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Abstract: In view of the important role to in revealing climate wet/dry tendency, Standardized
Precipitation Index (SPI) was applied to identify wetness/dryness trends and their relationship
with large-scale climate oscillations in the Yangtze River Delta (YRD) from 1957 to 2016. The daily
precipitation in 43 meteorological stations was used to calculate SPI time series for a time scale of
12 months. The results indicate that there are three dominant geographic sub-regions of SPI-12
modes. Increasing trends dominate, except for some of the northern regions. High frequencies
of wet and dry events are mainly located in the southern regions and part of the northwestern
and southeastern regions, respectively. Temporally, large-scale dry events mainly happened in the
1960s–1970s, and wet events in the 1990s and the 2010s. They show a tendency towards more wet
conditions of the regional climate in the YRD. The climate variations are primarily controlled by
large-scale atmospheric oscillations. The North Atlantic Oscillation (NAO) and Southern Oscillation
Index (SOI) have much higher influence on the variation of SPI in the mid and east; whereas the
Pacific Decadal Oscillation (PDO) and North Pacific Index (NP) show higher correlations with SPI in
the northern regions of the YRD.

Keywords: standardized precipitation index (SPI); climate tendency; frequencies of wet/dry events;
climate oscillations; Yangtze River Delta

1. Introduction

Due to the intensification of human activities but also to natural factors, the climate is undergoing
a drastic change worldwide in recent decades [1–3]. This is accelerating the hydrological cycle,
which causes maldistribution of precipitation and increases regional flood/drought occurrences [4,5].
Among climate variables, precipitation controls regional water resources and wetness/dryness states
to a great extent. Xu et al. pointed out that climate change and its impact on hydrological regimes
are priority areas for both research and water management practice [6]. It is therefore essential to
fully understand precipitation climate and related water resources when developing appropriate and
sustainable water disaster prevention and management strategies.

There are many methods to detect regional hydrological processes. In ungauged watershed, some
hydrological models have been built to detect and predict regional flood and drought events [7,8].
Meanwhile, there are many approaches to flood studies, based on the regionalization of rainfall,
such as the one reported in Pellicani et al. [9]. In well measured regions, hydrological processes
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and extreme wetness/dryness events can be assessed by numerous indexes such as Percentage of
Precipitation Anomalies, Relative Humidity Index, Standardized Precipitation Index (SPI), Relative
Soil Humidity Index and Palmer Index [10,11]. Among these indexes, SPI is a widely accepted method
to reveal the climate tendency and assess the severity of extreme wet/dry events [12–14]. What is more,
the application of SPI requires only data on precipitation, is easier to calculate, even at multiple time
scales, and can identify more extreme events [12]. Thus, the SPI was selected to assess climate tendency
over the Yangtze River Delta.

So far, both gradual trends and temporal oscillations have been detected for several regions of the
world. Strzepek et al. found an increase in meteorological drought frequencies in the southwestern
states of America [15]. In India, climate trends show a significant tendency towards wetter conditions
in part of the eastern and southwestern districts, and towards drier conditions in parts of the northern,
western and southeastern regions in the monsoon season (June–September) [16,17]. In Europe,
an increase of SPI time series was found for the Scandinavian Peninsula, Iberian Peninsula, and the
coastal region of the Black Sea; drier conditions were mainly detected for central Europe and the
Apennine Peninsula [18]. Globally, downward trends of SPI time series were observed in less than 1%
of the hyper-arid and arid zones, and less than 3% of the humid zones [19]. Upward SPI trends were
found for 12% and 14.5% of humid zones. In China, the southeast, northwest and Qinghai-Tibet Plateau
regions exhibit a tendency towards a wetter climate, and there is a tendency towards a drier climate in
the northeast, northern and southwestern China and for the Loess Plateau [14,20–22]. Previous studies
of climate tendency generally focused on time series analysis by the Mann-Kendall trend analysis
and Sen’s Slope [23,24]. Recently, more studies have paid attention to the spatial properties of climate
tendency in relatively large research regions [25]. Different methods exist for computing spatial modes
of climate tendency, such as Principal Component Analysis (PCA). PCA aims at extracting the coherent
variations of meteorological variables that are dominant [12,13]. This will help us to regionalize the
spatial mode of climate change.

