Ongoing warming and moistening trends are
pushing the suitable zone for rice toward higher latitudes, but more frequent extreme heat events are
undermining the production stability of traditional rice-growing areas in southern China [2-6]. Rice
is the most important staple crop in China [7-9], and its cropping systems include single-season rice,
double-season rice, rice - wheat rotation, and rice - maize rotation. This raises an important question:
under future climate scenarios, how will different rice cropping systems—especially rotation systems
that are more sensitive to hydrothermal allocation—respond differently?
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Over the past two decades, species distribution models (SDMs) based on ecological niche theory
have become an important tool for addressing such questions [10-12]. Among them, the maximum
entropy model (MaxEnt) is widely used to predict potential species distributions because it requires
only presence data and can effectively characterize relationships between species occurrence and
environmental conditions [13-15]. In recent years, MaxEnt has increasingly been applied in
agricultural research. Previous studies have shown that it performs well in large-scale crop suitability
assessments: for example, the spatial crop distribution patterns predicted by the model are often
broadly consistent with actual yield distributions [16,17], and the key environmental factors and
thresholds identified by the model generally accord with crop physiological requirements [18,19].

In studies of rice suitability, MaxEnt applications have moved beyond broad climatic or non-
climatic zonation toward more detailed comparisons among different maturity classes and cropping
systems. Existing research indicates that the geographic distribution of rice is mainly influenced by
climatic factors such as annual precipitation (P), moisture index (MI), the number of days with daily
mean temperature stably above key thresholds (e.g., N10 and N18), and accumulated temperature
(AT0/AT10) [20]. However, different rice cultivation types do not require the same conditions. For
single-season rice, accumulated temperature and annual precipitation jointly shape its spatial pattern
[21]. The mean temperature of the coldest month (Tc) is a key factor determining whether early rice
can be safely sown [21], whereas the northern limit of late rice depends on whether low temperature
occurs during heading and flowering [21]. In addition to accumulated temperature and precipitation,
ratoon rice is also influenced by sunshine duration [22,23].

Although substantial progress has been made in rice suitability assessment [24,25],
comprehensive comparative studies of complex rotation systems such as rice - wheat and rice -
maize remain limited. Most existing work focuses on individual planting systems, such as single-
season rice, double-season rice, or ratoon rice, whereas far less attention has been paid to rotation
systems. As the two most important paddy - upland rotations in China, rice - wheat and rice - maize
rotations differ from monocropped rice, winter wheat, or summer maize in their use of hydrothermal
resources and their environmental adaptation. Conclusions drawn for single crops therefore cannot
be directly transferred to these systems. If research remains confined to a single-crop perspective, it
is difficult to explain the differing responses of China’s diverse rice production systems to climate
change. Meanwhile, CMIP6 provides updated future climate scenario data (SSPs) [26,27], making it
possible to reassess the future evolution of different rice cropping systems.

Addressing this gap would help optimize agricultural production layout at the national scale.
This study selects four typical rice cropping systems—single-season rice, double-season rice, rice -
wheat rotation, and rice - maize rotation—and combines high-quality occurrence points, climatic
factors that may influence rice production under different systems, and the MaxEnt model to answer
three questions: (1) Compared with traditional zoning methods based on empirical thresholds, how
can data-driven MaxEnt provide a more objective assessment of suitability for complex rice cropping
systems? (2) How do the dominant climatic factors and their suitable thresholds differ among systems?
(3) How will the potential suitable areas of these four systems change under the current climate and
under future SSP2-4.5 and SSP5-8.5 scenarios? By moving beyond single-crop zoning, the results
provide a scientific basis for adjusting agricultural layouts under climate change in a way that better
reflects the characteristics of cropping systems.

2. Materials and Methods
2.1. Data

2.1.1. Distribution Data for Rice Cropping Systems

The quality of occurrence records directly affects the predictive performance of the MaxEnt
model. This study uses the China Crop Pattern map (ChinaCP) released by Qiu et al. (2022) [28] as
the basic dataset. By combining MODIS EVI time-series features with a random forest algorithm, this
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dataset provides crop distribution information at 500 m resolution from 2015 to 2021, covering single-
season rice, double-season rice, rice—wheat rotation, and rice - maize rotation, and thus serves as the
base map for extracting training occurrence points.

