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Abstract

Climate-related risks are shaped not only by changes in mean temperatures, but also
by temperature variability, which increases the probability of weather extremes and
exerts profound impacts on society and ecosystems. Previous studies have documented
contrasting seasonal trend differences in summer and winter temperature variability.
However, spring temperature variability—a transitional period critical for agricultural
production—has received limited attention. Using three indices, namely the standard
deviation of daily temperature (STD), day-to-day temperature variability (DTD), and
rapid cooling events (RCE), we analyze the decadal trends and drivers of spring tem-
perature variability and quantify its effects on rice yield anomalies. Our findings reveal
consistent trends in the spatial distribution of temperature variability, with increasing
frequency and intensity in the Yangtze River Basin and Yunnan Province, and a de-
creasing trend across much of South China, closely following regional climatological
patterns. Overall, the frequency and intensity of RCE trend exhibit a ‘stronger getting
weaker, weaker getting stronger’ pattern, likely linked to increased STD trends driven
by spatial non-uniformity of warming. Through a multiple regression statistical model,
we find that climate factors, including mean climate and climate variability, explained
19%-49% of the variance in yield anomalies, with up to 11% of the explained variance
attributable to spring temperature variability. This study underscores the critical role of
spring temperature variability in climate resilience, informing strategies to enhance the

adaptability of agricultural systems to extreme climate events.
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1. Introduction

Climate change risks arise not only from growing mean temperatures but also from
shifts in temperature variability (Olonscheck et al. 2021; Van Der Wiel and Bintanja
2021). It is well known that short-term temperature variability affects both human
health and natural ecosystems. For instance, enhanced daily temperature variability has
been associated with increased mortality rate (Healy et al. 2023; Pane and Davis 2024).
Moreover, temperature variability modulates the frequency and intensity of extreme
climate events, such as heat waves or droughts, exerting severe impacts on ecosystems
and argricultrue (Ray et al. 2015; Vogel et al. 2019; Kotz et al. 2021; Lesk and
Anderson 2021; Heinicke et al. 2022). While most existing studies have analyzed trends
and impacts related to mean temperature changes (Alexander 2016; Li and Thompson
2021; Rezaei et al. 2023; Samset et al. 2023), the changes in short-term temperature
variability, alongside the mechanisms driving these changes, have received
comparatively limited attention. Understanding this variability is crucial for elucidating
the long-term relationships between climate variability and extreme climate events,

facilitating better-informed decision-making in climate change mitigation.

Previous studies on short-term temperature variability reveal significant seasonal
differences. Reductions in temperature variability have been observed over high-
northern latitudes in autumn (Screen 2014; Blackport et al. 2021) and mid-latitudes in
winter (Schneider et al. 2015; Rhines et al. 2017), leading to fewer extreme cooling
events in these seasons (Cui and He 2023; He et al. 2023). On the contrary, summer
temperature variability has increased over most land areas, especially in Eurasia,
southern China and tropical zones (Chan et al. 2020; Xu et al. 2020; Krauskopf and
Huth 2024), exacerbating extreme heatwave events in recent decades (Schir et al. 2004;
Perkins-Kirkpatrick and Gibson 2017; Wei et al. 2023). Climate model simulations also
support these findings, revealing a decreasing trend in winter temperature variability
and an increasing trend in summer temperature variability at mid-latitudes (Holmes et
al. 2016; Bathiany et al. 2018; Tamarin-Brodsky et al. 2020). Mechanisms underlying
these changes in temperature variability have been attributed to multiple physical
processes, including meridional temperature gradients linked to Arctic amplification

(Screen 2014; Bathiany et al. 2018; Dai and Deng 2021), soil moisture—temperature
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feedbacks (Fischer et al. 2012), and local warming pattern (Chan et al. 2020; Tamarin-
Brodsky et al. 2020).