As well as trends, climate does show oscillatory temporal patterns. It is accepted that the Arctic
Oscillation influences the climate in the Northern Hemisphere, including Eurasia, North America,
North Africa and the Middle East, especially in the winter months [26]. Tabari et al. found that the
North Atlantic Oscillation and El Niño-Southern Oscillation are the other important factors that are
significantly correlated with the winter evapotranspiration in Iran [27]. Xu et al. found that dry
conditions tend to be associated with El Niño in the southern zone of Southeast Asia [28]. In Northwest
China, the precipitation was found to be most strongly correlated with the India Summer Monsoon,
and partially correlated with the Pacific Decadal Oscillation and with El Niño and the Southern
Oscillation Index [29]. However, no systematic examination of the link between regional climate
tendency modes and primary large-scale climate oscillations has been done in the Yangtze River
Delta (YRD).

The YRD, located in the east of China, is one of the most important agricultural and industrial
regions. This monsoon dominated climate is vulnerable since the YRD is experiencing a transitional
climate from humid to semiarid. According to Ren et al., annual precipitation shows an upward trend,
while the number of rainy days shows a downward trend [30,31]. This indicates that the rainfall
in the region tends to occur in a more temporally concentrated way, hence with a higher frequency
of wetness/dryness disasters [32]. The mid-north and southeast regions of the YRD abound with
rice and wheat, which requires ample water resources. At the same time, the southeast region is
the largest urban agglomeration in China. Booming development leads to water shortages due to
human-induced water pollution. The uneven spatiotemporal distribution of precipitation and frequent
wetness/dryness disasters have threatened agriculture development and social safety. In view of the
increased frequency of climate disasters and the water shortage problem, the objectives of this article
are: (1) to analyze the spatial and temporal trends of the 12-month Standardized Precipitation Index
(SPI-12), (2) to describe the frequencies of wet/dry events, and (3) to uncover the variation modes of
SPI-12 and their correlations with large-scale climate oscillations.



Water 2020, 12, 2734 3 of 15

2. Materials and Methods

2.1. Research Region and Data Collection

The YRD extends between the longitudes of 114◦54′ E to 123◦08′ E and latitudes of 27◦21′ N to
35◦20′ N, covering about 344,300 km2 (Figure 1) [33]. This region mainly belongs to the subtropical
monsoon climate zone, except for a small part in the temperate monsoon climate zone in the north.
Due to the land and sea location, topography and monsoon climate, annual average precipitation
decreases from the southeast to the northwest. Meanwhile, the typical East Asian monsoon climate
is characterized by a cold dry winter and hot humid summer. Because of the characteristics of the
monsoon climate, the rain band of eastern China experiences a process of advancing from south
to north and retreating from north to south every year. The strength of the monsoon decides the
location and duration of the rain belt in the Yangtze River Delta. Meanwhile, this is one of the most
developed regions in China and has frequently suffered from severe wetness/dryness events in its
history. Therefore, it is necessary to fully understand the climate tendency and influencing factors.
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Figure 1. Location of the study region in eastern China.

