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Abstract

Cotton is increasingly important in global development. The exploration of drivers of
spatiotemporal patterns for cotton planting, considering spatial heterogeneity, is essential
for optimizing its distribution and supporting sustainable production. This study combined
the locally explained stratified heterogeneity (LESH) model with geographically weighted
regression (GWR) to investigate the factors shaping cotton-planting patterns in the northern
slope of the Tianshan Mountains (NSTM), China, from 2000 to 2020. Cotton distribution
was derived from long-term Landsat image series, and its expansion showed an average
annual growth rate of 2.10 x 10 km?, with intensive cultivation primarily distributed
across the central and western counties. The dominant drivers of cotton distribution were
elevation (ELE), sunshine duration (SD), slope (SLO), temperature (TEM), runoff (RO), and
gross domestic product (GDP). ELE explained about 40% of the spatial heterogeneity. SD
showed a declining influence, SLO remained stable, TEM increased in importance, and GDP
exhibited a progressive upward trend, although weaker. Moreover, nonlinear weakening
interactions, especially between ELE and other factors, as well as between socio-economic
and climatic variables, substantially enhanced explanatory power. These findings highlight
the significance of accounting for spatial heterogeneity and factor interactions in guiding
the spatial optimization and sustainable management of cotton cultivation.

Keywords: cotton cultivation; spatiotemporal dynamics; spatial heterogeneity; driving
forces; LESH; GWR; Xinjiang

1. Introduction

Cotton, as a key economic crop, plays a crucial role in the global textile industry,
serving as the primary source of natural fibers for textile production worldwide. With the
continuous growth of the global population, the demand for cotton has shown a steady
upward trend [1]. Cotton is cultivated across Asia, Africa, the Americas, Europe, and
Oceania. China ranks among the world’s leading producers and consumers of cotton,
maintaining a dominant position in global output. In 2022, China accounted for 24%
of global cotton production [2]. However, existing research on cotton cultivation has
mainly focused on yield estimation, climate suitability assessment, and remote sensing
identification of cotton areas. Relatively few studies have systematically examined the

spatiotemporal evolution and driving mechanisms of cotton distribution across multiple
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spatial scales. Moreover, many driver-focused studies remain at a single, large scale, and the
interactions among multiple driving factors are often unclear, which limits the explanatory
power of their results. Studies also tend to emphasize global or regional trends without
integrating local spatial heterogeneity in depth. Addressing these gaps is essential for
improving the interpretability of driving factors and for guiding the spatial optimization
and sustainable management of cotton production. Similar challenges are present in studies
conducted in China, and particularly in Xinjiang. Cotton research in these regions also tends
to overlook multi-scale spatiotemporal dynamics and the interactive effects of multiple
environmental and socio-economic drivers. Xinjiang has the largest planting area and the
highest total output of cotton in China. The northern slope of the Tianshan Mountains
(NSTM) is the most-developed region of Xinjiang and has become a crucial production
area for high-quality cotton in China because of superior sunlight conditions and abundant
water resources from the melting snow of the Tianshan Mountains. The plots for planting
are small, numerous, scattered, and irregular in shape, although the cotton planting area
in Xinjiang is large. This greatly increases difficulties in the collection of information, and
makes the work of statistics and the verification of planting areas difficult, resulting in
poor timeliness and accuracy of statistical data. Therefore, extracting long-term cotton
distribution information using remote sensing and assessing spatiotemporal evolution and
its driving mechanisms at multiple scales are both necessary.

The development and evolution of spatial patterns of cotton cultivation is a com-
plex process, shaped by the combined effects of multiple factors. Previous studies have
reported that changes in the spatial distribution of cotton production are influenced by
natural resource endowments, production inputs, socio-economic conditions, technological
advances, market demand, policy interventions, and other related factors [3]. Research on
the driving forces of spatiotemporal changes in crop distribution involves qualitative or
quantitative analysis of both internal and external factors underlying spatial crop variations,
aiming to determine the relative contributions of different drivers for the formation of
crop spatial patterns. Common research methods include descriptive statistics [4], gray
relation theory [5], regression analysis [6], interpretable machine learning [7], and spatial
econometric models [8], etc. Among them, widely applied spatial econometric methods
focus on exploring the impacts of socio-economic factors on spatiotemporal distributions
of cotton planting, taking into account the spatial spillover effects of crop planting between
regions, spatial heterogeneity, and interaction among factors. Anthropogenic factors, such
as economic conditions, policy orientations, and technological advancements, directly
determine farmers’ cultivation practices and agricultural production processes. Meanwhile,
these factors further indirectly alter the spatial distribution of crop cultivation by influenc-
ing both natural resource utilization and collective decision-making behaviors in planting
activities. However, this method relies on spatial panel data with the smallest spatial scale
of county level. Cotton cultivation falls under the category of agricultural production with
a process of natural reproduction. Therefore, natural resource conditions are the foundation
and prerequisite for the formation and changes in layout of agricultural district distribution.
Land plots used for cotton production vary in size from tens of kilometers to a few meters.
This aligns with the laws of geography and exhibits spatial heterogeneity and dependence.
Therefore, research on the influential mechanism of spatiotemporal distribution changes
in cotton from the view of spatial heterogeneity contributes to a systematic and accurate
analysis of driving forces behind cotton production, particularly the function mechanism
of natural factors on cotton cultivation.