However, insufficient attention has been paid to spring temperature variability. As
a transitional season from cold to warm, spring plays a crucial role in agricultural
production (Allstadt et al. 2015; Zhu et al. 2018). On one hand, it marks the harvest
season for winter cereal crops in crop rotation systems (e.g., rapeseed-rice, winter
wheat-rice); on the other hand, it serves as the sowing season for summer cereals (e.g.,
early rice, spring maize, spring wheat). Despite advancements in spring plant
phenology under global warming, the risk of a ‘false spring’ is increasing (Allstadt et
al. 2015; Chamberlain et al. 2019; Garner and Duran 2024). This phenomenon occurs
when temperatures fluctuate rapidly from warm to cold anomalies, characterized by
rapid cooling events and late spring cold spells (Xiao et al. 2018; Lin et al. 2023). Such
rapid temperature variability can severely affect the growth, health, competitive ability,
and geographical distribution limits of crops, ultimately leading to reduced crop yields.
Previous studies revealed that climate factors account for more than one-third of the
variations in global crop yield variability (Ray et al. 2015; Ray et al. 2019; Baffour-Ata
et al. 2021), with 18%—43% of the explained variance attributable to climate extremes
(Vogel et al. 2019). While it has been established that climate variability significantly
affects crops during the growing season, the impact of rapid temperature variability in

the special season remains underexplored.

As a major agricultural country, China is the world's largest producer of rice and
wheat and the second-largest producer of maize, contributing 27%, 17%, and 24% of
global production, respectively (FAO, 2023). The southern China is the core area for
the rotational cropping system and the primary rice-growing region, where rice
accounts for more than 70% of the national cultivation area (Figure la). Given the
importance of southern China in food production, understanding the characteristics and
impacts of climate variability in this region is crucial. However, relatively little
attention has been paid to the transition season in the main grain-producing regions in
the southern China. In particular, the decadal trends and impacts of spring temperature
variability remain unclear, limiting comprehensive analyses of climate-related disaster

impacts in this region.
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In the present work, we aim to address the following questions through statistical
analyses of long-term observations: 1) What are the observed changes in spring
temperature variability, and 2) what mechanisms drive these changes? 3) To what
extent does spring temperature variability affect crop production? Here, we present a
comprehensive understanding of observed changes in spring temperature variability
over the past half-century, identifying causal factors and quantifying the impact on crop
yields. Our findings unveil a distinct pattern in the frequency and intensity of spring
rapid cooling events, characterized by ‘stronger getting weaker, weaker getting
stronger’. This pattern is potentially related to the increased standard deviation trend
caused by spatially uneven warming. Spring temperature variability can affect crop
production through cold spells, precipitation, and gusty winds, explaining up to 8% of

the variation in rice yields.

The rest of the paper is organized as follows. The datasets and methods are
described in Section 2. Section 3 details the climatological distribution of rapid
temperature variability. Section 4 explores decadal trends and underlying mechanisms
of rapid temperature variability changes. Section 5 outlines effects of this variability on
climate variations and crop yields. Finally, conclusion and discussion are given in

Section 6.

2. Datasets and methods

2.1 Datasets

The climate variables used in this study were sourced from the National Meteoro-
logical Information Center of China Meteorological Administration, including daily
minimum and mean temperature, precipitation, and wind data from 1961 to 2023 at
over 2400 meteorological stations. The dataset has undergone rigorous quality control
and homogenization and is widely used in the study of climate extremes in China (Cao
et al. 2016; Han et al. 2024). To ensure consistency, stations with more than 30 days of
missing data or relocations exceeding 100 meters were excluded, resulting in a selection
of 587 stations in southern China (Figure 1b, colored dots).The selected stations en-

compass the majority of rice-growing regions and rotational cropping system areas in
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China, spanning 13 provinces: Sichuan, Chongqing, Hubei, Anhui, Jiangsu, Guizhou,

Henan, Jiangxi, Zhejiang, Yunnan, Guangxi, Guangdong and Fujian.

In addition, the yearly provincial rice planting areas and yields were obtained from
the National Bureau of Statistics of China for the period of 1970-2022. Due to the
inconsistency in the time span of the meteorological and yield data, the period from

1970 to 2022 was used to analyze the trend and effects of rapid temperature variability.
2.2 Definition of rapid temperature variability

Three methods are used here to quantify rapid temperature variability. Firstly,
standard deviation of daily temperature (STD), calculated as the standard deviation of
daily mean temperature, is a widely used meansure of rapid temperature variability
(Blackport et al. 2021; Cui and He 2023; Krauskopf and Huth 2024). In addition, day-
to-day temperature variability (DTD) is also used to meansure rapid temperature vari-
ability, which is defined as the absolute difference in daily temperatures between two

adjacent days (Gough 2008; Xu et al. 2020; Ge et al. 2022), expressed as:
n
1
DTD =—Z | Ti+1_Ti |
=

Where T; denotes 2-meter temperature on day i, and n denotes the total days.

