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Abstract

This study examines the multi-scale relationships between extreme climate indices and
maize yield from a hydrothermal perspective, across both temporal (long-term trends,
interannual anomalies, and abrupt changes) and spatial (regional and grid) scales in the
Chengdu—Chonggqing region, using long-term meteorological (1985-2025) and crop yield
(1982-2015) datasets. Results reveal pronounced warming and drying trends, characterized
by increasing warm-related temperature extremes and consecutive dry days, along with
a decline in cold extremes. A shift toward drier conditions occurred around 2005, while
temperature extremes have exhibited stepwise changes since the late 1990s. Maize yield
shows a significant upward trend with an abrupt increase around 1997, closely linked
to reduced cold stress. Scale-dependent analyses reveal that climate-yield relationships
are primarily expressed through long-term hydrothermal changes rather than short-term
variability, with maize yield showing positive responses to warm conditions and prolonged
dry spell duration, and negative responses to cold extremes and excessive precipitation. In
contrast, relationships based on interannual anomalies are weak and spatially inconsistent,
suggesting limited sensitivity of yield to short-term climate variability due to system
buffering and agricultural adaptation. Spatially, climate-yield relationships exhibit marked
heterogeneity, with temperature constraints dominating in the western region and moisture-
related effects being more pronounced in the central-eastern basin. Mechanistically, abrupt
change analysis indicates two distinct controls: cold extremes act as threshold constraints
associated with rapid yield shifts, whereas warming and drying exert gradual cumulative
effects on productivity. Overall, maize yield dynamics are more strongly associated with
long-term hydrothermal evolution than interannual variability, highlighting the importance
of distinguishing temporal scales, hydrothermal regimes and long-term agricultural system
evolution in climate—crop assessments under ongoing climate change.
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droughts, and floods, particularly in ecologically sensitive regions such as Southwest
China [5-7].

Meanwhile, the potential for expanding cultivated land in China is limited, making
yield improvement per unit area a key pathway for ensuring food security [8,9]. Maize, one
of the most important staple crops globally, plays a crucial role in this context. Therefore,
understanding how extreme climate variability affects maize production is of critical
importance. Depending on regional conditions and crop varieties, climate variability may
produce either positive or negative effects on maize yield [5].

Previous studies have employed various approaches to assess the climate impacts
on crop yields, including process-based crop models, statistical analyses, and field experi-
ments [5,10-13]. These studies indicate that climate change can exert both beneficial and
adverse effects on crop production [5]. For instance, global warming has been associated
with significant yield reductions, with maize yields decreasing by approximately 7.5% per
°C increase in temperature [14]. However, considerable spatial heterogeneity exists, and
in some regions warming may extend the growing seasons or increase cropping intensity;,
partially offsetting negative impacts [15].

Climate change affects crop yields through multiple pathways, including heat stress,
drought stress, and compound extreme events. High temperatures during critical growth
stages, particularly flowering and grain filling, can reduce pollen viability and disrupt pol-
lination, leading to yield losses [16-18]. In addition, compound dry-hot events can amplify
these effects, resulting in more severe reductions in maize production [19,20]. These inter-
acting processes introduce substantial uncertainty in crop responses to climate variability.

Despite these advances, most existing studies have focused on the magnitude and
mechanisms of climate impacts, while relatively limited attention has been given to the
temporal consistency between extreme climate changes and crop yield dynamics. In
particular, it remains unclear whether trends and abrupt changes in extreme climate indices
are synchronized with those of maize yield, or whether temporal mismatches and time lag
effects exist across different spatial scales.

The Chengdu—Chongqing area, located in the western hilly region of western
China [21], is highly sensitive to climate variability due to its complex terrain and reliance
on rainfed agriculture. Since the late 1990s, this region has experienced a significant increase
in extreme warm events and compound dry-hot extremes, including severe droughts in
2006 and during 20092011, which caused substantial agricultural losses [6,22-25]. How-
ever, systematic assessments of the co-evolution of extreme climate indices and maize yield
in this region remain limited.

To address this gap, this study conducts a multi-scale assessment of extreme climate in-
dices and maize yield in the Chengdu-Chongging region. Using long-term meteorological
data (1985-2025) and maize yield data (1982-2015), we (1) quantify temporal trends using
the Mann-Kendall test and the Theil-Sen slope estimator, (2) detect abrupt changes using
the Pettitt test, and (3) evaluate the consistency between climate extremes and maize yield
at both regional and grid scales. This study aims to provide new insights into climate-crop
interactions, thereby supporting agricultural adaptation under climate change.

2. Study Area

The Chengdu—Chonggqing area is located in the upper reaches of the Yangtze River
within the Sichuan Basin of southwestern China, covering an area of ~185,000 km? and
including the central urban districts and 27 counties of Chongging Municipality as well as
15 cities in Sichuan Province [26].

Topographically, the region lies on the second step of China’s three-tiered terrain and
exhibits complex and diverse landforms. It is surrounded by mountains and plateaus,
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while the central basin consists mainly of plains and low hills with an average elevation of
200-500 m a.s.l. [27]. The study area extends from the Wumeng Mountains in the south to
the Qinling Mountains in the north, and from the Min-Daliang Mountain in the west to the
Daba-Wushan Mountains in the east, forming a distinct pattern of elevated margins and a
low-lying central basin (Figure 1).

Elevation(m)

6000 5000 4000 3000 2000 1000 150

32°

30° N

28°

Figure 1. Study area and hilly croplands. (a) Topographic characteristics of the Sichuan Basin.
(b) Geographic location of the Chengdu—Chongging region within China. (c) Field photograph of
representative hillslope croplands in the study area.