In order to study climate tendency and its relationship with large-scale climate indices, daily
precipitation data and the monthly data of climatic indices were obtained from the National
Meteorological Center of China (http://data.cma.gov.cn) and the National Oceanic Atmospheric
Administration website (http://www.esrl.noaa.gov) from 1957 to 2016, respectively. Location of the 43
rainfall stations were shown in Figure 1. The climatic indices include Arctic Oscillation (AO), North
Atlantic Oscillation (NAO), Pacific Decadal Oscillation (PDO), North Pacific Index (NP), Southern
Oscillation Index (SOI), and the average sea surface temperature from 5◦ S–5◦ N and 160◦ E–150◦ W
(Nino 4 SST Index, NINO).

http://data.cma.gov.cn
http://www.esrl.noaa.gov
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2.2. Methods

2.2.1. Standardized Precipitation Index

To reveal climate tendency, the SPI was applied to identify the spatiotemporal trends of
wetness/dryness. The SPI allows the detection regional dry and wet events at different time scales in
a statistically consistent way, and requires only precipitation data [11,12,34]. Positive and negative
values of SPI mean wetness and drought events, respectively. In this study, a time scale of 12-months
was discussed. The gamma distribution is defined by:

g(x) =
1

βατ(α)
xα−1e−x/β , (x > 0) (1)

where α and β are the shape and scale parameter, respectively; x represents the monthly total
precipitation; τ(α) is the gamma function.

The cumulative probability function of the precipitation distribution is given by:

G(x) =
∫ x

0
g(x)dx =

1
βατ(α)

∫ x

0
xα−1e−x/βdx (2)

The gamma distribution is undefined for x = 0. Because the precipitation distribution may contain
zeros, in order to account for zero value probability the cumulative probability may be written as:

H(x) = q + (1− q)G(x) (3)

where q is the probability of the zero-precipitation value and G(x) is the incomplete gamma function,
representing the cumulative distribution of g(x). The probability H(x) is then transformed to the
standard normal random variable Z or the SPI using the following approximation.

Z = SPI =

 −
(
t− c0+c1t+c2t2

1+d1t+d2t2+d3t3

)
, 0 < H(x) ≤ 0.5

+
(
t− c0+c1t+c2t2

1+d1t+d2t2+d3t3

)
, 0.5 < H(x) ≤ 1

(4)

where

t =


√

ln( 1
(H(x))2

) 0 < H(x) ≤ 0.5√
ln( 1

1−(H(x))1 ) 0.5 < H(x) ≤ 1
(5)

c0 = 2.515517, c1 = 0.802853, c2 = 0.010328, d1 = 1.432788, d2 = 0.189269, d3 = 0.001308. According to the
values of SPI, the climate is divided into three different wet and dry events, respectively (Table 1).

Table 1. Classification of wet/dry events.

Range of Standardized Precipitation Index (SPI) Value Classification

≥2.0 Extremely wet
1.5 to 2.0 Severely wet
1.0 to 1.5 Moderately wet
−1.0 to 1.0 Nearly normal
−1.5 to −1.0 Moderately dry
−2.0 to −1.5 Severely dry
≤–2.00 Extremely dry

2.2.2. Modified Mann-Kendall Method

In this article, the Mann-Kendall trend test method (MK) was taken into condition to detect the
variation in precipitation. Because of the shortage, the method can be improved. Thus, the modified



Water 2020, 12, 2734 5 of 15

Mann-Kendall trend test method (MMK) was taken to detect the variation in precipitation [35,36].
The test statistic S is calculated as:

S =
n−1∑
i=1

n∑
j,i+1

sgn
(
x j − xi

)
(6)

where n is the length of the data set, xi and xj are the sequential data values in time series i and j (j > i),
respectively, and sgn(xj − xi) is the sign function as:

sgn
(
x j − xi

)
=


+1 i f x j − xi > 0

0 i f x j − xi = 0
−1 i f x j − xi < 0

(7)

The variation of S is obtained through:

Var(S) =
n(n− 1)(2n + 5) −

∑m
n−1 ti(ti − 1)(2ti + 5)

18
(8)

where m is the number of tied groups, and ti is the number of data points in the ith group. At last, Z is
calculated by:

ZS =


S−1√
Var(S)

i f S > 0

0 i f S = 0
S+1√
Var(S)

i f S < 0
(9)

The Z values are approximately normally distributed. In this article, the significant level of 0.05
was selected, which means a significant increasing and decreasing trend when Z values are larger than
+1.96 and lower than −1.96, respectively.