Although both STD and DTD can describe temperature variability, DTD is more
representive than STD at describing the daily temperature change, particularly for dis-
tinguishing between orderly and oscillatory climates. For example, consider two daily
temperature series: an orderly series (e.g., 25, 25, 25, 25, 15, 15, 15, 15 °C) and an
oscillatory series (e.g., 25, 15, 25, 15, 25, 15, 25, 15 °C). Despite both having the same

STD value (5.27 °C), they exhibit a significant difference in DTD (1.25 °C verus
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8.75 °C). This makes DTD more effective at capturing rapid temperature variability in

both orderly and oscillatory climate behaviors.

In addition to STD and DTD, rapid cooling event (RCE) was used to quantitatively
characterize the frequency and intensity of daily temperature variability. Based on the
absolute and relative thresholds, two types of definitions were used to identify RCE.
For the relative threshold method, the day-to-day temperature difference (AT) was first
calculated, and the relative threshold was defined as the 95th percentile from 1970 to
2022. Then, the RCE was identified when daily AT falls below the relative threshold.
For the absolute threshold method, the RCE was selected as AT below -6 °C, which
matches the threshold used in previous studies (Park et al. 2011; Cui and He 2023).
More importantly, the mean relative threshold across the 836 stations in southern China
is close to -6 °C. The frequency, mean intensity, and extreme intensity of RCE are

calculated as:
M
Freqency; = z i
i=1

YiLy 8 % AT
Z]ivi1 6i,1'

Mean intensity; =

Extreme intensity; = Min(6;; * AT ;)

Where § is a symbolic function to judge RCE, in which §; ; = 1 for days with an
RCE and §; j = 0 for days without an RCE. i denotes the day in special seasons, and j
denotes the year. ),() and Min() indicate the sum and minimum value of the special
seasons, repectively. Here, both the mean and extreme intensity are multiplied by -1 to

express them as positive values for ease of interpretation.

2.3 Decadal trend and significant test
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From the monthly and seasonal evolution of STD and DTD (Figure 2), it is clear
that the temperature variability in southern China is strongest in spring, with March
exhibiting significantly higher variability than other months. Meanwhile, given the im-
portance of spring in agricultural production, the present study focused on the charac-
teristics of spring temperature variability. The annual cycle of daily temperatures was

removed before calculating STD, DTD and RCE.

To ensure reliable estimation of temperature variability using abundant samples, an
11-year sliding window was applied for calculating decadal trends. STD, DTD and
RCE characteristics were calcaluted for each 11-year period (i.e. 1970-1980, 1972—
1982, ..., 2012-2022). Linear trend analysis was then used to calculate the decadal
trend. All significant significance tests were conducted using a two-sided Student’s t-

test with a 0.05 (5%) critical level of significance.

2.4 Effect of spring variability on crop yield

To quantify the effect of spring variability on crop yield variability, a multi-param-
eter statistical model based on temperature and precipitation was constructed, using rice
as an example. This approach has been widely used in previous studies (Ray et al. 2015;
Ray et al. 2019; Vogel et al. 2019). Since the growth period of rice spans from March
to November, the effects of climate variability in spring, summer, and autumn are con-
sidered here. At the provincial level, the detrended rice yield anomalies were linearly
regressed against detrended climate anomalies, including mean temperature, tempera-
ture variability, mean precipitation and precipitation variability in spring, summer and

autumn. The full statistical model is expressed as:

yield anomaly = ay x Tmeanysy + @, * Tmean; ;4 + as * Tmeanggy + a4 * Tstdyam + s
* Tstdjjq + ag * Tstdgon + a7 * Pmeanyay + ag x Pmean;;, + aq

* Pmeangoy + @19 * Pstdyam + aqq * Pstd;j4 + aq; * Pstdgoy



190
191
192
193

194
195
196
197
198
199
200
201

202

203
204
205
206
207
208
209
210
211
212
213
214
215

Where Tmean and T'std denote the mean and standard deviation of temperature
for the special seasons, respectively. Here, yield anomalies are defined as the raw yields
minus a 9-year running mean, while climate variable anomalies are calculated by re-

moving the anuual cycle from data with linear trends removed.