The Sichuan Basin is characterized by a humid and cloud-prone climate, with high rel-
ative humidity, frequent cloud cover, and limited sunshine duration [28]. These conditions
are strongly influenced by the surrounding basin topography, which promotes water vapor
convergence and frequent fog formation [29]. As a result, the region exhibits relatively low
surface solar radiation compared to other regions at similar latitudes.

Agricultural resources show strong spatial heterogeneity due to geomorphological
differences. The Sichuan portion is dominated by fertile alluvial plains with abundant
arable land, while the Chongqing portion is characterized by more complex terrain, in-
cluding hills, mountains, and karst landscapes [21,30]. By 2022, the cultivated land area
reached ~10.6 million hectares, with a land reclamation rate of 28.6%, making the region
an important national grain production base [27]. Agriculture in hilly and mountainous
areas is largely based on rainfed systems [31]. Maize cultivation on sloping farmland
primarily depends on natural precipitation, with relatively limited management inputs
such as fertilization and weed control, making crop production highly sensitive to climate
variability and extreme events. Based on a 30 m resolution maize distribution dataset for
2015 [32], maize cultivation covered approximately 6.99% of the total study area. Despite
the highly fragmented nature of hillslope croplands in the Chengdu—Chongqing region,
maize cultivation remains widely distributed across the study area.

3. Data Sources and Methods
3.1. Data Sources and Preprocess

The meteorological data used in this study were obtained from the agrometeorological
indicators reanalysis dataset (1985-2025) provided by the Copernicus Climate Change Ser-
vice (accessed on 5 March 2025) [33]. The dataset has a horizontal resolution of 0.1° x 0.1°
and a daily temporal resolution. We extracted daily precipitation flux (mm/day), daily
maximum temperature (K), and daily minimum temperature (K). Extreme temperature
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and precipitation indices were calculated following the definitions of the Expert Team on
Climate Change Detection and Indices (ETCCDI) [34] (Table 1).

Table 1. Definition of Extreme climate indices [34].

Category Index Name Definition Unit
Annual count of days
FD Frost days when TN < 0 °C days
Annual count of days
SU Summer days when TX > 25 °C days
. Percentage of days o
TN10p Cool nights when TN < 10th percentile &
Extreme
Percentage of days o
temperature TX10p Cool days when TX < 10th percentile o
index P fd
. ercentage ot days o
TN90p Warm nights when TN > 90th percentile &
Percentage of days o
TX90p Warm days when TX > 90th percentile o
TNn Min Tmin Annual minimum value of TN °C
TXx Max Tmax Annual maximum value of TX °C
Consecutive dry Maximum number of
DD days consecutive days with RR <1 mm days
Consecutive wet Maximum number of
CWD days consecutive days with RR > 1 mm days
Heavy precipitation Annual count of days
R10 days when RR > 10 mm days
R20 \./e1jy heavy Annual count of days days
Extreme precipitation days when RR > 20 mm
precipitation Annual total precipitation
index R95p Very wet days when RR > 95th percentile mm
Annual total precipitation
R9%p Extremely wet days when RR > 99th percentile mm
RX1day 'Max.l—day Annual maximum .
precipitation amount 1-day precipitation
Simple daily Annual total precipitation divided
SDII intensity index by the number of wet days (RR > 1 mm) mm/day
PRCPTOT Annual total Annual total precipitation mm

precipitation in wet days (RR > 1 mm)

RR: daily precipitation amount (mm/day); TX: daily maximum temperature (°C); TN: daily minimum temperature.

Maize yield data were obtained from the Global Major Cereal Crop Yield Dataset
(1982-2015) [35], provided by the National Ecosystem Science Data Center. The dataset
has a horizontal resolution of 5 arc-min (approximately 10 km x 10 km) and an annual
temporal resolution, with maize yield expressed in kg/ha.

For trend and abrupt change analyses, extreme climate indices and maize yield were
analyzed using their native spatial resolutions. For correlation analysis, the two datasets
were treated differently depending on the scale of analysis. At the regional scale, cor-
relations between extreme climate indices and maize yield were calculated using their
respective time series without spatial resampling. At the grid scale, however, the extreme
climate indices were first resampled to a 10 km x 10 km resolution to match the maize
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yield dataset, and Spearman rank correlation was then performed between each extreme
climate index and maize yield for each grid cell.

Due to differences in temporal coverage between the climate dataset (1985-2025) and
the maize yield dataset (1982-2015), different time windows were adopted for different
types of analyses. Specifically, trend detection and abrupt change analyses were conducted
using the full available time series for each dataset to maximize the robustness of long-term
signal detection. In contrast, for correlation analysis and trend consistency assessment
between extreme climate indices and maize yield, only the overlapping period (1985-2015)
was used to ensure temporal comparability and avoid spurious relationships arising from
mismatched time spans.

3.2. Trend Detection

In this study, we conducted trend analyses of extreme climate indices and maize yield
in the Chengdu—Chongging region at both the regional (whole-area) and grid scales using
Theil-Sen slope [36], Mann-Kendall trend test [37], and Pettitt abrupt change test [38]. At
the regional scale, annual spatial averages of all grids within the study area were calculated
for each climate index and maize yield, generating time series spanning multiple decades.
The Theil-Sen slope and Mann-Kendall test were then applied to these time series to
quantify the overall trends, while the Pettitt test was used to detect abrupt change years.
At the grid scale, time series were extracted for each grid cell, and the same methods were
applied to evaluate local trends and abrupt changes. This approach allowed us to derive
both the spatial distribution of Theil-Sen slopes and the spatial pattern of abrupt change
years for extreme climate indices and maize yield across the study area.