The autocorrelation of the data series would influence the significance of the change in trend.
In order to eliminate this error, we detected the 1-lag autocorrelation of the time series in advance.
So the time series was processed by the Trend Free Pre-Whitening (TFPW) approach if the 1-lag
autocorrelation is significant [33,37].

Var ∗ (S)·
n
n∗

(10)

n∗ =
n

1 + 2·
∑n−1

k=1

(
1− k

n

)
·ρk

(11)

rk =
1

n−k
∑n−k

t=1(xt − xt)(xt+k − xt)

1
n
∑n

t=1(xt − xt)
2 (12)

where Var ∗ (S) is the modified variance; Var (S) is the variance of the Mann–Kendall statistic before the
modification; n* is the effective sample size; n/n* is termed the correction factor; xi, xj, xt are the data
values in time series i, j, and t; xt and xt+1 are the mean data values in time series t and t+1. r1 is the
auto coefficient value of the first-order sequence.

2.2.3. Principal Component Analysis

Meanwhile, Principal Component analysis (PCA) was considered to detect the spatial and temporal
variation of the SPI. PCA proved to be useful and much simpler to understand and interpret [3,38,39].
Thirdly, the frequencies of wet/dry events were described according to the classification. Finally, Cross
wavelet transform was used to detect the time-varying correlation between the PCS (scores of the
principal component) of SPI and large-scale climate oscillations, such as AO, NAO, PDO, NP, SOI,
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and NINO [33]. In this research, the original monthly SPI at all the meteorological stations were Xi,1,
Xi,2, . . . , Xi,k. 

Xi,1
Xi,2
. . .
Xi,k

·


a11 a12

a21 a22

. . . . . .

. . . a1k

. . . a2k

. . . . . .
ak1 ak2 . . . akk

 =


Yi,1
Yi,2
. . .
Yi,k

 (13)

where Y values are the orthogonal and new linearly uncorrelated variables which explain most of the
total variance. To find more stable spatial patterns, a rotation of the principle components using the
varimax procedure, proved to be the most useful method, was applied.

3. Results and Discussions

3.1. Spatiotemporal Trends of SPI-12

The autocorrelation function and partial autocorrelation function of SPI-12 were applied for all
43 meteorological stations. The results in the three-selected representative meteorological stations
are shown in Figure 2. The time series of SPI-12 shows strong serial correlations, being positively
and significantly autocorrelated up to a time lag of 9–10 months (Figure 2a). The serial correlations
are all significantly positive and decrease rapidly for increasing lag time for all 34 meteorological
stations. Similar results are detected across the loess Plateau of China (Liu et al., 2016). Strongest
partial autocorrelations are found for lag times of 1 and 13 months (Figure 2b). This indicates that
the serial correlations of SPI-12 should be removed before we calculate the wetness/dryness temporal
variations and trends.
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representative stations.

The spatial patterns of Z values, calculated by MK and MMK methods, are presented in Figure 3.
Before removing the serial correlations, significant increasing and decreasing trends of SPI-12 were
detected in 28 (65.12%) and 6 (13.95%) of the 43 meteorological stations, respectively (Figure 3a).
Spatially, the increasing trends were mainly spotted in the middle, eastern and southeastern regions
of the YRD, whereas decreasing trends mainly emerged in the northern region and in only one of
the meteorological stations, named Longquan, of the southern region. After removing the serial
correlations, the stations with significant increasing and decreasing trends decline to 16 (37.21%) and 1
(2.33%), respectively (Figure 3b). The increasing and decreasing trends, however, remain concentrated
in the same regions. This indicates a tendency towards more wet conditions of regional climate in
the YRD, except for the northern regions, where a dryer tendency dominates. Similar wet tendencies
of climate have been found before 12]. In addition, Yao et al. and Zhai et al. concluded that the SPI
decreases in most regions of north and northeast China and increases in most parts of southeastern
China [14,20]. However, as well as precipitation, evaporation influences the regional climate trends.
According to Xu et al., the reference evapotranspiration, calculated by the Penman-Monteith method,
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increases rapidly in the eastern and southeastern regions and decreases in the northern regions of
the YRD [33]. This explains the insignificant tendency of regional wetness/dryness detected in most
meteorological stations, based on the surface humidity index [40].
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3.2. Frequencies of Wet/Dry Events