The overall R, of the equation represents the explained variance of climate varia-
bility on crop yield variability. A reduced statistical model was also constructed by
removing Tstdyay and Pstdy 4y from the full model. The contribution of climate vari-
ability to crop yield was quantified by calculating the difference in R, between the full
and reduced statistical models. In addition to the multi-parameter regression, ridge and
lasso regressions were also used to quantify the effects of spring variablity, yielding
similar results. Therefore, only the multi-parameter regression results are shown in this

study.

3. Climatological distribution of rapid temperature variability

Figure 3 shows the climatology of STD and DTD in spring. The STD in southern
China exhibits a zonal distribution, with high values exceeding 3.5 °C in Guizhou—
Hunan-Jiangxi regions, and lower values located in the western parts of Yunnan and
Sichuan (Figure 3a). This distribution contrasts significantly with the pattern of cold
wave frequency in winter (Ma et al. 2022). There are notable differences in the monthly
evolution of STD. Compared to April and May, the STD in March is generally higher
and exhibits more pronounced spatial variability, with nearly 8% of stations exceeding
4.0 °C (Figure 3c), which is consisitent with Figure 2. In terms of monthly spatial
distribution, the center of high values remains relatively stable over time and is
consistently located in the Guizhou—Hunan—Jiangxi region (Figure S1). This region is
the primary growing area for early rice cultivation, and as such, the risks associated
with spring temperature variability, such as late spring cold spells, should be closely

monitored and assessed in future agricultural planning and climate adaptation strategies.



216
217
218
219
220
221
222

223
224
225
226
227
228
229
230
231
232
233

234
235
236
237
238
239

240

241
242

As for DTD, its spatial distribution bears notable similarity to that of STD, with a
spatial correlation coefficient exceeding 0.88 (Figure 3b). However, in contrast to STD,
DTD remains relatively homogeneous from March to May, showing no significant
monthly variation, especially with small spatial differences between March and April
(Figure S1). Since STD is more sensitive to extreme values, the difference between
STD and DTD suggests that more extreme events occur in March than in April and May,

particularly rapid temperature change events.

Considering that STD and DTD alone cannot fully characterize extreme events in
spring, Figure 4 illustrates the frequency, mean intensity, and extreme intensity of RCE
using both relative and absolute threshold methods. The relative thresholds exhibit clear
spatial heterogeneity, with high value centers located in the Guizhou—Hunan—Jiangxi,
Anhui, and eastern Hubei. In these regions, only temperature drops exceeding -7°C can
be ranked within the top 10% in history, indicating that historical temperature drops are
notably larger here than those in surrounding areas. This distribution is consistent with
the patterns observed in STD and DTD. Meanwhile, the mean instensity and extreme
intensity in Figures 4b—c show similar spatial distributions with Figurer 4a, confirming
that the spring temperature variability has the most severe impact on the Guizhou—

Hunan-Jiangxi region.

For the absolute threshold method, an average threshold of -6°C, derived from the
mean relative thresholds across all stations in Figure 4a (-5.98°C), was used to identify
RCE. Despite differences in case selection methods, the spatial distributions of
frequency, mean intensity, and extreme intensity of RCE (Figures 4d-f) remain
generally consistent with those of the relative threshold method. Since both methods
present consistent results in describing the characteristics of RCE, the absolute

threshold method will be used in the subsequent section.

Regarding the monthly evolution, the spatial distribution of RCE frequency exhibits

noticeable changes from March to May (Figure S2). The high-frequency center shifts
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from the coastal region to the middle and lower reaches of the Yangtze River,
accompanied by a slight decrease in RCE days. By May, the frequency substantially
decreases across South China, except in the western Yunnan and Sichuan. This indicates
that spring disasters related to temperature varability in southern China are mainly
concentrated in early spring. As for the spatial distributions of mean and extreme
intensity, they do not differ obviously from March to May.

Figures 3 and 4 show that the temperature variability calculated by STD and DTD
aligns well with the distribution of RCE. To further establish their relationship, Figure
5 demonstrates the distribution of STD and RCE indices across 836 independent
stations. It is evident that the relative threshold decreases linearly as STD increases,
with the threshold dropping by 0.22 °C for each 0.1 °C rise in STD, suggesting a higher
likelihood of frequent and intense RCEs in the region. Notably, the frequency and
intensity of RCE also show a highly significant linear relationship with STD. Each
0.1°C rise in STD leads to an 11.2-day increase in frequency, as well as a 0.27°C and
0.29°C increase in mean and extreme intensity of RCE, respectively. Similar results are
observed between DTD versus RCE (Figure S3). These findings establish a stable linear
relationship between temperature variability and extreme events, especially for RCEs
in spring. This implies that the frequency and intensity of RCE in a region can be
estimated by straightforward calculations of STD or DTD in the future assessments.