(1) Theil-Sen slope estimation

The Theil-Sen slope estimator is a non-parametric method used to quantify the magni-
tude of a trend in a time series [36]. It calculates the slopes between all pairs of observations
in the time series and uses the median of these pairwise slopes as a robust estimate of the
overall trend. The formula for the Theil-Sen slope is given as follows:

. Xj— Xi . .
S_slope = medzan( ;,71, >, i<j (1)
where S_slope represents the Theil-Sen estimator, defined as the median of the slopes
calculated from all pairs of observations in the sample. The magnitude of S_slope indicates
the strength of the trend: A positive value denotes an increasing trend, whereas a negative
value indicates a decreasing trend over the study period. x; and x; represent observations
at times i and j, respectively.

However, the Theil-Sen estimator alone does not evaluate the statistical significance of
the detected trend. Therefore, it is commonly used in combination with the Mann-Kendall
Trend Test, which is applied to assess the significance of monotonic trends in a time series.

(2) Mann-Kendall trend test

The Mann-Kendall Trend test is a non-parametric statistical method widely used
to detect monotonic trends in hydroclimatic time series [37]. For a given time series
xj = (x1,%2,...,xn), the test statistic S is defined as:

5= 27:_11 ZZ:]‘H sgn (i — xj) (2)

where 1 denotes the sample size and sgn is the sign function defined as:

1xg—x;>0
sgn(x —xj) = ¢ Oxp—xj =0 (3)
—1lxp—x; <0
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when the sample size n > 10, the statistic S approximately follows a normal distribution.
The variance of S is calculated as:

n(n—1)(2n+5)

Vas(S) = 13 4)
The standardized test statistic Z is calculated as:
S-L_5>0
Var(S)
Z = 0S=0 (5)
S+1 S<0

v/ Var(S)

The statistic Z follows a standard normal distribution. At a given significance level «,
the null hypothesis of no monotonic trend cannot be rejected if |Z|< Z;_, /;; otherwise, it
is rejected, indicating a statistically significant trend. For significance levels of « = 0.05 and
« = 0.01, the corresponding critical values are Z;_, /» = 1.96 and 2.58, respectively.

(3) Pettitt abrupt change test

The Pettitt abrupt test is a non-parametric method widely used to detect a single
abrupt change in the central tendency of a time series [38]. For a time series x1, xp, . .., x, of
length n, the test statistic is based on the ranks of the observations. First, assign ranks r; to
each observation x; in ascending order.

1x; > Xj
v = Oxi:xj (6)
—1x < X

where j-th in the time series x1, x3, .. ., x,;. For each possible change point t (1 <t <n), the
Pettitt statistic U; is defined as:

U =2) " 71— tn+1) 7)

where t denotes the candidate abrupt year. Then, the test identifies the change year t* at

which the absolute value of U; is maximized K = 1"%}_, |U;|. The corresponding time ¢ is

considered the estimated abrupt change year.

—6K2
n3+n?
significance level «, the null hypothesis of no change is rejected if p < «, indicating a

Finally, the approximate p-value of K is calculated as: p ~ ZeXp[ } . Ata given
statistically significant abrupt shift in the time series at t*. The Pettitt test is distribution-free
and suitable for non-normal data. It detects only a single change point, typically in the
median of the series. It is often used in combination with trend tests (e.g., Mann—-Kendall)
to distinguish gradual trends from abrupt regime shifts in climate and crop data.

3.3. Trend Consistency Analysis

The Spearman rank correlation coefficient (p) is a non-parametric measure used to
assess the strength and direction of the monotonic relationship between two variables [39].
Analyses were conducted at both the regional and grid scales.

Direct correlation analysis between raw climate variables and maize yield may be
influenced by long-term trends and non-stationarity in the time series, which can confound
the interpretation of climate-crop relationships. To better distinguish the effects of long-term
climate change and interannual variability on maize yield, a trend-anomaly decomposition
approach was adopted prior to correlation analysis.

In this study, the time series of extreme climate indices and maize yield were decom-
posed into trend and anomaly components using locally weighted polynomial regression
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(LOESS). LOESS is a non-parametric smoothing technique that fits a smooth curve to a time
series through localized regressions without assuming a predefined functional form [40].
This property makes it particularly suitable for capturing nonlinear and nonstationary
trends in climate and agricultural data [41].

For a given time series x(t), the decomposition can be expressed as:

x(t) = xtrend(t) + xunamaly(t) 8)

where X,.,,4(t) represents the long-term trend component derived from LOESS smooth-
ing, and X;uomaty (t) represents the residual component defined as the deviation from the
fitted trend.

Based on this decomposition, two types of correlation analyses were conducted at
both the regional and grid scales over the overlapping period (1985-2015): (i) Trend
correlation analysis: Spearman correlation between the trend components of climate indices
and maize yield, used to evaluate the influence of long-term climate change on yield
evolution. (ii) Anomaly correlation analysis: Spearman correlation between the anomaly
components of climate indices and maize yield, used to assess the sensitivity of maize yield
to interannual climate variability.

Statistical significance was assessed to identify meaningful associations, with p-values
indicating the likelihood that the observed correlations could occur by chance. All corre-
lation analyses were performed using the overlapping period (1985-2015) to ensure time
span consistency between datasets.

In addition, to assess the spatial consistency of abrupt changes between maize yield
and extreme climate indices at the grid scale, we calculated the difference in change-point
years for each grid cell, defined as: AT = Yieldye,y — Climateye,;. In practice, perfect
alignment of change-point years is not required due to interannual variability. Therefore, a
tolerance window of +2 years was applied, and grid cells with |AT|< 2 were considered
to exhibit consistent abrupt changes between climate and maize yield. This approach
provides an intuitive spatial representation of the coupling between climate extremes and
crop response, allowing identification of regions where maize productivity is most sensitive
to abrupt climate events.