To improve sample purity, we further introduced an existing 30 m resolution dataset of rice
planting distribution in China as a spatial mask [29-31]. This dataset integrates Landsat and Sentinel
imagery and identifies rice-growing areas using the TWDTW method, making it suitable for
detecting mixed pixels in ChinaCP and screening more representative pure sample points.

2.1.2. Meteorological Forcing Data

Climatic conditions are the core factors determining the suitability of rice cropping systems. For
the historical baseline period (1990-2020), we used the China Meteorological Forcing Dataset (CMFD
v2.0) [32], which integrates remote sensing, reanalysis, and station observations. The dataset has a
spatial resolution of 0.1° and a temporal resolution of 3 h, and it captures meteorological differences
across China’s complex terrain well. Daily mean temperature and precipitation were extracted from
this dataset for subsequent calculation of agroclimatic indicators.

Future climate data for 2081-2100 were taken from NASA’s NEX-GDDP-CMIP6 downscaled
dataset [33]. This dataset applies bias correction and spatial downscaling to outputs from multiple
GCMs using the BCSD method and is therefore well suited to regional-scale climate change analysis.
We selected the SSP2-4.5 (sustainable development) and SSP5-8.5 (fossil-fuel-based development)
scenarios from the MRI-ESM2-0 model [34]. To ensure spatial consistency between future and
historical data, all future raster layers were resampled to 0.1° using bilinear interpolation.

2.2. Sample Point Selection

When sample points are extracted from remote sensing products, mixed pixels [35], interannual
fluctuations, and spatial autocorrelation [36] may all interfere with the results. We therefore screened
the original ChinaCP data step by step. First, using the 30 m rice planting distribution map of China
as a base mask, we removed 500 m pixels in which the rice proportion was below 50% to reduce the
effect of mixed pixels. Second, to reduce noise caused by interannual variation, we retained only areas
that maintained the same cropping pattern for two consecutive years during 2015 - 2020. Finally, a
spatial thinning method was applied to reduce spatial autocorrelation among sample points, with a
minimum spacing of 20 km [37]. These procedures reduce spatial dependence among samples and
alleviate sample redundancy in dominant patterns such as single-season rice, thereby producing a
more balanced sample distribution for model training across the four cropping patterns (Figure A1).
After screening, 1636 sample points for single-season rice, 358 for double-season rice, 288 for rice -
wheat rotation, and 190 for rice-maize rotation were retained (Figure 1).
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Figure 1. Spatial distribution of high-quality sample points for four rice cropping systems. The colored points
represent the screened sample locations used in this study, overlaid on the ChinaCP dataset (shaded areas) for

comparison.

2.3. Preliminary Screening of Environmental Factors and Treatment of Multicollinearity

Rice is a typical crop that prefers warm and humid conditions, and its geographic distribution
is mainly constrained by hydrothermal conditions [38]. Following commonly used indicators for
heat availability, growing-season length, temperature background, and moisture conditions in
studies of agroclimatic resources [38,39], and considering the basic temperature and moisture
requirements of rice during its growth cycle, we selected nine climatic variables that may affect rice
production. These variables were grouped into four categories:

(1) Heat accumulation. This category includes accumulated temperature > 0°C (AT0) and
accumulated temperature > 10°C (AT10), which characterize heat supply over the entire crop
growth period. The equation is:

ATi = Z Ti(Ti > b) (1)
i=1

where Ti is the daily mean temperature, b is the threshold temperature (0 or 10°C), and n is the
number of consecutive days stably above the threshold.

(2) Growing-season length. This category includes the number of days with daily mean temperature
stably = 10°C (N10) and the number of days with daily mean temperature stably > 18°C (N18),
calculated using a five-day moving average method:

Ny = Deng — Dstare + 1 )

where  Dg4e is  the first day in spring when the five-day moving average
temperature continuously exceeds the threshold, and D,,q is the last day in autumn when the five-
day moving average temperature remains above the threshold.
(3) Extreme temperature conditions. This category includes the mean temperature of the coldest
month (Tc usually January) and the mean temperature of the warmest month (Tw usually July).
Their difference is defined as annual temperature range (ART):

ART =T, —T, 3)
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(4) Moisture conditions. This category includes annual precipitation (P) and moisture index (MI).
Annual precipitation is the sum of daily precipitation over the whole year, while the moisture index
characterizes regional water surplus or deficit:

P

Ml = —=
PET

(4)

where PET is annual potential evapotranspiration.