Geospatial analytical methods, consisting of linear and nonlinear models, are com-
monly employed to investigate the driving of spatial variability in geographical variables.
Geographically weighted regression (GWR) is a common linear method for analyzing
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local spatial non-stationarity of variables [9]. GWR can more accurately capture localized
patterns in spatial data by variations in variable regression coefficients with spatial position.
However, it only evaluates linear relationships between variables and lacks the ability to
examine global patterns or explore interactions among multiple factors. Spatially strat-
ified heterogeneity (SSH) models are effective analytical frameworks for characterizing
the spatial variability of geographical variables in a nonlinear way [10]. These models
measure the spatial distribution patterns of variables using the power of determinants
(PD). Higher PD values indicate that similar spatial distributions exist in variables and that
factors have stronger explanatory power over response variables. However, PD calculated
by the classical SHH model is significantly underestimated if optimization of the spatial
discretization is not conducted and does not adequately explain the spatial correlations
between the explanatory variables and response variables. Some studies have focused
on optimizing spatial discretization processes to address this problem. For instance, the
concept of optimal power of determinants (OPD) has appeared in geographical detector
and geographically optimal zones-based heterogeneity models (GOZH), aiming to improve
the representation of spatial association [11]. These methods can not only quantify the
influence of individual factors on the spatial distribution of response variables but also
reveal the interactive effects of multiple factors. However, the specific contribution of each
factor within these interactions remains unknown. Fortunately, the Shapley Additive Expla-
nations (SHAP) model, with its unique theoretical foundation, makes models explanatory,
and fairly distributes the contribution of each feature to the output of models [12]. Li et al.
proposed a locally explained stratified heterogeneity (LESH) model with SHAP that well
overcomes the black-box problem existing in current SSH models [13]. This model can
determine the contribution of each explanatory variable and interactions among multiple
variables by calculating the SHAP power of determinants (SPD). However, these SSH
models are unable to reveal local spatial variations in variables.

Based on the above analysis, this study addresses the following objectives: (1) To
generate a long-term time series of cotton cultivation patterns using remote sensing tech-
nology. (2) To characterize the spatiotemporal evolution and regional differentiation of
cotton cultivation. (3) To explore the driving forces behind the spatiotemporal variations in
cotton cultivation and quantify the contributions of both global- and local-scale factors.

2. Materials and Methods
2.1. Study Area

The NSTM is situated in the inland center of the Eurasian continent with an area of
approximately 3.96 x 10° km? (40°52'-47°14' N, 79°53'-96°23' E), accounting for 23.8%
of Xinjiang’s total area [14], as shown in Figure 1. The NSTM, as a national second-tier
key urban agglomeration, is a center of population, industry, and economy and a core
hub linking China with Central and West Asia due to its favorable resource endowments
and strong economic foundation [15,16]. The region is characterized by a higher altitude
in the south than the north and has an altitude ranging from —153 m to 4814 m [17]. It
has a typical temperate continental arid climate, with an average annual precipitation of
approximately 115 mm and an average annual temperature of about 9.8 °C [18]. In short, it
is one of the major cotton producing areas in Xinjiang because of its abundant light and
heat. Additionally, the NSTM has typical oasis agricultural cultivation areas of Xinjiang,
with the main planted crops of cotton, maize, and wheat. Their growth stages mainly span
from April to October, as is shown in Figure 2. Accurately understanding the phenological
stages of these crops helps in selecting the appropriate temporal windows of remote sensing
imagery for extracting crop distribution information. Cotton in the NSTM is sown in the
middle or late part of April each year, then goes through the stages of emergence, seedling,
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square, boll, and open boll, and is finally harvested in October, when other crops have
largely been harvested.
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Figure 2. Cotton, maize, and wheat growth calendar.

2.2. Data Source
2.2.1. Satellite Data

To ensure both long-term continuity and suitable spatial resolution for cotton mapping,
this study employed Landsat-5 thematic mapper (TM) and Landsat-8 operational land
imager (OLI) imagery to extract the cotton area in 2000, 2005, 2010, 2015, and 2020. The
Landsat series provides consistent global coverage with a spatial resolution of 30 m, making
it well suited to monitoring long-term agricultural changes. The combination of TM and
OLI sensors ensures the comparability and continuity of spectral characteristics across time.
Except for the thermal infrared band, all spectral bands were used for cotton extraction to
enhance classification accuracy. Moreover, high-resolution remote sensing imagery from
certain years and regions was also used to obtain sufficient and accurate samples required
for cotton extraction (Table 1).
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Table 1. Information of remote sensing image data.
Number Satellite Time Phase Range Spatial Resolution