4. Results
4.1. Spatial and Temporal Variations in Extreme Precipitation Indices

The spatial distribution of extreme precipitation indices revealed distinct patterns
across the study region (Figure 2). CDD exhibited a central-high pattern, with the highest
values concentrated in the northwestern part of the study area and lower values toward
the margins. In contrast, the other indices generally displayed higher values along the
basin margins and lower values in the central region, although the precise locations of the
maximum values varied among indices. This margin-high, center-low pattern suggests
that, while the magnitude and exact location of extreme events differ among indices, the
overall spatial trend is broadly consistent across the study region.

These spatial patterns largely reflect the physical meaning of the indices. CDD quanti-
fies the duration of consecutive dry days, which explains its central-high distribution [34].
By contrast, the other indices primarily characterize precipitation amount, intensity, or
wet-day frequency, leading to a margin-high, center-low pattern. Thus, while the spatial
contrast is consistent, the locations of extreme values differ among indices.
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Figure 2. Spatial distribution, temporal trends, and abrupt changes of extreme precipitation indices
in the Chengdu—Chongging region. The left column shows the spatial distribution of the median
values of each extreme precipitation index. The middle column presents temporal variations and
linear trend lines estimated using Sen’s slope, where the red solid lines represent the Sen’s slope
trends. The right column shows the abrupt change detection results based on the Pettitt test, where
the red dashed vertical lines indicate the detected change-point years. |U;| represents the absolute
value of the Pettitt statistics. Statistical significance was assessed at p < 0.05.

In terms of temporal variation over the study period (1985-2025), several indices did
not exhibit significant long-term trends. Specifically, CWD, R20mm, R95p, R99p, RX1day,
and SDII showed no statistically significant trends (p > 0.05). In contrast, CDD, R10mm,
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and PRCPTOT exhibited significant trends (p < 0.05). Among these, CDD had a positive
Sen’s slope, indicating an increasing trend in consecutive dry days, whereas R10mm and
PRCPTOT had negative Sen’s slopes, reflecting a decline in heavy precipitation events and
total precipitation. Together, these trends indicate an overall increase in dry days and a
reduction in precipitation amounts over the study region.

Change-point analysis further indicated that CWD, R20mm, R95p, R99p, RX1day, and
SDII did not undergo significant abrupt shifts during the study period (p > 0.05). For the
remaining three indices, significant changes were detected around 2005: CDD, R10mm,
and PRCPTOT. Prior to approximately 2005, CDD values were generally lower, increasing
thereafter, while R10mm and PRCPTOT tended to decrease following this transition. These
results indicate a transition from relatively wetter to drier conditions around 2005.

At the grid scale (Supplementary Figure S1), the spatial patterns of precipitation
trends were further examined. Most grid cells for CWD, R20mm, R95p, R99p, RX1day,
and SDII did not show significant trends (p > 0.05). In contrast, R1I0mm and PRCPTOT
exhibited significant decreasing trends mainly in the northeastern part of the Sichuan Basin.
Meanwhile, CDD showed significant positive trends across most of the eastern part of
the study region (p < 0.05), indicating a pronounced increase in drought duration in the
central-eastern basin.

The spatial distribution of abrupt change years (Supplementary Figure S2) showed
that CWD, R20mm, R95p, R99p, RX1day, and SDII lacked significant shifts. For CDD,
significant changes occurred between 1995 and 2013, with the timing shifting from earlier
years in the west on to later in the east, indicating a west-to-east progression of drying.
Similar patterns were observed for R10mm, while PRCPTOT showed changes mainly in
the east without a clear spatial gradient.

4.2. Spatial and Temporal Variation in Extreme Temperature Indices

The spatial distribution of extreme temperature indices exhibited clear regional pat-
terns (Figure 3). FD showed higher values along the mountainous margins and lower
values in the central basin, reflecting more frequent frost at higher elevations. In con-
trast, SU, TNn, and TXx displayed the opposite pattern, with higher values in the basin
center. Percentile-based indices show more complex spatial patterns: TN90p and TX90p
were higher values in the northeastern region, while TN10p and TX10p were higher in
the northwest.

These patterns are primarily controlled by topography and elevation-dependent ther-
mal processes, including temperature lapse rates, cold-air pooling within the basin, and
enhanced nocturnal radiative cooling over mountainous terrain. FD reflects frost occur-
rence, which is enhanced at higher elevations and under stronger nocturnal cooling in the
surrounding mountains, while the low-elevation central basin experiences fewer frost days.
SU, TXx, and TNn indicate extreme high temperatures, which are more frequent in the
basin center due to heat accumulation.

Percentile-based indices, such as TN10p, TX10p, TN90p, and TX90p, quantify the
relative frequency of extreme temperature events based on local climatological thresholds.
TN90p and TX90p, representing extreme hot events, reach their highest values in the
northeastern part of the study area (the Three Gorges Reservoir region) and decrease
toward the central and western basin, reflecting greater heat accumulation in the open
northeastern basin. In contrast, TN10p and TX10p, representing extreme cold events,
exhibit higher values in the central and western regions (e.g., the Chengdu Plain and
the central hilly areas of the Sichuan Basin) and lower values in the northeast, consistent
with stronger nocturnal cooling and lower elevations in the western basin. This interplay
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between topography and local thermal dynamics underlies the observed heterogeneous
spatial distribution of percentile-based temperature extremes [42].
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Figure 3. Spatial distribution, temporal trends, and abrupt changes of extreme temperature indices.
The left column shows the spatial distribution of the median values of each extreme temperature
index. The middle column presents temporal variations and linear trends estimate derived using
Sen’s slope. The right column shows the abrupt change detection results based pm the Pettitt test. In
the abrupt change analysis, |U;| represents the absolute value of the Pettitt statistics. Red solid lines
in the trend analysis indicate Sen’s slope fitted trends, while red dashed vertical lines indicate the
detected change-point years. Statistical significance was assessed at p < 0.05.