Based on the above analysis on different aspects of rapid temperature variability, it
can be concluded that, although three methods were used for definition, STD, DTD and
RCE are robustly concentrated in the Guizhou—Hunan—Jiangxi region, with intensity
weakening over time in climatology. Furthermore, the frequency and intensity of RCE
can be effectively quantified by STD and DTD, providing a convenient method for

characterizing extreme temperature events.
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4. Decadal trends and causes for rapid temperature variability

To examine changes in rapid temperature variability, the decadal trend in RCE-re-
lated characteristics is shown in Figure 6. From 1970 to 2022, the frequency of RCE
has increased in the Yangtze River Basin and Yunnan, with approximately 70% of the
stations in Sichuan, Chongqing, Hubei, Anhui, Jiangsu, and Yunnan passing the 95%
confidence level. The rates of increase in these provinces range from 0.1 to 1.8 days per
decade. Conversely, a decreasing trend is observed in South China, particularly in Gui-
zhou, Hunan, Jiangxi, Guangdong, Guangxi, Zhejiang, and Fujian, where rates range
from -0.5 to -1.0 days per decade (Figure 6a). The spatial distribution of RCE frequency
trend aligns well with its climatological pattern, that is, regions with higher climatolog-
ical frequencies tend to exhibit a decreasing trend, while regions with lower climato-
logical frequencies tend to show an increasing trend. It results in a distinct negative
correlation between decadal changes and the climatological distribution, with a corre-
lation coefficient reaching -0.34 for more than 800 independent samples (Figure 6d).
These findings demonstrate that the decadal trend of RCE frequency follows a pattern
of “stronger getting weaker, weaker getting stronger”.

Similar results are observed for the mean and extreme intensity of RCE. Specifically,
the mean intensity also demonstrates a decreasing trend in the Hunan—Jiangxi—Zhejiang
region, consistent with its climatological distribution. Although the correlation between
the climatological distribution and the mean intensity trend is modest at -0.11, it still
passes the 99% confidence test due to the independence of each station’s data. The de-
cadal trend of extreme intensity is more pronounced, with a decreasing trend observed
in Guizhou—Hunan—Jiangxi—Zhejiang. More than 64% of stations in these four prov-
inces pass the 95% confidence test. Therefore, the decadal trend of extreme intensity
corresponds better with the climatological distribution, with a correlation coefficient of
-0.31. It indicates that regions with high mean-state extreme intensity tend to experience

a weakening trend, and regions with weak mean-state extreme intensity tend to
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experience a strengthening trend. Overall, these findings unveil a long-term trend pat-
tern in the frequency and intensity of RCE, characterized by a spatial distribution of
“stronger getting weaker, weaker getting stronger”.

To investigate the underlying mechanisms for the observed changes in RCE trends,
Figure 7 displays the corresponding trends in STD and DTD. Notably, the trend changes
in both STD and DTD share a similar spatial distribution with RCE, with a high spatial
correlation coefficient of 0.87. Specifically, both metrics demonstrate a downward trend
in South China, with over 70% of the stations in Guangxi, Guangdong, and Fujian pass-
ing the significance test. In the Yangtze River Basin and Yunnan Province, there is an
increasing trend, particularly in eastern Hubei, Anhui, and Jiangsu. This spatial distri-
bution closely aligns with the frequency of RCE, as evidenced by a robust linear rela-
tionship, indicated by a spatial correlation coefficient of 0.65. This suggests that the
observed trend changes in the frequency of RCE can largely be attributed to changes in
temperature variability. Specifically, an increase in temperature variability leads to a
rise in extreme events, subsequently elevating the frequency of RCEs. This is consistent
with the stable linear relationship depicted in Figure 5. Additionally, changes in DTD
trends can also help explain changes in RCE frequency (figure not shown).