1 Landsat-5 September 2000, 2005, and 2010 Studv area 30m

2 Landsat-8 September 2015 and 2020 Y

3 GF-1 2 September 2015, 10 September 2015 Changji and Urumgi 2/8m

g Qitai County, Wenquan

4 GF-2 9 May 2020, 2 August 2020, 16 August 2020 County and Shihezi City 1/4m

5 GeoEye-1 16 July 2010 Shuanghe City 041/1.64m

6 QuickBird 28 August 2002 Wujiaqu City and Hami Cit 0.61/2.44m

17 May 2006 jaqu ity y DL

2.2.2. Sample Data

Sample points used for the remote sensing extraction of cotton were primarily obtained
through field survey and visual interpretation. The field survey data included unmanned
aerial vehicle images with high spatial resolution covering the typical cropland of Xinjiang
in 2020 and scientific investigation data from 2023 [19]. In addition, the sample data of crops
in each year are from high spatial resolution images in GF-2, Sentinel-2, GF-1, QuickBird,
GeoEye-1, and Google Earth, obtained by visual interpretation. Owing to the scarcity of
historical field survey data, the sample dataset in 2020 was initially established based on
scientific surveys, unmanned aerial vehicle imagery, and high spatial resolution images.
Sample points in other years were obtained by referring to the sample distribution from the
year 2020 and combining high spatial resolution imagery with Google Earth data (Figure 3).
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Figure 3. Distribution of sample sites in 2020.

2.2.3. Factors Selected

Selected variables that may affect spatiotemporal variations in cotton-planting patterns
include five categories: topography, climate, soil, water resources, and socio-economy
(Table 2). Topographical variables consist of elevation (ELE) and slope (SLO), representing
the terrain conditions for cotton cultivation. ELE is derived from the advanced spaceborne
thermal emission and reflection radiometer global digital elevation model (ASTER GDEM
V2), with a spatial resolution of 30 m. The dataset is provided by the Geospatial Data Cloud
site, the Computer Network Information Center, and the Chinese Academy of Sciences [20].
SLO is calculated based on the elevation data using spatial analysis methods.

Climate is a fundamental driving force influencing the spatiotemporal variations
in cotton cultivation, directly affecting the growth, quality, and yield of cotton. Climate
variables used include temperature (TEM), precipitation (PRE), wind speed (WS), and
sunshine duration (SD). TEM, PRE, and WS were derived from the ERA5-Land monthly
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averaged data [21]. ERA5-Land is the land reanalysis data, with a spatial resolution of 0.1°,
produced by the European Centre for Medium-Range Weather Forecasts, which integrates
multi-source observations with numerical models. The SD data was collected from the
National Earth System Science Data Center and the Science Data Bank [22-25]. The former
provides the monthly sunshine duration data, with a spatial resolution of 1 km. The data
from 2000, 2005, 2010, and 2015 was used for this study. These datasets were generated via
the spatial interpolation of thin plate spline, based on the data from ground reference and
meteorological stations. The latter provides the daily mean sunshine duration datasets in
2020 for this study, derived from Himawari-8 shortwave radiation products.

The soil type (ST) data come from the Resource and Environmental Science Data
Platform [26]. This data was digitally generated from the soil map of the People’s Republic
of China, with a scale of 1:1,000,000, and has the basic mapping unit of subclass.

Water is the factor that guarantees the high yield and quality of cotton. The variables
concerning water resources include river network (WAT), evaporation (EVA), and runoff
(RO). The WAT data were obtained from the Data Sharing and Service Portal, with a
temporal resolution of 5 years/period and a spatial resolution of 30 m [27]. EVA and RO
were collected from the ERA5-Land monthly averaged data.

Gross domestic product (GDP) is a monetary measure of the market value of all the
final goods and services produced within a specific period [28]. It is one of the important
indicators of social and economic development, influencing the layout, scale, and technical
levels of the cotton planting industry through multiple pathways. The data from the
Resource and Environmental Science Data Platform were acquired based on the spatial
interaction of land use, nighttime light intensity, residential density, and GDP statistical
data, using the method of multi-factor weight distribution.

Table 2. Selected explanatory variables.

Category Variable Abbr.
Topograph Elevation ELE
Y Slope SLO
Temperature TEM
. Precipitation PRE
Climate Wind speed WS
Sunshine duration sD
Soil Soil type ST
River network WAT
Water resources Evaporation EVA
Runoff RO
Socio-economy Gross domestic product GDP

2.2.4. Other Data

The vector data of administrative divisions in the study were obtained from the
Xinjiang Uygur Autonomous Region Platform for Common Geospatial Information Ser-
vices [29]. The datasets of cultivated land with a spatial resolution of 30 m in the NSTM
from 2000 to 2020 were used for the masking of images and the extraction of cultivated
land [30]. The statistical data of the cotton-sown area in the NSTM from 2000 to 2020 were
sourced from related statistical yearbooks: the Xinjiang Statistical Yearbook and the Xinjiang
Production and Construction Corps Statistical Yearbook.
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2.3. Methods
2.3.1. Remote Sensing Extraction of Cotton

To accurately acquire distribution information on cotton from 2000 to 2020, this study
selected September as the optimal time phase for remote sensing based on the phenological
characteristics of cotton, while also considering the quality and availability of remote
sensing data, and then used cultivated land data to mask images. On this basis, cotton
planting information from various different years was obtained from the time series Landsat
images during this optimal phase using the random forest (RF) algorithm on the Google
Earth Engine (GEE) platform. RF is an ensemble machine learning algorithm that combines
bagging and random subspace methods. It builds multiple decision trees on bootstrapped
samples and integrates their results to produce the final prediction. This improves its
generalization ability and performance in handling nonlinear relationships and multivariate
data. Compared with other algorithms, such as support vector machines (S5VMs), this
algorithm with a tree structure does not rely on distance calculation and does not require
feature scaling [31]. The optimal classification model was determined by a number of trials,
while the initial values of number of trees, leaf nodes, tree depth, and maximum number of
iterations in the RF were set to 200, 10, 25, and 150, respectively. All samples were randomly
split into 70% for the training set and 30% for the validation set.