In terms of temporal variation during 19852025, frost days (FD) and the minimum of
daily minimum temperature (TNn) exhibited no significant long-term trends (p > 0.05). In
contrast, the frequency of cold events, represented by TN10p and TX10p, showed significant
decreasing trends (negative Sen’s slopes, p < 0.05), while indices associated with warm
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conditions—including summer days (SU), TXx, TN90p, and TX90p—displayed significant
increasing trends (positive Sen’s slopes, p < 0.05). These results collectively indicate a
pronounced warming trend, characterized by increasing hot extremes and decreasing
cold extremes.

No significant abrupt changes were detected for FD and TNn over the study period.
However, several other indices exhibited clear change points: TN10p and TX10p around
1997; SU, TN90p, and TX90p around 2004-2005; and TXx around These shifts suggest a
stepwise transition toward warmer conditions in the Sichuan Basin, particularly since the
late 1990s [43].

At the grid scale (Supplementary Figure S3), significant trends in FD and TNn were
mainly confined to the western margins of the study area, while most grid cells within
the basin showed no significant changes, indicating relatively stable cold extremes across
the region. In contrast, TN10p and TX10p exhibited widespread negative trends across
the entire study area, with stronger decreases in the western region and weaker changes
toward the east, highlighting clear spatial heterogeneity in the reduction in cold events.
Conversely, SU, TXx, TN90p, and TX90p all showed positive trends, with stronger warming
signals in the western region that gradually weakened toward the east.

Grid-scale change-point analysis (Supplementary Figure S4) further revealed spatial
heterogeneity. Significant abrupt changes in FD and TNn were primarily detected along
the margins of the study area. TX90p exhibited relatively consistent change years across the
region, mainly around 2011. In contrast, SU showed earlier changing year in the eastern
region and later ones in the west, while TXx exhibited an earlier transition in the north and
a later shift in the south. TN90p, TN10p, and TX10p generally displayed earlier changes in
the western region and progressively later changes toward the east.

4.3. Spatial and Temporal Variation in Maize Yield

The spatial distribution of maize yield did not show strong spatial contrasts across
the study region (Figure 4). However, clear temporal trends were observed. From
1982 to 2015, maize yield exhibited a significant increasing trend, with a Sen’s slope of
82.730 kg ha—! yr~!. The increasing trend is consistent with that of the maize yields in
China [5]. Change-point analysis revealed a significant abrupt shift around 1997 (p < 0.05).
Before 1997, maize yield increased more rapidly, whereas after this year the growth
rate slowed.
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p<0.05
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o o o

o o o

o o o
L

Latitude
w
o
4000 5000 6000
Maize yield (kg/ha)

Maize yield (kg/ha)

102 105 108 000 1990 2000 2010 1990 2000 2010
Longitude Year Year

Figure 4. Spatial distribution, temporal trends, and abrupt changes of maize yield in the Chengdu-
Chongging region. The left column shows the spatial distribution of maize yield across the study
area. The middle column presents temporal variations and linear trend estimates derived using
Sen’s slope. The right column shows abrupt change detection results based on the Pettitt test. In
the abrupt change analysis, |U;| represents the absolute value of the Pettitt statistics. Red solid lines
in the trend analysis indicate Sen’s slope fitted trends, while red dashed vertical lines indicate the
detected change-point years. Statistical significance was assessed at p < 0.05.

At the grid scale (Supplementary Figure S5), maize yield increased more slowly in the
western part of the study region, particularly in the northwestern areas. In contrast, yield
increases were more pronounced in the eastern part, especially in the northeastern region.
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Most grid cells exhibited abrupt changes around 1995, indicating a relatively synchronous
shift in maize productivity across the basin.

4.4. Rank Correlation Between Maize Yield and Extreme Precipitation Indices

Maize yield exhibits markedly different relationships with extreme precipitation in-
dices at the trend and anomaly levels. At the trend level, maize yield shows strong and
statistically significant correlation with several precipitation indices (Table 2; Supplemen-
tary Figure S6). Specifically, maize yield is positively correlated with CDD (p = 0.97,
p < 0.01), while it is negatively correlated with CWD, R10mm, R20mm, R95p, SDII, and
PRCPTOT (p < 0.05 or p < 0.01). These results indicate a robust linkage between long-term
changes in precipitation regimes and maize yield evolution.

Table 2. Rank correlation between extreme precipitation indices and maize yield.

Trends Anomaly

CDD 0.97 ** 0.13

CWD —0.58 ** —0.04
R10mm —0.68 ** 0.25
R20mm —0.73 ** 0.21
R95p —0.73 ** 0.26
R99p —0.14 0.21
RX1day 0.02 0.14
SDII —0.36* 0.31
PRCPTOT —0.73 ** 0.19

* indicates significance at the 0.05 level; ** indicates significance at the 0.01 level.

In contrast, at the anomaly level, none of the correlation between precipitation indices
and maize yield are statistically significant (p > 0.05; Table 2; Supplementary Figure S7).
The correlation coefficients are generally weak, suggesting that interannual variability
in extreme precipitation exerts only a limited influence on year-to-year fluctuations in
maize yield.

Together, these findings demonstrate that the relationship between precipitation ex-
tremes and maize yield is primarily expressed through long-term co-evolutionary trends
rather than short-term variability. This contrast further suggests that maize production in
the study region is more strongly constrained by persistent hydroclimatic conditions than
by interannual precipitation fluctuations.