To unify spatial resolution, all meteorological raster data were resampled to 0.1° . Considering
the scale mismatch between the sample points (500 m) and the meteorological data (0.1° ), we
directly extracted the meteorological attributes of the grid cell containing each sample point to reduce
computational errors introduced by additional interpolation. To address the common problem of
high correlation among environmental variables [40], we used the SDMtune package to screen
variables. An initial MaxEnt model was first constructed to obtain the permutation importance of
each variable. Variable pairs with Spearman correlation coefficients greater than 0.8 were then
identified, and the variable with lower permutation importance in each pair was removed [41]. The
retained variable combinations are shown in Table 1.

Table 1. Permutation importance of environmental variables for four rice cropping systems.

Rice-wheat rotation Rice-maize

Variables Single-season rice Double-season rice .
rotation
ATO 1.41 5.82 39.13
AT10
Figure 3
Nis
Tc 0.05
Tw 10.26
ART 16.35 7.83 4.04 7.03
P 5.79 47.62 11.88 24.93
MI 24.42 0.01 14.17

Note: ATO: Accumulated temperature >0°C; AT10: Accumulated temperature 210°C; Nio: Days with daily mean
temperature stably >10°C; Nis: Days with daily mean temperature stably >18°C; Tc: Mean temperature of the
coldest month; Tw: Mean temperature of the warmest month; ART: Annual temperature range; P: Annual

precipitation; MI: Moisture index. Values indicate the permutation importance (%) in the MaxEnt model.

The MaxEnt model is based on the principle of maximum entropy and can estimate potential
species distributions under given sample constraints [42]. It captures nonlinear relationships between
environmental variables and species distributions through linear, quadratic, and product features,
while regularization is used to control model complexity; it therefore performs well even with small
sample sizes [43]. In this study, MaxEnt 3.4.4 was used to construct potential suitability models for
the four rice cropping systems, using the screened sample points together with their corresponding
historical and future environmental variables.

To improve model generalization, two parameter settings were adopted. First, 10,000
background points were randomly generated across the study area to cover the environmental
gradient from cold temperate to tropical regions as completely as possible. If background points were
set only as a fixed multiple of the sample size, the background environment might not be adequately
represented; previous studies suggest that 10,000 background points are sufficient to characterize
environmental conditions at large spatial scales [44]. Meanwhile, automatic feature classes (Auto
features: Linear, Quadratic, Product, Hinge) and the default regularization multiplier (Regularization
Multiplier: 1) were retained to balance model fit and complexity. The model was run 10 times using
the bootstrap method, and the mean prediction and standard deviation were reported. Preliminary
experiments indicated that 10 replicates were sufficient to stabilize both the AUC and the spatial
pattern of suitability (standard deviation < 0.01). Model performance was evaluated using the area
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under the receiver operating characteristic curve (AUC); the closer the AUC is to 1, the stronger the
model’s ability to discriminate suitable areas from the background environment [45].

2.5. Analysis of Dominant Environmental Factors and Changes in Suitable Areas

To quantitatively identify the dominant environmental factors driving different rice cropping
systems, we combined multiple indicators for integrated evaluation. First, percentage contribution
(reflecting the frequency with which a variable is used during model construction) and permutation
importance (reflecting the impact of a variable on final model accuracy) were used to screen
potentially important variables for each system. Then, the jackknife method was applied to compare
regularized training gain before and after excluding each variable, thereby assessing the independent
explanatory power of each variable and ultimately identifying the dominant environmental controls
for each system.

The output of the MaxEnt model is the habitat suitability index (HSI, a continuous value from 0
to 1). Higher HSI values indicate that regional environmental conditions are more suitable for crop
growth [46]. To avoid simply dichotomizing continuous suitability information, this study follows
the method of Venne & Currie (2021) and treats suitability as a continuous variable. We therefore
analyze the historical suitability distribution of rice cropping systems directly on the basis of HSI
values rather than dividing areas into suitable and unsuitable classes [46].

On this basis, we further calculated the difference in HSI between the future and historical
periods (A HSI = HSI_future — HSI_historical) to examine the effects of future climate change on
rice cropping systems. Positive values indicate increased suitability, whereas negative values indicate
decreased suitability [47]. It should be noted that, following previous recommendations that
threshold selection for presence-only models should be based on statistical criteria rather than
arbitrary choices [48], HSI = 0.5 is used here only as a reference line for interpreting response curves
and spatial maps, not as a strict ecological threshold or an actual planting boundary.