To future unravel the possible drivers of the observed trends in temperature varia-
bility, Figure 8 presents the trend of mean temperature. It reveals that the warming rate
in South China is slower than in the Yangtze River Basin, with Guangxi, Guangdong,
and Fujian experiencing an average increase rate of 0.5—1.0°C per decade, considerably
lower than that of the Yangtze River Basin. Notably, the spatial pattern of mean tem-
perature trends closely matches those of STD and DTD. Regions with higher warming
rates correlate with increased STD, while areas with slower warming rates correspond
to decreased STD, yielding a correlation coefficient of 0.54. This finding suggests that
the observed changes in temperature variability trends are primarily driven by the spa-

tiotemporal heterogeneity in warming rates. This mechanism is in line with the
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prevailing explanations (Chan et al. 2020; Tamarin-Brodsky et al. 2020), further em-
phasizing the role of local warming pattern in shaping regional temperature variability
changes.

In summary, the trend analysis indicates that the frequency and intensity of RCE
follow a spatial distribution characterized by “stronger getting weaker, weaker getting
stronger”. Specifically, there is a decreasing trend in South China and an increasing
trend in the Yangtze River Basin and Yunnan. The changes in the frequency and inten-
sity of RCE are mainly related to trend changes in STD and DTD, possibly driven by

the spatial non-uniformity of warming.

S. Effects of variability on climate variations and crop yield

Spring temperature variability significantly affects agriculture and society by alter-
ing key climate variables. To quantify these impacts, Figure 9 illustrates the associated
minimum temperature anomalies, precipitation, and wind speed during RCE. The anal-
ysis reveals that when RCEs occur, there is a 90% probability that the majority of sta-
tions will experience low temperatures, with minimum temperature anomalies dropping
below 0°C (Figure 9a). The mean intensity of minimum temperature anomalies across
provinces range from -1.0 to 6.4 °C, with notable high-value centers in the Guizhou—
Hunan-Jiangxi region. Extreme minimum temperature anomalies can reach as low as -
8 °C in Guizhou, Hunan, Jiangxi, Hubei, and Guangxi. This implies that RCEs are as-
sociated with severe cold weathers, potentially resulting in pronounced spring cold
spells.

In addition to extreme cold temperature anomalies, RCEs are often accompanied by
increased precipitation and gusty winds across most stations (Figures 9b—c). Specifi-
cally, the mean intensity of precipitation in southern China ranges from 5 to 18 mm/d,
with high-value centers concentrated at the intersection of Hubei, Jiangxi, and Anhui.

The extreme intensity of precipitation in these areas can reach up to 25 mm/d. Wind

14
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speeds are similarly pronounced, with the highest recorded wind speed reaching 15 m/s
in Jiangsu.

In terms of sub-seasonal evolution, there is no significant difference in the occur-
rence frequency of minimum temperature anomalies, precipitation, and winds, all with
over 70% probability of occurrence during RCE (Figure 10). However, the intensity
shows pronounced sub-seasonal variations. Minimum temperature anomalies and gusty
winds are strongest in March and weaken as the month progresses. Precipitation, on the
contrary, peaks in May with an average of 20 mm, more than twice the average in March,
reflecting the sub-seasonal progression of the monsoon system in China (Ding and
Chan 2005; Yang et al. 2023). These findings suggest that RCEs are accompanied by
cold temperatures, precipitation and gusty winds, posing serious challenges for agricul-
tural and broader social production.

To quantify the impact of spring RCE on crop yields, a statistical model was con-
structed to assess the relationship between yield anomalies and climate factors, using
rice as an example. The climate factors include average anomalies of temperature and
precipitation, as well as seasonal variability throughout the entire reproductive period
of rice, totaling 12 elements. As depicted in Figure 11a, the explained variance of the
statistical model across 13 provinces reveals that climate factors account for 19-49%
of yield variability. Notably, Hubei and Guangdong contribute approximately 40%,
while Sichuan shows a comparatively lower contribution. These findings align with
previous results indicating that climate variability explains nearly one-third of the var-
iability in crop yields (Ray et al. 2019; Vogel et al. 2019).