Remote sensing features and terrain are the input variables of the RF algorithm. Re-
mote sensing features consist of radiation vales in the visible and near-infrared bands of
the Landsat images and related multispectral vegetation indices, while the topographic
variables constructed from the SRTMGL1_003 data include ELE, SLO, and aspect [32].
Selected vegetation indices are the Normalized Difference Vegetation Index [33], the Ra-
tio Vegetation Index [34], the Enhanced Vegetation Index [35], the Difference Vegetation
Index [36], and the Soil Adjusted Vegetation Index [37].

The classification models are validated from both spatial and quantitative perspectives.
The confusion matrix is employed to assess the spatial accuracy of models, while the
verification of cotton extraction area is based on statistical data of the cotton-sown area.
The performance metrics derived from the confusion matrix are overall accuracy (OA),
Kappa coefficient, producer’s accuracy (PA), and user’s accuracy (UA) [38].

2.3.2. Analytical Methods of Spatiotemporal Changes on Cotton Cultivation

This study employed the Theil-Sen median to quantify the temporal variation trends
of the cotton planting area over 20 years in the NSTM. It is a robust, nonparametric method
of linear regression and has strong robustness to outliers and noises [39,40]. Meanwhile,
Mann-Kendall (MK) was used to test the significance of change trends. Mann-Kendall is a
rank-based, nonparametric, statistical method, suitable for any time distribution pattern,
with robustness, used to evaluate the randomness of the observed trends by the significance
level of Z-score. Once the absolute value of the Z-score is greater than 1.65, 1.96, or 2.58, the
trend passes the significance test at confidence levels of 90%, 95%, or 99% [41].

Moran’s I and Getis-Ord G/ are the methods to analyze the distribution characteristics
of global and local spatial clustering. Moran’s I can be used to determine the global spatial
autocorrelation of cotton distribution and reflect the spatial aggregation or dispersion
trends [42]. Getis-Ord G is related to cold/hot spot analysis and can indicate spatial
differentiation and significance between each element and its surrounding elements by
calculating the value of the Z-score using the standardized aggregation index [43]. Regions
with high-value clustering of the Z-score show the spatial aggregation distribution pattern
of hot spots. The spatial aggregation distribution pattern of cold spots is shown in contrast.
The spatial clustering is not significant if the Z-score approaches zero [44].
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2.3.3. Methods to Reveal Drivers of the Spatiotemporal Heterogeneity of
Cotton Cultivation

The joint use of LESH and GWR is a complementary approach to fully explain the
influence mechanisms of selected factors on cotton-planting distributions in the NSTM.
The LESH model reveals the global impact and force of factors on geographical variables
from the perspective of spatial heterogeneity. It can explain the contribution of individual
factors to the response variable, as well as the contribution of multi-factor interaction effects.
The model uses OPD to measure the influence of individual and multiple variables on
response variables. High OPD indicates strong spatial correlations between response and
explanatory variables [45]. OPD is calculated as follows:

min(SSWx p)

OPD = max(PD) =1 — ST

1)
where X denotes the explanatory variable, D is the hierarchical variable describing geo-
graphical zones, and SSWx p means the sum of squares within zones that are recorded as
D and determined by X.

Furthermore, an important advantage of the LESH model is that it integrates the SHAP
model from cooperative game theory to calculate the contribution of each variable under
interactions of multiple variables, thereby solving the black-box problem existing in the
SSH models. For the explanatory variable x;, its contribution is calculated according to the
following equation:

|S|!(|M||1\;I|!S| “D (s {x}) - v(s) @

0 (S) =
SEM\ {x;}

where for the set of explanatory variables M = {x1, Xp, X3, .. .xm} and the set S = {x1, x2, X3,
.. Xs} (s <m), Sis a subset of M; S includes the empty set but not all subsets of Xj.

O, (S) represents the SPD value of the explanatory variable x;. IM| and S| denote
the number of variables in sets M and S, respectively. v(S) is an evaluation function
used to calculate the OPD for |S| explanatory variables. v(SU {x;}) represents the OPD
obtained by adding target variable X; to subset S. v(SU {xj}) — v(S) denotes the marginal
contribution, which quantifies the incremental impact on system output when the target
variable x; is added to subset S. The SPD of variable x; is obtained by weighted summation
of marginal contributions across all subsets S without x; in M.

GWR is a method used to map out the spatial correlation within local regions. It
incorporates spatial location into regression processes using a spatial weighting function,
reflecting the spatial heterogeneity of geographic variables among different zones [46]. The
calculation formula is as follows:

p
¥i = Bo(ui, vi) + kz B (ui, vi)Xik + € ©)
=1
where y. represents the estimated value at point i; 3o (uj, vi) denotes the intercept term at
point i; x; indicates the k-th independent variable at point i; } (uj, v;) is the regression
coefficient for the k-th independent variable at point i; and ¢; corresponds to the residual
term of the model at point i.