3. Results

3.1. Accuracy Assessment and Applicability of the MaxEnt Model

Based on the screened sample points and the de-correlated environmental variables, the MaxEnt
model was run 10 times, and the mean AUC values for the four rice cropping systems are shown in
Figure 2. The results indicate that all models achieved AUC values above 0.86, suggesting that
MaxEnt can effectively capture the nonlinear relationships between climatic factors and cropping-
system distribution. Model performance differed markedly among the cropping systems. The AUC
values for rice—wheat rotation, rice—-maize rotation, and double-season rice were 0.969, 0.963, and
0.959, respectively, all indicating high predictive accuracy, whereas the AUC for single-season rice
was relatively lower at 0.868. This difference is related to variation in the breadth of the climatic niche
among cropping systems. Multiple-cropping and rotation systems are often constrained by stricter
hydrothermal thresholds or seasonal rhythms. For example, rice-wheat rotation depends on a
transitional climate characterized by cold winters and hot summers, while double-season rice and
rice-maize rotation are restricted by the thermal conditions of southern China. As a result, these
systems have narrower distribution ranges and clearer boundaries, making them easier for the model
to identify. In contrast, single-season rice spans regions from the cold temperate zone to the
subtropics, with a broader suitable range and a more complex environmental background. This large-
scale, cross-regional distribution means that the planting environment and background conditions of
single-season rice are more complex than those of multiple-cropping and rotation systems,
significantly increasing the difficulty of identifying its suitable areas. Overall, these results indicate
that MaxEnt is applicable not only to individual crops, but also to identifying the potential suitable
areas of complex cropping systems under strong climatic constraints.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 2. ROC curves of the MaxEnt models for four rice cropping systems. Values in the legend indicate the

mean AUC + standard deviation from 10 replicate runs.

3.2. Identification of Dominant Environmental Factors and Response Curve Analysis
3.2.1. Identification of Dominant Factors

Integrating variable contribution, permutation importance (Table 2), and jackknife test results
(Figure A2) shows that the dominant climatic factors differ among the four rice cropping systems.
Broadly, they can be divided into two groups. Single-season rice, rice - wheat rotation, and rice -
maize rotation are dominated by heat accumulation, with permutation importance values of 55.9%,
59.8%, and 77.0%, respectively, for accumulated temperature (AT10 for single-season rice; ATO for
the two rotation systems), making it the key factor shaping their distribution patterns. Double-season
rice, by contrast, exhibits a different mechanism: its distribution is mainly constrained jointly by
annual precipitation (P) and extreme monthly temperature variables, with the former contributing
69.8% and the latter (Tw and Tc combined) accounting for 58.4% of total permutation importance.

3.2.2. Analysis of response thresholds

The four rice cropping systems show clear differences in their responses to environmental
variables (Figure 3). For a consistent interpretation of the response curves, HSI = 0.5 is used here as a
reference line for relatively high suitability rather than as a strict threshold. Single-season rice has a
broad range of adaptation to heat conditions: when accumulated temperature > 10°C (AT10)
exceeds 5220°C, HSI rises markedly and remains high, and HSI also stays high when the moisture
index (MI) exceeds 3.04. Its potential distribution therefore extends from the Northeast Plain to the
southern hilly regions. Rice - wheat rotation is mainly influenced by accumulated temperature >
0°C (ATO) and annual temperature range (ART), with relatively high HSI associated with 5334 -
9394°C for the former and 23.8 - 52.8°C for the latter. This indicates that the system requires both
sufficient summer heat for rice growth and adequate winter cold to satisfy wheat vernalization and
safe overwintering. Rice - maize rotation is jointly constrained by a thermal lower limit and
precipitation conditions. Although accumulated temperature = 0°C (ATO) has the highest
permutation importance (77.0%) and defines the thermal lower bound (7080°C), annual precipitation
(P) contributes 51.8%, indicating that once thermal requirements are met, water availability remains
a key factor affecting suitability. This system shows relatively high HSI when annual precipitation
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ranges from 1419 to 2242 mm, reflecting the strict hydrothermal requirements of rice and maize
growing within the same seasonal window.