At the grid scale, the relationships between extreme precipitation indices and maize
yield trends exhibit pronounced spatial heterogeneity (Supplementary Figure S8). Overall,
CDD shows predominantly positive correlations with yield trends across most of the
study area, indicating that longer dry spells are generally associated with yield increases.
In contrast, most precipitation-related indices, including CWD, R10mm, R20mm, and
PRCPTOT, display mainly negative correlations, particularly over the central and eastern
regions, implying that increased precipitation frequency or total amount may suppress
maize yield.

Notably, R99p and RX1day exhibit a clear west—east contrast: they are positively
correlated with yield trends in the western region, while negative correlations dominate
in the eastern region. This pattern suggests that the effects of intense precipitation events
are highly region dependent, likely reflecting spatial differences in hydroclimatic condi-
tions or topographic settings. In addition, R95p and SDII show more complex spatial
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patterns, although negative correlations still prevail overall, with only scattered areas of
positive correlations.

At the anomaly level, the correlations between extreme precipitation indices and
maize yield anomalies are generally weak and spatially fragmented (Supplementary
Figure 59). Most grid cells exhibit non-significant relationships (p > 0.05), as indicated
by the widespread gray areas. Statistically significant correlations are confined to limited
regions, mainly in the central-northern part of the study area, and even there, the spatial
extent is small, and the sign varies among indices. No coherent spatial pattern comparable
to the trend-based results is observed.

In contrast to the clear and spatially structured patterns at the trend level, the anomaly-
based results indicate that extreme precipitation plays a much weaker and less consistent
role in explaining interannual yield variability. This discrepancy suggests that the rela-
tionships identified in the trend analysis are primarily driven by long-term co-evolution
between precipitation regimes and crop yield, rather than by direct responses to short-term
fluctuations. In other words, while gradual changes in precipitation conditions can system-
atically influence agricultural productivity, interannual variability in extreme precipitation
does not constitute a stable or dominant control on yield anomalies.

4.5. Rank Correlation Between Maize Yield and Extreme Temperature Indices

Maize yield exhibits markedly different relationships with extreme temperature in-
dices at the trend and anomaly levels (Table 3; Supplementary Figure 510). At the trend
level, maize yield shows strong and statistically significant correlation with most tem-
perature indices. Specifically, maize yield is positively correlated with SU (o = 0.88,
p <0.01), TXx (0 = 0.69, p < 0.01), TNn (o = 0.45, p < 0.01), TN90p (p = 0.92, p < 0.01),
and TX90p (p =0.99, p < 0.01), and negatively correlated with FD (p = —0.49, p < 0.01),
TN10p (p = —0.96, p < 0.01), and TX10p (o = —0.56, p < 0.01). These results reveal a strong
and coherent warming-related signal, indicating that long-term increases in warm extremes
and reductions in cold extremes are closely associated with increasing maize yield.

Table 3. Rank correlation between extreme temperature indices and maize yield.

Trends Anomaly
FD —0.49 ** 0.26
suU 0.88 ** 0.19
TXx 0.69 ** —0.23
TNn 0.45* —0.30
TN10p —0.96 ** 0.22
TX10p —0.56 ** 0.27
TN9Op 0.92 ** —0.11
TX90p 0.99 ** —0.05

* indicates significance at the 0.05 level; ** indicates significance at the 0.01 level.

In contrast, at the anomaly level, none of the temperature indices show statistically
significant correlations with maize yield (p > 0.05; Table 3; Supplementary Figure S11),
although weak positive or negative associations are present. This suggests that interan-
nual fluctuations in temperature extremes exert only a limited influence on year-to-year
yield fluctuations.

Overall, these findings indicate that temperature plays a dominant role in shaping
long-term maize yield evolution through gradual changes in thermal conditions, whereas
short-term variability in temperature extremes has a comparatively minor impact.
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At the grid scale, the relationships between temperature extreme indices and maize
yield trends exhibit clear spatial heterogeneity across the Chengdu—Chonggqing region
(Supplementary Figure 512). The cold-related indices TN10p and TX10p show predomi-
nantly negative correlations, indicating that increased cold frequency is generally detri-
mental to yield. In contrast, warm-related indices, including SU, TXx, TN90p, and TX90p,
display mainly positive correlations across most of the study areas, suggesting beneficial
effects of enhanced thermal conditions.

The index TNn shows a more complex spatial pattern, with positive correlations along
the margins of the study area, and largely insignificant relationships within the interior
(p > 0.05), except for localized negative correlations in the northeastern region. Similarly,
FD exhibits a pronounced west—east contrast, with negative correlations in the western
region and positive correlations in the eastern region, highlighting strong spatial variability
in frost-related impacts.

At the anomaly level, the relationships between temperature extremes and maize
yield anomalies are generally weak and spatially fragmented (Supplementary Figure S13).
Most grid cells show non-significant correlations (p > 0.05), indicating a lack of consistent
interannual linkage. Weak negative correlations are observed for TXx, TNn, TN90p, and
TX90p in a few scattered areas, whereas FD, SU, TN10p, and TX10p exhibit limited and
weak positive correlations, also confined to small regions. Overall, no coherent spatial
pattern emerges at the anomaly level, in sharp contrast to the structured patterns observed
in the trend analysis.

4.6. Abrupt Change Consistency Between Maize Yield and Extreme Climate Indices

At the global scale, we found that among all variables with significant change-point
years, maize yield changes coincided with abrupt shifts in TN10p and TX10p in 1997. At
the grid scale, change-point consistency analysis (Supplementary Figures S14 and S15)
revealed spatial heterogeneity in these relationships. Regions where maize yield and
CDD exhibited similar change years were primarily located in the central basin, whereas
consistent change points with R10mm or PRCPTOT were found mainly in central and
northern areas. For temperature extremes, SU showed consistency with yield changes in
the central and eastern basin, while TXx, TN90p, and TX90p were mainly consistent in
the western region. However, TN10p and TX10p are mainly consistent with maize field
in the northern region of the study area. These patterns suggest that long-term changes
in extreme temperature conditions play a key role in driving shifts in maize productivity
across different parts of the basin.