3. Results
3.1. Accuracy of Remote Sensing Extraction for Cotton from 2000 to 2020

The spatial accuracy of classification models for cotton from 2000 to 2020 was validated
by field surveys and visual interpretation from high-resolution images (Table 3). The classi-
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fication models in various years all have an OA of above 90%, with Kappa ranging from
0.86 to 0.91. The UA of models has reached more than 87%, indicating that more than 87%
of cotton in the research area is correctly classified. It is demonstrated that the classification
models in each year have high spatial consistency and precision in cotton extraction.

The examinations of the cotton planting area extracted from 2005 to 2020 were only
conducted due to the unavailability of statistical data in 2000. The area of cotton was 4.33,
4.97,8.75, and 12.10 x 10% km? in 2005, 2010, 2015, and 2020, while the statistical sown area
of cotton in these years is 4.83, 5.34, 8.02, and 10.83 x 10% km?, respectively. The percentage
errors in area between the two are 10.40%, 6.93%, 8.99%, and 11.68%, respectively. It can
be seen that the change trends of area in cotton cultivation are consistent, although there
are certain differences between the data. These differences may result from remote sensing
classification errors due to complex cropping patterns and spectral similarity, as well as
biases and incompleteness in local statistical records, particularly in regions involving the
Xinjiang Production and Construction Corps.

Table 3. Accuracy evaluation of classification models in cotton.

Year 2000 2005 2010 2015 2020
OA (%) 92.75 94.01 91.30 92.54 92.93
Kappa 0.89 0.91 0.86 0.89 0.89
PA (%) 96.00 97.08 94.76 98.72 94.81
UA (%) 87.80 91.71 90.79 97.48 92.80

3.2. Spatiotemporal Variation Characteristics of Cotton Cultivation
3.2.1. The Temporal Changes in Cotton

The cotton area has undergone substantial expansion, with an average annual growth
rate of 2.10 x 103 km?/year in the past two decades in the NSTM (based on data from
2000, 2005, 2010, 2015, and 2020). It is notable that an abrupt change point occurred in
2000, found by a moving t-test. The growth rates before and after this turning point were
significantly different, with 0.43 x 10% km?/year and 3.57 x 103 km?/year, respectively. The
area of cotton cultivation in the northwest and central regions of the NSTM has increased
dramatically from 2000 to 2020, with growth rates of 176 and 142 km?/year, respectively.
Additionally, the expansion of cotton cultivation in the western regions, such as the Bortala
Mongol Autonomous Prefecture and certain directly administered municipalities, cannot
be ignored either.

12| slope =2.103

O = *

e p =0.027

X P |

- 9 Change point
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Figure 4. Trend of cotton-planting area from 2000 to 2020. * indicates p < 0.05.

Further county-by-county analysis was conducted to examine the temporal change
patterns of cotton cultivation using Theil-Sen median combined with MK (Figure 4). The
counties in the central and western parts of the study area are the primary cotton-growing
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regions of the NSTM. Among these, 83.78% of the counties show an increase in cotton-
planting area over the past 20 years, with a significant increase in 29.03% (p < 0.1) of
these counties.

3.2.2. Spatial Variations in Cotton Cultivation

The global Moran’s I and the local spatial association index of Getis-Ord G were used
to analyze the evolution of the spatial patterns of cotton cultivation on the NSTM. The
global Moran’s I indices for the years 2000, 2005, 2010, 2015, and 2020 were 0.369, 0.331,
0.420, 0.374, and 0.368, respectively. The Z-scores for each year all exceeded the critical value
of 2.58 and passed the significance level test of 0.01. It is shown that the cotton distribution
of the NSTM has a significant and positive spatial autocorrelation in the global region.
Moreover, the spatial associations present the weakening—strengthening-weakening trend,
indicating the overall spatial distribution pattern of high—high and low-low agglomeration.

Cold-hot analysis can indicate high-value cluster areas and low-value cluster areas
of relevant variables in different districts. The distribution of cold spots in the NSTM
were relatively scattered but showed differences over time (Figure 5). The low values of
the cotton area were basically significant at the 99% confidence level, mainly situated in
the northwest, middle, and east of this region. Except for 2005, the spatial distribution
patterns of cotton cold spots were relatively consistent, predominantly extending from the
northwest directly to the central-eastern region, while the scope of cold spots was smaller
in 2005. The distribution patterns of cotton hot spots in various years were similar, basically
extending from the west to the middle of the study area. The scope of hot spots increased
and expanded spatially from 2010 to 2020. However, hot spot areas were the smallest
in 2005.

zE I O &
- . e B .'rc' =~ -
LI TV LR L. .
e P AR 2 s i .
2000 2005 2010
w b Getis-Ord Gi*
2/ 2/ Il Cold Spot - 99% Confidence
Ny -& 2 ' Cold Spot - 95% Confidence
I R '&i“‘ ) P 0“
R . 2 . Cold Spot - 90% Confidence
‘—Wf - Eo - Not Significant
Hot Spot - 90% Confidence
= Km Hot Spot - 95% Confidence
0 150 300 2015 2020 Il Hot Spot - 99% Confidence

Figure 5. Distribution of cotton cold-hot spots from 2000 to 2020.