The response pattern of double-season rice differs markedly from those described above. Annual
precipitation is the primary controlling factor, corresponding to relatively high HSI values over the
range 1496 - 6377 mm, indicating a strong requirement for abundant rainfall. In addition, the mean
temperature of the coldest month and that of the warmest month both impose clear constraints. The
response curves show that the predicted HSI is relatively high when the mean temperature of the
coldest month exceeds 5.6°C and the mean temperature of the warmest month lies between 28.0 and
37.3°C. This is broadly consistent with the understanding that double-season rice production is
constrained by both low-temperature injury risk and high-temperature stress. Accordingly, double-
season rice is more suitable for warm and humid regions of southern China.

Table 2. Percent contribution and permutation importance of dominant environmental variables for four rice

cropping systems.

Rice cropping . . Percent Permutation
Environmental variables . )
patterns contribution (%) importance (%)
AT10 48.1 55.9
Single-season rice P 26.4 >9
ART 14.4 17.5
MI 11.1 20.7
P 69.8 38.4
bl Tw 27 42
bou r‘;zeason Te 1.9 16.4
ART 1.2 0.6
MI 0 2.6
ATO 38.4 59.8
Rice-wheat P 34 24.3
rotation ART 26 12.8
MI 1.6 3
. . P 51.8 17.6
ercoe;l?j;ze ATO 45.1 77
ART 3.1 5.4
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Figure 3. Response curves of the four rice cropping systems to dominant environmental variables. (a) Annual
precipitation (P); (b) Accumulated temperature =0°C (ATO0); (c) Moisture index (MI) for single-season rice and
annual temperature range (ART) for rice—wheat rotation; (d) Mean temperature of the coldest month (Tc) and
mean temperature of the warmest month (Tw) for double-season rice. The dashed line indicates the HSI = 0.5

reference line for relatively high climatic suitability.

3.3. Distribution of Suitable Areas for Rice Cropping Systems Under the Historical Climate

The habitat suitability index (HSI) produced by MaxEnt reflects both the probability of potential
occurrence and the degree of environmental matching. In this study, HSI is analyzed as a continuous
variable ranging from 0 to 1, and HSI > 0.5 is used only as a visual reference for relatively high values
s0 as to preserve spatial gradients in suitability rather than impose a strict boundary between suitable
and unsuitable areas. Figure 4 shows strong latitudinal zonality and dependence on climatic
resources among the high-suitability areas of different cropping patterns. Single-season rice is widely
distributed from Northeast China to the Yangtze River basin but shows a low-suitability belt over the
North China Plain; double-season rice is strictly concentrated in southern China; rice - wheat rotation
is mainly located in the Huai River - Yangtze River transition zone; and rice - maize rotation is most
concentrated in southwestern China.

The high-HSI area for single-season rice exhibits two north - south cores, located in the
Sanjiang - Songnen Plain in the north and the middle and lower reaches of the Yangtze Plain in the
south. This broad distribution spanning from the cold temperate zone to the subtropics indicates a
strong adaptability to heat conditions. Between these two high-value cores, however, the North
China Plain forms a distinct low-HSI belt, which may be related to relatively low precipitation and
limited natural moisture conditions in this region.

Unlike the broad north - south distribution of single-season rice, the high-HSI area of double-
season rice is concentrated in South China and areas south of the middle and lower reaches of the
Yangtze River. Suitability declines sharply northward beyond the northern bank of the Yangtze. This
pattern is consistent with its temperature thresholds: double-season rice requires both a sufficiently
high mean temperature in the coldest month to ensure safe growth of early rice and a suitable mean
temperature in the warmest month to support the maturation of late rice. Only southern China can
satisfy both conditions simultaneously, so the distribution of double-season rice is tightly confined
to warm subtropical regions.

The high-HSI area of rice - wheat rotation closely matches China’s north - south climatic
transition zone, forming an east - west belt across Jiangsu, Anhui, and Hubei. Its spatial pattern is
strongly associated with a relatively large annual temperature range. South of this belt, winters are
too warm to favor wheat vernalization, whereas north of it thermal conditions are insufficient to
support double cropping of rice and maize, resulting in a narrow transitional zone suitable for this
cropping pattern.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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The high-HSI area of rice - maize rotation is mainly distributed in Yunnan, Guizhou, and parts
of South China. Because both rice and maize require abundant heat and moisture, this pattern is
better suited to areas where rainfall and heat are synchronized seasonally. Compared with double-
season rice, rice -~ maize rotation shows relatively high suitability in the mountainous and plateau
regions of southwest China, suggesting some adaptive potential under complex topography and
vertical climatic gradients. Combined with existing practices of maize - rice composite cultivation in
southern rice-growing areas, this pattern may serve as an alternative double-cropping option worthy
of comparison in some mountainous areas of southwest China.