5. Discussion
5.1. Extreme Climate Change in the Chengdu—Chongqing Area

Warm-related indices such as SU and TXx show significant increasing trends (p < 0.05),
especially in the western part of the Chengdu-Chongqing region. SU represents the
frequency of warm days whereas TXx reflects the intensity of extreme high-temperature
events. Therefore, the observed increases in these indices indicate not only more frequent
warm conditions but also intensified heat extremes across the region. The stronger warming
signals detected in the western region may be related to the higher sensitivity of elevated
terrain to climate change, while heat accumulation within the basin and urban heat effects
may further amplify regional thermal contrast [42,44,45]. These patterns are consistent
with both global and regional warming trends, reinforcing the broader context of climate
warming [46]. Extreme temperatures indices underwent significant abrupt changes around
1997 and 2002. The spatial heterogeneity in the timing of these abrupt changes reflects
differing sensitivities of extreme temperature indices to climate variability, suggesting
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a non-uniform and asynchronous warming process across the region. This asynchrony
may lead to temporally inconsistent or lagged impacts on agricultural systems such as
maize production. This temporal pattern is consistent with prior studies which found
that extreme temperatures indices changed during approximately 1995-2008 [43,47,48].
Importantly, warm-related indices such as SU tend to shift earlier in the eastern region of
Chengdu—-Chongging area, highlighting the non-uniform nature of regional warming and
potentially leading to inconsistent or lagged impacts on maize yield [49].

Regarding precipitation extremes, CDD shows a positive trend, particularly in the
central and east regions of Chengdu-Chonggqing area, suggesting intensified drought
duration in these regions. Extreme precipitation indices experienced significant abrupt
changes around 2005, indicating a transition from relatively wetter to drier conditions
across the study area. Spatially, abrupt change generally occurred earlier in the western
region and later in the eastern regions, indicating a west-to-east progression of drying [50].

5.2. Impact of Extreme Climate Change on Maize Yield

The combined analyses of trends, anomalies, and abrupt changes indicate that maize
yield dynamics in the Sichuan Basin are primarily associated with low-frequency (long-
term) hydrothermal variability rather than high-frequency (interannual) climate fluctua-
tions. The clear contrast between strong and spatially coherent correlations at the trend
level and weak, largely insignificant relationships at the anomaly level suggests a pro-
nounced scale-dependent coupling, whereby maize yield responds mainly to cumulative
climatic forcing, whereas interannual fluctuations are largely dampened by agronomic
management practices and system-level adaptation.

The decomposition of the time series into trend and anomaly components further
highlights the contrasting influences of long-term climatic shifts and interannual variability.
This detrending procedure reduces the influence of shared long-term trajectories and allows
the isolation of interannual variability. The weak and mostly insignificant correlations at
the anomaly scale therefore indicate that interannual fluctuations in extreme climate indices
do not exhibit a stable or consistent relationship with year-to-year variability.

It should be noted that trend-based correlations should not be interpreted as direct
causality. In addition to climatic forcing, maize yield in the Chengdu-Chonggqing region has
undergone substantial changes driven by socio-economic and technological development.
These include the widespread adoption of hybrid maize varieties, increased fertilizer inputs
and continuous improvements in agronomic management. Policy-driven agricultural
modernization and regional development have further enhanced production efficiency and
reduced vulnerability to climatic stressors. These non-climatic factors introduce potential
confounding effects in long-term trend analysis. Therefore, the observed relationships
should be interpreted as the combined outcome of climate variability and a progressively
evolving agricultural production system, rather than a purely climate-driven signal.

Importantly, maize in the Chengdu—Chongqing region is typically cultivated under
a dual-season system, with the main growing period from late March to early July and a
secondary season from late July to October. This structure leads to an integration of climate
conditions across multiple growing windows, which strengthens the influence of long-term
climatic trends while smoothing interannual variability.

At the long-term scale, the observed relationships point to a coupled hydrothermal
regulation mechanism. Positive correlations between maize yield and warm-related indices
(e.g., SU, TXx, TN90p, and TX90p), together with negative correlations with cold-related
indices (TN10p and TX10p), indicate that regional warming has alleviated thermal con-
straints on crop growth. Increased heat accumulation, reduced cold stress, and an extended
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growing season enhance crop development and biomass production, which is particularly
important for maize as a thermophilic summer crop [5,51,52].

Precipitation-related results reveal a consistent signal of beneficial drying. The posi-
tive association with CDD and negative correlations with wet-related indices (e.g., CWD,
R20mm, SDII, and PRCPTOT) suggest that excessive moisture, rather than water deficit,
constitutes the dominant constraint in this humid basin. Frequent cloud cover and high
humidity limit radiation availability and promote waterlogging, whereas moderate re-
ductions in precipitation can improve soil aeration, alleviate root hypoxia, and enhance
solar radiation, thereby supporting photosynthesis and yield formation [51]. This effect
is likely mediated through changes in soil moisture conditions, which regulate the actual
water availability for crop growth, particularly in mountainous and basin-upland transition
zones. Together, these findings indicate that maize yield is governed by the interaction
between thermal and moisture conditions, reflecting a hydrothermal balance that regulates
crop growth.