3.3. Drivers of Spatiotemporal Patterns for Cotton and Contributions of Relevant Factors
3.3.1. Impacts of Factors on Cotton Cultivation at the Global Scale

This study used the LESH model to analyze the explanatory power of 11 factors on
the spatiotemporal changes in cotton in the global region (Figures 6 and 7). Figure 6 shows
the OPD values of different factors at the scale of 17 km over 20 years. It can be observed
that topographic factors have the highest spatial associations with cotton area, followed
by climatic and water-resource factors. Notably, the ELE has the highest average OPD
value among the eleven factors, explaining 40% of the spatial heterogeneity of the cotton
distribution on average. However, there are certain differences in its OPD values for each
year. This OPD rose by 7.45% over 20 years. Compared with those of other factors, the OPD
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values of ELE in 2000 and 2005 ranked second, while its OPD value increased from 2010 to
2020 and remained first. The ELE variable has the most explanatory power over the spatial
variability of cotton and is the primary condition for the expansion of cotton cultivation.
Furthermore, the SLO from topographic variables is one of the stable conditions influencing
cotton distributions on the NSTM, with its average OPD value of 0.28 ranking third and
the standard deviation of OPD value for 0.02 being the lowest among all factors.

0.6;

0.4

©

o©
[\

0.0;

H|

ELE SD SLO TEM RO PRE GDP EVA WS WAT ST

Explanatory variables

Figure 6. Variation in OPD values of different factors at the 17 km scale (2000-2020).
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Figure 7. Quantification of the interactive effects and contributions of paired factors. (a) Year 2000;
(b) Year 2005; (c) Year 2010; (d) Year 2015; and (e) Year 2020.

Among the climatic variables, the SD factor has an average OPD value of 0.31, ranking
second among all explanatory variables, but has the highest standard deviation of OPD
value over 20 years. Its OPD value decreased by 26.38% over 20 years. It is demonstrated
that the explanatory power of the SD had been weakening over 20 years. In addition, the
TEM also plays a significant role in explaining the spatial variability of cotton cultivation
in the study area, with a mean OPD value of 0.27. The OPD value had been rising and
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increased by 7.19% over 20 years. Two factors, RO and PRE, exhibited moderate explanatory
power over the spatial heterogeneity of the cotton spatiotemporal distribution in the NSTM,
with OPD values of 0.23 and 0.20, respectively. The moderate OPD levels of these two
factors indicate that both RO and PRE played a secondary but non-negligible role in shaping
the spatial patterns of cotton planting, particularly in areas with varying water availability.
Moreover, it is noteworthy that the OPD values of the GDP factor exhibited an increasing
trend over time, although its mean OPD value was only 0.20, rising by 20.35% over 20 years.
This reveals the important impact of socio-economic factors on cotton distribution. The
remaining factors, including EVA, WS, WAT, and ST, had relatively smaller influence on
cotton distribution in the NSTM, with OPD values all below 0.20. This indicates that,
compared with the more dominant topographic and climatic drivers, these factors played a
minor role in shaping the spatial patterns of cotton cultivation and can be considered as
supplementary reference factors.

3.3.2. Impacts of the Interactions Between Pairwise Factors

The geographical system is complex, owing to the coexistence of impacts from indi-
vidual factors and the interactions of multiple factors. This study quantified the interactive
effects between two factors and revealed the contribution of each factor to the interaction
(Figure 7). The results show that the interactions between topographic variables and other
variables had the strongest explanatory power for the distribution of cotton planting, espe-
cially the ELE in topographic variables. The OPD values of the interactions between ELE
and other variables were almost all higher than 0.4, in various years. Climatic variables
and socio-economic variables had the second strongest explanatory power for cotton distri-
bution. Among the interactions involving non-topographic variables, the interaction effect
between the SD and the GDP had the greatest impact on the spatial variability of cotton
cultivation, with OPD values ranging from 0.40 to 0.56 over 20 years.

Furthermore, nonlinear weakening interactions between two factors were detected, as
evidenced by the interactive OPD value being lower than the sum of the individual OPD
values of the two variables, yet higher than the OPD value of either variable. For instance,
the interactions between TEM and other variables exhibited the nonlinear weakening effect.
In 2020, the interactive OPD value between TEM and RO was 0.48, while the individual
OPD values of TEM and RO were 0.33 and 0.25, respectively. Moreover, it is found that this
factor plays the dominant role in the interaction if the independent explanation of a factor
is high. For the above interaction between TEM and RO, their SPD values were 0.28 and
0.20, respectively.

3.3.3. Key Factors Dominating Local Spatial Heterogeneity

The GWR model was further introduced to conduct local spatial regression analysis for
exploring the direction and intensity of the six global dominant factors in the local regions,
with the factors of ELE, SD, SLO, TEM, RO, and GDP. The GWR models in various years
showed higher fitness with the adjusted R? values ranging from 0.75 to 0.86. Meanwhile, it
can be observed that these six factors all had spatial non-stationarity through the collinearity
diagnosis based on the variance inflation factor.