(0) (d)

Figure 4. Spatial distribution of habitat suitability index (HSI) for four rice cropping systems under historical
climate conditions (1991-2020). Note: Values range from 0 to 1, displayed using a yellow-to-blue gradient. Red
areas (High: 1) indicate high suitability, blue areas (Low: 0) indicate unsuitability, and yellow areas represent
transitional zones. (a) Single-season rice; (b) Double-season rice; (c) Rice-wheat rotation; and (d) Rice-maize

rotation.

3.4. Spatiotemporal Evolution of Suitable Areas for Rice Cropping Systems Under Future Climate Scenarios

To evaluate the effects of future climate change on different rice cropping systems, we calculated
the change in suitability (A HSI = HSI_future — HSI_historical) for 2081 - 2100 under two scenarios
(S5P2-4.5 and SSP5-8.5) relative to the historical baseline period (1991 - 2020). All maps use a unified
color scale of [-1, 1] to facilitate comparison across patterns, where positive values (red) indicate
increased suitability and negative values (blue) indicate decreased suitability. Overall, all four
patterns show a tendency to shift northward and expand eastward in the future, but the direction
and magnitude of change vary among patterns, and the changes are more pronounced under SSP5-
8.5 (Figure 5).

For single-season rice, areas of increasing suitability are mainly located in the northern
Northeast Plain, eastern Inner Mongolia, and along the Great Wall corridor. Under SSP5-8.5, the area
of increase expands further and extends into the agro-pastoral ecotone of Inner Mongolia. These
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regions were previously constrained by low temperature; as accumulated temperature > 0°C
increases, thermal conditions gradually improve and the suitable zone expands northward. By
contrast, some areas south of the middle and lower reaches of the Yangtze River show declining
suitability, suggesting that future warming may increase the risk of local heat stress.

Changes in double-season rice are relatively moderate overall, but its suitability centroid tends
to shift northward. Parts of the middle and lower Yangtze region, such as Hunan, Jiangxi, and
southern Hubei, show positive A HSI values, indicating that warming may help extend the safe
growing season for double-season rice to some extent. In contrast, large areas of Guangdong,
Guangxi, and other coastal parts of South China exhibit negative values, especially under SSP5-8.5,
suggesting that once warming exceeds the suitable range, heat stress may offset part of the benefit
brought by increased thermal resources.

For rice - wheat rotation, the main change is a northward shift of suitable areas. Under SSP5-8.5,
A HSI increases noticeably in southern parts of the North China Plain, as well as in Shandong and
northern Henan, indicating that thermal conditions in these regions are gradually approaching the
requirements of double cropping. By contrast, some traditionally suitable areas in the middle and
lower Yangtze region show declines, possibly because winter warming weakens the vernalization
conditions required by wheat.

Compared with the other multiple-cropping systems, rice - maize rotation shows relatively
strong adaptability under future climate scenarios. Southwestern China, including Yunnan, Guizhou,
and the Sichuan Basin, forms the main high- A HSI region, with suitability generally increasing.
Compared with double-season rice, rice - maize rotation maintains positive changes in some
warming regions, suggesting that it may be better able to utilize the increased hydrothermal
resources expected in the future.
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Figure 5. Spatial distribution of changes in habitat suitability index (AHSI) for four rice cropping systems under
future climate scenarios (2081-2100). Note: (a-b) Single-season rice; (c-d) Double-season rice; (e-f) Rice-wheat
rotation; (g-h) Rice-maize rotation. The left column represents the SSP2-4.5 scenario, and the right column
represents the SSP5-8.5 scenario. To ensure cross-system comparability, a unified color stretch range of [-1, 1] is
applied to all layers. Red colors (AHSI > 0) indicate increased suitability, while blue colors (AHSI < 0) indicate
decreased suitability, with color saturation reflecting the magnitude of change.