A reduced statistical model was constructed to quantify the contribution of spring
temperature and precipitation variability by removing them from the 12 elements. The
difference in the explained variance between the full and reduced statistical models is
displayed in Figure 11b. The values across the 13 provinces range from 1%—11%, with
a mean value of 4%. Higher values are observed in Yunan, Guizhou, Hunan, Hubei, and

Anhui. This suggests that spring temperature variability and its associated climatic
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impacts can account for roughly 4% of the variance in rice yield anomalies in southern
China. In addition, the sensitivity to spring variability varies considerably from prov-
ince to province, which may be related to local cropping systems, water and fertilizer

management practices, and sowing varieties.

6. Conclusion and Discussion

This study explores the characteristics, trends and mechanisms of rapid temperature
variability and quantifies its impact on crop yields. From various perspectives, rapid
temperature variability is measured in terms of standard deviation of daily temperature
(STD), day-to-day temperature variability (DTD) and rapid cooling event (RCE). These
indices show a consistent climatological pattern for spring temperature variability, with
greater variability and more frequent and stronger RCEs observed in the Guizhou—
Hunan—Jiangxi region. Despite differences in calculation methods, the frequency and
intensity of RCEs exhibit strong linear relationships with both STD and DTD.
Specifically, an increase of 0.1°C in STD correlates with an 11.2-day increase in RCE
frequency, alongside increases of 0.27°C and 0.29°C in mean and extreme intensity,
respectively. Thus, temperature variability serves as a reliable indicator of RCE

characteristics.

Over the past half century, the spatial distribution of long-term trends in rapid
temperature variability across southern China reveals significant heterogeneity.
Specifically, RCEs have become more frequent and intense in the Yangtze River Basin
and Yunnan. Over these provinces, the frequency of RCEs in spring has increased by
0.1 to 1.8 days per decade, while the extreme intensity of RCEs has grown by 0.9 to
2.7 °C per decade. Conversely, the frequency and intensity of RCEs exhibit a negative
trend across most of South China. This trend pattern aligns with the overall
climatological distribution, following a ‘stronger getting weaker, weaker getting
stronger’ pattern. The observed trends in RCEs are mainly related to the trend changes
in STD and DTD, which is driven by spatial non-uniformity in warming. This finding
highlights an important consideration that although global warming has enabled the
possibility of earlier rice sowing (Olesen et al. 2012; Fatima et al. 2020; Minoli et al.

2022), the increased variability in spring temperatures introduces a heightened risk for
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crop failure. Therefore, the spring temperature variability deserves more attention in

agricultural production.

Rapid temperature variability has profound implications for both agriculture and
society by altering key climate variables. RCEs are frequently accompanied by low
temperatures, precipitation, and gusty winds, which can severely impact agricultural
productivity and social stability. Our statistical model demonstrates that climate factors,
including mean climate as well as climate variability—explain 19%-49% of the
variance in rice yield anomalies. Although the quantified contributions are not directly
comparable across studies due to differences in regional contexts and methodologies,
the influence of climate factors on yield variability is consistent with previous findings,
which suggested that climate factors explain approximately one-third of crop yield

variations (Ray et al. 2015).

Moreover, we demonstrate that spring variability associated with climate extremes
contributes up to 11% of the explained variance in rice yield anomalies. This
contribution is lower than the 26% attributed to climate variability in a previous study
(Vogel et al. 2019), likely because this study focuses specifically on spring rather than
full-season variability. Our results also indicate that summer variability contributes
more significantly than spring and autumn variability (results not shown), which may
be due to the greater sensitivity of rice to extreme heat waves and heat stress during the
flowering and filling periods (Wang et al. 2019; Song et al. 2022). Additionally, this
study centers on local regions rather than national or global scales, recognizing that the
influence of climate variability on yield variability can differ substantially across
regions due to disparities in agricultural practices, climatic conditions, and crop
management (Heino et al. 2018; Anderson et al. 2019; Lesk et al. 2022). To build on
this work, future research could broaden the geographic scope to encompass diverse
regions and agricultural systems, which would provide a more comprehensive
understanding of climate impacts on crops. Additionally, exploring the dynamic
mechanisms of changes in temperature variability and crop responses through general
circulation model simulations will be crucial. Such approaches can enhance predictive
ability, helping to inform region-specific adaptation strategies and increase agricultural

resilience to climate extremes.
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Figurel The study area in southern China. (a) Spatial distribution of average rice
planting area in recent five years. The black box in (a) represents the southern China

domain. (b) Distribution of 725 meteorological stations in southern China.
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Figure 1 Monthly and seasonal evolution of temperature variability. (a) The black
line indicates the multi-year monthly standard deviation of daily temperature from 1970
to 2022. The bar chart represents the multi-year seasonal standard deviation. The light-