In addition, these factors exhibited different characteristics of spatial variability in the
local areas, according to the regression coefficients of the factors in the models (Figure 8).
The impacts of ELE on the local variability of cotton distribution showed less fluctuation
compared to those of the other five explanatory variables, according to the smaller regres-
sion coefficients of this variable, ranging from 0.04 to 0.09 across various years. Its influence
on cotton distribution was negative in approximately 70% of the cotton area, mainly con-
centrated in the city of Karamay, adjacent to the western side of the Junggar Basin. The
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spatial non-stationarity of the SD is slightly greater than that of ELE, with its regression
coefficients varying markedly across different regions from 2000 to 2015. On the whole,
the positive effects of SD outweighed its negative effects. However, its synergistic stress
with high temperature or drought should be paid more attention. The SLO had greater
local influential power on cotton distribution and mainly positive effects, with a regression
coefficient between —8.59 and 5.58. The average slope value in the cotton planting area is
less than 5°, generally belonging to the category of gentle-slope land and highly suitable
for cotton cultivation. For the TEM, the local impact on cotton distribution was relatively
weak because of the fewer areas with high values of the regression coefficient. RO had
greater spatial non-stationarity, with high values and standard deviation of the regression
coefficient in comparison to other factors. The areas with a stronger effect are mainly
located in the west of the Changji Hui Autonomous Prefecture and Karamay City. Finally,
it can be observed that spatial differences in impacts of the GDP are also not ignored. The
effect is predominantly positive, with approximately 67% of the analysis units exhibiting
a regression coefficient greater than zero. Areas with dominant influence are primarily
concentrated in the central and western regions of the Bortala Mongolian Autonomous
Prefecture, the central and southern parts of the Tacheng Prefecture, and the northwestern
area of the Changji Hui Autonomous Prefecture.
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Figure 8. Spatial distribution of GWR coefficients for key explanatory variables: (a) ELE; (b) SD;
(c) SLO; (d) TEM; (e) RO; and (f) GDP.
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4. Discussion
4.1. Spatial Scale Effects on Exploring for Drivers of Cotton Spatiotemporal Patterns

Understanding and simulating scale effects is a prerequisite for accurately analyzing
spatial patterns and geographic processes. The size of spatial scales presents the balance
between the granularity of the study and the strength of interpretation. The choice of
finer scales brings an increase in data volume, computational demands, and analytical
complexity, although there is more detailed information at a finer scale. Conversely, for
the coarser scales, the manifestation of spatial characteristics for geographic variables is
limited [47,48]. The scale effects are the fact that the statistical indicators of variables and
multi-attribute correlations change with scales. Therefore, this study employed the LESH
model to calculate the average OPD value of 11 explanatory variables in order to analyze
the comprehensive impacts of these variables on cotton spatiotemporal patterns at different
scales and identify the optimal scale for the spatial heterogeneity of cotton distribution
(Figure 9). It can be observed that the OPD value changed in accordance with spatial scales
in a fluctuating manner, with rising—decreasing values based on the fitting of the locally
estimated scatterplot smoothing model. The highest value was reached at the 17 km scale.
Therefore, we chose 17 km as the optimal scale for analysis.

0.8
0.7
2 o6
(@)
0.5
* Max OPD
04 Boxplot
— LOESS fitting curve
5 10 151617 1819202122 25 30 35

Scale (Km)
Figure 9. Optimal research scale.

4.2. Interpretations of Driving Forces of Cotton Spatiotemporal Variability

The formation of the spatiotemporal patterns for cotton cultivation is the result of the
combining effect of internal and external factors. The analysis of driving forces of cotton
spatiotemporal variability from the perspective of spatial heterogeneity and dependence
can provide important support for optimizing crop planting and improving resource
utilization efficiency. This study proposed the combination of the LESH and GWR models
to explore the global and local influential strength of various kinds of factors impacting the
spatiotemporal patterns of cotton in the NSTM. The global dominant factors influencing the
spatiotemporal variability of cotton cultivation patterns from 2000 to 2020 were identified
as ELE, SD, SLO, TEM, RO, and GDP. To some extent, this result is consistent with previous
studies [49,50]. For example, Zhu et al. [51] identified geographic region and temperature as
primary drivers using the geographical detector, which aligns with our findings. However,
this study did not provide local-scale descriptions or clearly quantify the contributions of
interacting factors, although it did assess factor importance at the global scale. It is found
that ELE is the primary driver of cotton distribution. This is because climatic conditions
are different at various altitudes, directly affecting the suitability of the area for cotton
cultivation and yield. About 95% of cotton areas in the NSTM are situated at low altitudes.
However, with the expansion of the cotton planting area, the potential for cotton cultivation
in the middle-altitude marginal has been increasing since 2015. This is attributed to global
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warming and the optimization of varieties and agricultural technologies. Additionally, this
study also detected local positive effects of elevation on cotton-planting patterns and the
influence of strong interactions between this factor and other factors. The SD in climatic
variables is the second explanatory power of cotton-planting patterns. Sufficient sunlight is
one of the key factors for high yield and quality of cotton, while insufficient sunlight affects
the photosynthesis and dry matter accumulation of cotton. Over the past few decades,
temperature and sunshine duration in the north of Xinjiang have been on an upward
trend [52]. The nonlinear interaction between SD and TEM in the NSTM is relatively strong,
which can lead to an earlier start of the cotton sowing time and a later end of the dormancy
time, namely an overall extension of the growing period in the field. However, we found
that the explanatory power of the SD on cotton distribution had been weakening from
2000 to 2020. This may be related to improvements in modern cultivated varieties, reducing
cotton’s sensitivity to sunshine.