4. Discussion

4.1. The Advantages of the MaxEnt Model in the Evaluation of Complex Rice Planting Systems and Its
Complement to Traditional Zoning

The research results show that the MaxEnt model is also suitable for multi-cropping and crop
rotation systems. The AUC of each model exceeds 0.86, indicating that the model can better identify
the nonlinear relationship between complex planting systems and climate factors [13]. Among them,
the AUC of rice-wheat rotation, rice-maize rotation and double rice are all close to 0.96, showing high
prediction accuracy. One possible reason is that these multiple cropping and rotation systems are
subject to more stringent hydrothermal conditions and seasonal rhythms, and have relatively narrow
climatic niches, so the boundaries of their suitable zones are easier to identify by the model. In
contrast, single rice spans from cold temperate zones to subtropics, has a more complex
environmental background, and is more susceptible to non-climatic factors such as soil and
socioeconomic factors. Therefore, the AUC is relatively low (0.868). However, this result is still at a
high level, indicating that MaxEnt still has good applicability under conditions of strong
environmental heterogeneity. Different from existing studies that mostly focus on single rice or
double rice, this paper incorporates rice-wheat rotation and rice-maize rotation into the same
evaluation framework. The results show that, under the premise of reasonably screening variables
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and controlling sample quality, MaxEnt can be used not only for single-crop planting systems, but
also for suitability identification of complex planting systems. This provides methodological support
for the expansion of agricultural divisions from single crops to planting systems, and also provides a
basis for subsequent comprehensive assessments incorporating soil and socioeconomic factors.

4.2. Differential Driving Mechanisms of Key Climatic Factors for Rice Cropping Systems

Different rice cropping systems use climatic resources in different ways, but overall they can be
divided into two groups: heat-accumulation-dominated systems and temperature-threshold-limited
systems. Single-season rice, rice - maize rotation, and rice - wheat rotation depend more strongly on
heat accumulation, and accumulated temperature (AT10 for single-season rice and ATO for the two
rotation systems) has high importance in all three systems.

Despite this commonality, substantial differences remain among the patterns. In addition to
accumulated temperature, rice - wheat rotation is also sensitive to annual temperature range. Its
relatively high-HSI interval of 23.8 - 52.8°C indicates that the system requires both high summer
temperature for rice growth and low winter temperature for wheat vernalization, making it
particularly sensitive to changes in seasonal rhythm. Double-season rice, by contrast, exhibits a more
typical pattern of joint control by temperature thresholds and moisture conditions. Annual
precipitation is its primary factor (69.8%), while the mean temperatures of the coldest and warmest
months together define the key thermal boundaries. Higher temperatures in the coldest month help
reduce cold damage risk for early rice, whereas excessively high temperatures during the growing
season may increase heat stress risk for late rice. Double-season rice is therefore sensitive to both
winter - spring thermal safety and summer - autumn heat risk.

Compared with the conclusions of Duan et al. [20] and Zhao et al. [21] regarding the importance
of accumulated temperature and precipitation, this study further distinguishes the dominant factor
combinations and threshold characteristics of four cropping systems within the same study area and
modeling framework. In doing so, it extends discussion of crop distribution patterns to the level of
cropping systems and provides a basis for understanding why different patterns respond differently
to climate change.

4.3. Spatiotemporal Reorganization Under Climate Warming and Its Implications

The Sixth Assessment Report of the IPCC points out that global warming may drive agricultural
climate zones northward [1]. Our results are consistent with this judgment and further show that
different cropping systems do not respond to warming in the same way. Under both S5P2-4.5 and
SSP5-8.5, the suitable areas of the four patterns generally shift northward and expand eastward,
which agrees with the conclusion of Duan et al. [20] that warming relaxes thermal limitations in high-
latitude regions. Among them, the expansion of multiple-cropping systems is more pronounced,
especially under SSP5-8.5, where the suitable area for rice - wheat rotation extends northeastward,
suggesting that some regions currently dominated by single cropping may in the future approach the
thermal lower limit required for double cropping [49]. However, the effects of warming are not
entirely positive. Double-season rice and rice - wheat rotation show declining suitability in parts of
Southwest China, such as Yunnan and Guizhou, which may be related to frequent high-temperature
events and changes in precipitation regimes. This indicates that climate warming may
simultaneously open new cultivation frontiers and weaken some traditional core production areas.

From the perspective of regional adaptation, different regions should prioritize different
responses. Northeast China should pay attention to the possibility of increasing the multiple-
cropping index and the northward shift of cropping systems while guarding against cold damage
risk. North China needs to consider both increased thermal resources and water constraints, with
emphasis on improving hydrothermal matching. Southwest China, in turn, needs more heat-tolerant
varieties and adjustments to sowing dates to cope with potential risks of heat and drought [17,50].