grey shade indicates March to May. (b) as in (a), but for DTD.
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Figure 4 Characteristics of rapid cooling events. Spatial distribution of (a) relative
threshold, and seasonal means of (b) mean intensity as well as (c) extreme intensity of
RCE from 1970 to 2022 based on the relative threshold method. (d-f) as in (a—c), but

for days, mean intensity and extreme intensity based on the absolute threshold method.
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Figure 5 Relationship between STD and RCE. Scatter plots for regional averaged
spring STD and (a) threshold, (b) days, (¢) mean intensity and (d) extreme intensity of
RCE from 1970 to 2022 across 836 meteorological stations in southern China. The
leastsquares fitting line is shown as the black line in each panel. Correlation coefficients

and p-value are labelled in the lower left of each panel.
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Figure 6 Decadal trend of characteristics related to RCE. The decadal trend of (a)

days, (b) mean intensity, (c) extreme intensity of RCE from 1970 to 2022. A plus sign

denotes statistical significance exceeding the 95% confidence level. The relationship

between trend in (d) days, (¢) mean intensity, (f) extreme intensity and their climatology

for 836 meteorological stations. The least squares fitting line is shown as the black line

in each panel. Correlation coefficients and p-value are labelled in the lower right of

each panel.
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Figure 7 Decadal trend of STD and DTD. (a, b) as in Figure 6 (a, b, c), but for the
results of STD and DTD. (c, d) as in Figure 6 (d, e, f), but for the relationship between

(c) STD trend and DTD trend, and (d) STD trend and day trend for 836 meteorological

stations.
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Figure 8 Decadal trend of mean temperature. (a) as in Figure 6 (a), but for the results
of spring mean temperature. (b) as in Figure 6 (d), but for the relationship between STD

trend and mean temperature trend.
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Figure 9 Characteristics of climate variables related to RCE. Spatial distribution
of (a) frequency ratio, (d) mean intensity and (g) extreme intensity of minimum tem-
peratures anomalies below 0°C during RCE from 1970 to 2022. Anomalies are calcu-
lated with annual cycle removed. (b, e, h) as in (a, d, g), but for results with precipitation
exceeding 1 mm/d. (c, f, 1) as in (a, d, g), but for results with wind speed exceeding 7

m/s.

32



681
682
683
684
685
686
687
688
689
690

691

(a)

May -

Apr-

Mar-

Min. Temp. Precip.

Ratios(%)

>70% >80%

0.12 (€

Wind

>90%

0.10

Mar
Apr
May

0 20 40
Precip. (mm/d)

60

Mar
: - Apr
Y May
.~’; %‘.\",
\
/ \
\
\_‘
100 75 50 25
Min. Temp. (° C)
(d)
Mar
\ - Apr
i'/ N\ May
P( A \"’:‘
f \
| x‘%
\\
Y \\"\
10 15 20 25

Wind (mm/s)

Figure 10 Monthly characteristics related to RCE. (a) The average frequency pro-

portion of RCEs where the minimum temperature anomalies, precipitation and wind

speed exceeded the corresponding thresholds during March-May in southern China,

respectively. The threshold of the minimum temperature anomalies is less than 0°C, and

the threshold of precipitation and wind speed is greater than Imm/d and greater than 7

m/s. Probability density functions of monthly (b) minimum temperature anomalies, (c)

precipitation and (d) wind speed related to RCE for 836 meteorological stations during

March-May in southern China. The light green, light blue and light red dotted lines

represent the average of 836 stations in March, April and May, respectively.
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Figure 11 Explanied varaition for rice yield anomalies. (a) R? values of the full
statistical model accounting for mean climate conditions and climate variability. (b)
Difference in R? of full statistical model and reduced model, estimating the partial ex-
plained variance from spring climate variability. R? values are calculated from the ex-
plained variance of the multiple regression of rice yield anomalies aganist climate var-

iable anomalies.
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Figure S1. Spatial distributions of monthly means of (a—) STD and (d—f) DTD dur-

ing March—May from 1970 to 2022.
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Figure S2. Spatial distributions of monthly means of (a—c) days, (d—f) mean intensity

and (g—i) extreme intensity of RCE during March—May from 1970 to 2022.
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