RO, PRE and GDP are three variables with moderate explanatory power for the
evolution of cotton spatiotemporal patterns. The long-term change trend of RO in the
NSTM was not significant over the 20 years, while the cycle fluctuation was obvious,
with the distribution of low in the northwest and high in the southeast. This did not
correspond to the distribution of irrigation water demand during the entire growth period
of cotton [53]. Therefore, the global and local influences of RO and its interactions with
TEM or the SD are the important considerations in the optimization of cotton planting scale
and distribution. Furthermore, GDP is an influencing factor that cannot be ignored in the
evolution of cotton-planting patterns in the NSTM. Since 2000, the GDP in the study area
has been trending upward and increasing in explanatory power over cotton distribution,
according to the increased OPD values obtained by the LESH model, with particularly
significant positive effects in the local districts. When the GDP increases, subsidies and
technological investments rise. Mechanization can be easily adopted in the study area with
gentle slopes, indicating that the newly formed cotton land has spatial associations with
the socio-economic variables.

The LESH model explores interactions among multiple factors at the global scale and
quantifies the contributions of individual factors, while the GWR model captures local
variations by allowing regression coefficients to vary across geographic locations. By com-
bining LESH and GWR, this study provides a more detailed and interpretable assessment
of the spatiotemporal evolution of cotton-planting patterns in the NSTM over the past
20 years, from both global and local perspectives. Despite this, the study chose to observe
fewer human factors that affect the cotton planting distribution, such as market supply,
policy and regulations, technological innovation, and other explanatory factors. Cotton,
as a globally significant economic crop, exhibits production fluctuations influenced not
only by natural factors but also by anthropogenic drivers such as technology adoption
and cotton price volatility, which can induce variations in its cultivation patterns across
different years. However, the fine-scale spatial quantification of these factors remains a
substantial challenge. Furthermore, the weakening nonlinear interaction between the vari-
ables detected by this study indicates partial synergy between variables, but the combined
effect does not achieve a full linear superposition. Such behavior may arise from partial
redundancy, mutual inhibition, or shared dependence on an underlying latent mecha-
nism. Quantifying this latent mechanism is critical for providing more precise guidance in
optimizing cotton planting.

5. Conclusions

This study proposed the combination of the LESH and GWR models to reveal the
drivers of the spatiotemporal distribution of cotton in the NSTM from 2000 to 2020 from
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the perspective of spatial heterogeneity. First of all, we generated the cotton planting
distribution in the NSTM from 2000 to 2020 using the long time series images of Landsat on
the GEE platform. The area of cotton planting in the study area has increased rapidly, with
an average annual growth rate of 2.10 x 103 km?/year. The counties in the central and
western parts of the NSTM were the main cotton-planting areas. The cotton distribution
exhibited the pattern of high—high and low-low agglomeration in the NSTM. Cold spot
areas of cotton were primarily concentrated in the northwestern and central-eastern parts
of this region, while hot spot areas generally extended from the western region toward the
central part of the study area over the 20 observed years.

Based on the spatiotemporal evolution and regional differentiation characteristics
of cotton planting, it is found that the dominant factors explaining the spatiotemporal
patterns of cotton are the ELE, SD, SLO, TEM, RO, and GDP, according to the LESH and
GWR models over the 20 years observed in the NSTM. Moreover, these factors exhibit
different spatial effects on cotton distribution in the local areas over the 20 years. The
average OPD value of ELE is the highest, explaining the average 40% spatial heterogeneity
of the cotton spatiotemporal distribution. The explanatory power of the SD from climate
variables ranked second and had weakened over the 20 years. The SLO is one of the stable
factors affecting cotton distribution, with similar OPD values across different years. The
explanatory power of TEM showed an upward trend over the 20 years. The three factors of
RO, PRE, and GDP exhibited moderate explanatory power over the spatial heterogeneity of
cotton spatiotemporal distribution in the NSTM. It is noteworthy that the mean OPD value
of the GDP was relatively low from 2000 to 2020 but increased progressively over time.

In addition to examining the impacts of individual factors, this study quantitatively
evaluated the influence of interactions between two variables on the evolution of cotton
spatiotemporal patterns. The interactions between ELE and other variables demonstrated
the primary explanatory power over cotton distribution, followed by those between cli-
matic and socio-economic variables. Notably, the interactions between the GDP and other
variables intensified with the increase in the GDP in the NSTM over the 20 years. This indi-
cates that the consideration of their synergistic interactions is essential for optimization of
cotton planting distribution, particularly the underlying mechanisms of mutual inhibition
or interdependence between these factors.
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Abbreviations

The following abbreviations are used in this manuscript:

GWR  Geographically Weighted Regression method

SSH Spatially stratified heterogeneity

PD Power of determinants

OPD Optimal power of determinants

GOZH  Geographically optimal zones-based heterogeneity



Agriculture 2025, 15, 2163 17 of 19

SHAP  Shapley Additive Explanations

LESH  Locally explained stratified heterogeneity model
SPD SHAP power of determinants

NSTM  Northern slope of the Tianshan Mountains
™ Thematic mapper

OLI Operational land imager

RF Random forest

GEE Google Earth Engine

OA Overall Accuracy

PA Producer’s accuracy

UA User’s Accuracy

MK Mann-Kendall
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