Based on the classification of different types of wet/dry events, as defined in Table 1, the frequencies
of these events were spatially mapped for the YRD (Figure 4). The stations with high frequencies of
extremely wet events are located in a dispersed way, including the northwestern, middle, and coastal
regions (Figure 4a). For the northwestern region, in the stations Bozou, Fuyang, and Dangshan,
extremely dry events are mainly concentrated in 1963–1966, 1991–1992 and 1998–2004. In the
mid-eastern region, in the stations Nanjing, Changzhou, and Liyang, extremely wet events mainly
occurred in 1991, 2003–2004, and 2015–2016. The extreme precipitation conditions in some of these
years, 1991, 1998 and 2003, have been documented and analyzed before. Liu et al. found that
the heavy rainstorms in 1998 in the northwestern region were caused by a warm shear associated
with a southwestern vortex and the interaction between a moving cold front and some mesoscale
convective systems embedded in this cold front [41]. In 1991, cold air originating from northern Asia
was cut off by southwestern and southeastern warm airflows and interacted with warm airflows,
which maintained the Meiyu front, and heavy rainfall spread all over the northern and middle YRD
regions [42]; whereas the main reason for the heavy rain in 2003 was the strong and stable situation of
the abnormal western extent of a subtropical high over the Northwest Pacific Ocean [43].

High frequencies of severely and moderately wet events are mainly concentrated in the
southeastern and southwestern regions (Figure 4b–c). This means that these regions suffer more
frequently from wet events (Figure 4d). The terrain here is dominated by hills and mountains,
which increases the frequency of heavy rainfall due to the effect of orographic rain. Another factor
that plays a role here is the shorter distance to the tropical oceans, with more frequent suffering from
typhoons [44,45].

Meteorological stations with high frequencies of extremely dry events are mainly located in
the mid-western and southeastern regions (Figure 4e). According to the statistics, extremely dry
events in 1966–1968 and 1979 occurred in most of the regions in the YRD. In addition, an extremely
dry period around 2001 occurred in the mid-western regions. Severely and moderately dry events
occurred more frequently in parts of the northern and southeastern regions (Figure 4f–g). Accordingly,
the northwestern and southeastern regions suffered from wet events more frequently (Figure 4h).
All together these results in the different regions should be interpreted in a relative way, comparing
one region versus the other, to get an idea of how prone the regions are to drought and flood disasters
(Figure 4i).
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Based on the same type of wet/dry events at different severity levels, the spatial coverages of
the wet and dry events in the YRD were calculated. During the past 60 years, large scale extremely
wet events mainly happened in the periods 1963–1964, 1973–1975, 1990–1992, 1998–2000, 2003–2006,
2010 and 2015–2016, especially in the years 1991, 1998 and 2016 (Figure 5a). Meanwhile, large scale
extremely dry events mainly happened in the 1960s, the late 1970s and the 2000s. Extremely dry events
happened in more than 30% of the meteorological stations in 1968, 1978 and 2004. The severely wet
and dry events showed similar temporal variations (Figure 5b). Large scale severely wet events also
occurred after the 1990s, whereas the severely dry events mainly concentrated in the 1960s, the late
1970s and the 2000s. In general, the percentage of stations affected by wet and dry events showed
increasing and decreasing trends, respectively (Figure 5d). This confirms the findings from the trend
analysis that there is a tendency towards more wet climate conditions in the YRD [12,13].
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3.3. Spatial and Temporal Modes of SPI-12 and Associations with Climate Oscillations

Based on the SPI-12 in 43 meteorological stations from 1957 to 2016, PCA was applied to decompose
the spatial and temporal patterns of the SPI-12 series. Table 2 presents the first six rotated principle
components. The first three components explain more than 65% of the total variance of the temporal
SPI-12 values.