The grid-scale patterns further demonstrate that these hydrothermal controls vary
spatially across the basin. For precipitation extremes, the predominantly positive corre-
lations with CDD, particularly stronger in the central and eastern regions, indicate that
dry spell duration plays a more critical role in these low-lying and poorly drained areas,
where alleviating excess moisture can substantially improve soil and radiation condi-
tions [51,53-55]. In contrast, temperature-related indices show stronger positive effects
in the western region. Warm-related indices (SU, TXx, TN90p, and TX90p) exhibit the
highest correlations there, suggesting that thermal limitation is more pronounced, likely
associated with lower baseline temperatures and stronger topographic influences. Under
these conditions, warming enhances heat accumulation, accelerates phenological devel-
opment, and extends the growing season, thereby exerting a stronger positive influence
on maize yield [52,56,57]. Other indices show weaker or more complex spatial patterns,
indicating secondary or context-dependent effects. Extreme precipitation intensity indices
(e.g., R99p and RX1day) reflect a balance between beneficial moisture input and detrimental
waterlogging, while cold-related indices (e.g., FD and TNn) exhibit localized influences
associated with terrain-induced thermal variability such as cold-air pooling [13,58].

These spatial patterns suggest that climatic constraints on maize production may
vary spatially across the Chengdu—Chongging region, with moisture-excess-related stress
appearing more important in the central-eastern basin, whereas temperature-related lim-
itations may exert relatively stronger influences in the western region [13,51]. However,
these spatial patterns should be interpreted in conjunction with ongoing socio-economic
development, technological progress, and agricultural management improvements, which
also substantially influence long-term maize yield dynamics.

In contrast, the weak and spatially fragmented relationships at the anomaly level
indicate that interannual variability in extreme climate indices has limited influence on
yield fluctuations. This reflects both the buffering capacity of the agricultural system
and the cumulative nature of crop responses. Crop growth is primarily determined by
seasonally integrated hydrothermal conditions rather than isolated extreme events. As a
result, interannual fluctuations do not translate into consistent yield responses.

The abrupt change analysis provides further insight into the temporal mechanisms
underlying these relationships. The synchronization between maize yield shifts and abrupt
changes in cold-related indices (TN10p and TX10p) around 1997 suggests that cold extremes
impose threshold-type constraints on crop production. Once their frequency declines
below a critical level, the risk of damage during sensitive growth stages decreases sharply,
leading to rapid yield increases. In contrast, warming- and drying-related indices (e.g.,
SU and CDD) show strong correlations with yield trends but lack synchronous change
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points, indicating gradual and cumulative effects. These factors enhance productivity
through progressive increases in thermal resources, improved radiation conditions, and
better soil aeration [5,13,51]. It should be noted that this period also coincides with major
socio-economic transitions in the region, including administrative restructuring (e.g., the
establishment of Chongqing as a municipality in 1997), as well as broader processes of
agricultural intensification, market-oriented reform, and technological improvement in
southwestern China. These changes may have contributed to part of the observed yield
increase, although they are not explicitly quantified in this study.

Overall, maize yield in the Chengdu—Chonggqing area (most parts of Sichuan Basin)
is shaped by scale-dependent interactions between climatic variability and agricultural
system evolution. Cold extremes act as critical thresholds that can trigger abrupt shifts in
productivity, whereas warming and moderate drying exert gradual controls that shape
long-term yield trajectories. The dominance of trend-level relationships over anomaly-
level variability highlights that long-term co-evolution between climate and agricultural
systems, rather than short-term climate fluctuations alone, represents the primary driver of
maize yield changes in this humid region. Because the present study primarily focuses on
climatic signals derived from large-scale datasets, the relative contributions of management
intensity, technological advancement, and socio-economic change could not be explicitly
quantified. Future research should therefore further integrate non-climatic drivers, such as
socio-economic variables, management practices, and cultivar adaptation, to better quantify
the relative contributions of climate and socio-economic factors to long-term maize yield
evolution. Such integration would improve the attribution of long-term yield variability
and strengthen projections of crop resilience under future climate change.

6. Conclusions

This study provides a multi-scale assessment of extreme climate change and its impacts
on maize yield in the Chengdu—Chonggqing region by distinguishing long-term trends,
interannual anomalies, and abrupt changes in climate extremes.

(1) Extreme climate indices show pronounced warming and drying over the study
period. Warm-related temperature extremes (e.g., SU and TXx) increase significantly, while
cold extremes decrease. Precipitation indices indicate a drying tendency, characterized by
increasing consecutive dry days and a basin-wide transition toward drier conditions around
2005, with clear spatial heterogeneity and a combination of gradual and stepwise changes.

(2) Maize yield exhibits a significant increasing trend with an abrupt rise around 1997,
closely associated with reduced cold stress, indicating that alleviation of cold extremes acts
as a key threshold for yield improvement.

(3) Climate—yield relationships vary across temporal scales. Trend-based results show
strong and spatially coherent associations between maize yield and hydrothermal changes,
indicating the dominance of long-term climatic forcing. In contrast, anomaly-based rela-
tionships are weak and spatially inconsistent, suggesting limited sensitivity of yield to
interannual climate variability due to system buffering and agricultural adaptation.

(4) Abrupt change analysis reveals two distinct mechanisms: cold extremes act as
threshold constraints that trigger rapid yield shifts once their frequency declines below
critical levels, whereas warming and drying exert gradual effects by enhancing thermal
resources, radiation conditions, and soil moisture-related balance.

Overall, maize yield dynamics in the Chengdu-Chonggqing region reflect long-term
co-evolution between climate change and agricultural system development, with climate
forcing exerting stronger influences at the trend level than at the interannual level. A clear
spatial transition from moisture-related stress in the central-eastern basin to temperature-
limited conditions in the western region highlights the need for region-specific adaptation
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