At a broader scale, agricultural zoning should incorporate climate change considerations and
adjust production layouts according to future risks. Integrating climate risk identification with
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agricultural resource surveys, farmland construction, and the dissemination of adaptive technologies
may better enhance the stability of food production systems [51].

4.4. Limitations of the Study

This study still has several limitations. First, regarding data and sample size, the original spatial
resolution of the ChinaCP dataset is 500 m. After pure-pixel screening, temporal stability filtering,
and spatial thinning, the numbers of sample points for double-season rice, rice - wheat rotation, and
rice - maize rotation remain relatively limited, each at around 300 points, which may increase
uncertainty in local response functions. However, previous studies indicate that MaxEnt remains
reasonably stable under small-sample conditions [52], and together with the collinearity screening
and parameter settings used here, the model results still retain reference value. If higher-resolution
data and larger sample sizes become available, model robustness can be further improved. Second,
this study focuses on climatic suitability and does not incorporate soil, topographic, or socioeconomic
factors such as labor availability and local planting practices. The simulation results therefore reflect
theoretical climatic feasibility rather than direct planting recommendations [53]. For example, some
areas in Northeast China may in the future satisfy the thermal requirements for crop rotation, but
actual adoption will still depend on factors such as cultivar maturity, labor costs, and institutional
adjustment barriers. Likewise, some climatically suitable areas may remain unsuitable for large-scale
cultivation because of fragmented terrain or limited soil conditions. Even so, analyses based solely
on climatic variables are still helpful for identifying the broad direction of future changes in cropping
patterns at large spatial scales [53]. Future studies could incorporate richer datasets and broader
feature dimensions once more samples become available. Finally, future scenarios themselves remain
uncertain. Although CMIP6 data were used here, different climate models still diverge in their
projections of precipitation and extreme events [54], and future land-use change and socioeconomic
pathways will also affect actual planting decisions. In addition, the model does not incorporate CO,
fertilization, management improvements, cultivar renewal, or soil amelioration, and may therefore
underestimate the actual adaptive capacity of future crops. Subsequent studies could couple process-
based models such as DSSAT [55] with socioeconomic data to obtain assessments that more closely
reflect real production conditions.

5. Conclusions

This study shows that the MaxEnt model can be used to assess the suitability of different rice
cropping systems. The main conclusions are as follows. (1) All four cropping systems show good
discriminability, with AUC values above 0.86, indicating that these systems are not merely simple
combinations of single crops but possess relatively independent climatic suitability boundaries. (2)
The dominant climatic factors differ markedly among systems. Single-season rice, rice - wheat
rotation, and rice - maize rotation are mainly influenced by heat accumulation, whereas double-
season rice is more sensitive to temperature thresholds and precipitation conditions. These
differences indicate that the mechanisms by which different cropping systems respond to climate
change are not uniform. (3) Future climate change is likely to reshape rice production systems: parts
of Northeast and North China may gain greater multiple-cropping potential as thermal resources
increase, whereas some traditional production areas in South China may face declining suitability
because of high-temperature stress. Overall, future adjustments to agricultural layout need to
consider both differences among cropping systems and their associated climatic constraints.
Northern China should take advantage of expanding thermal windows to support the northward
shift of rice-based cropping systems, whereas southern China needs to maintain the thermal safety
limits of rice production. In this sense, rice production should adapt to the broader tendency toward
northward shift and eastward expansion and turn the challenges of climate change into opportunities
for agricultural development.
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Figure Al. Sample volume heatmaps under different combinations of mask ratio and frequency thresholds for
four rice cropping systems. The x-axis represents the mask ratio threshold (0.1-1.0), and the y-axis represents
the frequency threshold (years). The color gradient from yellow to blue indicates the number of retained sample
points, with darker blue representing larger sample sizes. (a) Single-season rice; (b) Double-season rice; (c) Rice—-

wheat rotation; and (d) Rice-maize rotation.
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Figure A2. Jackknife test of regularized training gain for evaluating variable importance in the MaxEnt models
of four rice cropping systems. The dark blue bars ("With only variable") indicate the model gain when using only
that specific environmental variable, the light blue bars ("Without variable") represent the gain when the variable
is excluded from the full model, and the red bar ("With all variables") indicates the total gain using all
environmental variables. (a) Single-season rice; (b) Double-season rice; (c) Rice-wheat rotation; and (d) Rice-

maize rotation.
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