Table 2. Percentage of variance explained by the first six rotated principle components for SPI-12.

Component Variance (%) Cumulative Variance (%)

1 37.62 37.62
2 20.95 58.57
3 7.76 66.33
4 4.25 70.58
5 3.52 74.10
6 3.04 77.14

Among these components, the first rotated principle component explains approximately 37.62%
of the total variance (Table 2). The values for this component are high in the middle, western and
eastern regions, and decrease in the northern and the southern directions (Figure 6a). Temporally,
the long-term PCS-1 (scores of the first principal component) show a significant increase with the
determination coefficient R equal to 0.27 (p < 0.01), which means an increase in regional SPI-12 from
1957 to 2016 (Figure 6d).

The large-scale climate oscillations considered here are the AO, NAO, PDO, NP, SOI, and NINO
and their influence was studied for each sub-region by wavelet coherence analysis (Figures 7–9).
The wavelet coherence (WTC) between PCS-1 and AO shows the presence of high correlation in the
2–4-years and 8–10-years bands, from the mid-1970s to the mid-1990s (Figure 7a). Whereas the arrows
during significant intervals point towards different directions, the WTC between PCS-1 and NAO
shows significant WTC values for the 2–4-years and 7–8-years bands around the 1980s (Figure 7b).
Moreover, a continuous significant WTC beyond the 16-years band are observed. Compared to other
climate oscillations, PDO shows weak relationship with PCS-1, although a high but insignificant
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8–12-years band is detected from the mid-1970s to the 2000s (Figure 7c). The WTC between PCS-1 and
NP shows significant 6-years and 8–10-years bands around the 1960s and the 1980s–2000s, respectively
(Figure 7d). The presence of significant correlations between PCS-1 and SOI are observed in the
2–3-years, 7–8-years, 4–7-years, 2–7-years and 12–24-years bands for the late 1960s, the mid-1960s to
1970s, the 1990s–2000s, the 2010s, and the 1960s–2000s, respectively (Figure 7e). The WTC between
PCS-1 and NINO shows several significant bands in short period intervals. These results suggest that
PCS-1 changes simultaneously with NAO and SOI in general, though the relative phase relationship is
not uniform. This means that the variation of SPI is mainly influenced by NAO and SOI during recent
decades in the middle and eastern regions of the YRD.

The second component explains 20.95% of the total variance and shows a spatial pattern of higher
rotated principle component values in the northern area and lower values in the southern area (Table 2
and Figure 6b). There is a slightly decreasing trend in PCS-2 (Figure 6e). Figure 6e shows significant
increases in the 1960s–1980s and the mid-1990s, and significant decreases at the beginning of the 1990s
and the 2000s.

From Figure 8, WTCs between PCS-2 and climate oscillations do not show the presence of a
continuous significant band, except for PDO and NP. The presence of significant correlation between
PCS-2 and AO is only observed in the lower timescale bands in the 1960s and the 2010s (Figure 8a).
For the WTC between PCS-2 and NAO, a significant 12–14-years band is detected in the 2000s–2010s
(Figure 8b). PDO and NP both present significant WTC values beyond the 16-years band and some short
duration lower timescale bands with PCS-2 (Figure 8c,d). SOI and NINO show a similar correlation
pattern with PCS-2, with significant values for the 2–4-years and 8–10-years bands in the 1970s and the
mid-1990s to the 2000s, respectively (Figure 8e,f).
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The third component explains 7.76% of the total variance and shows an almost opposite spatial
pattern with the first component, i.e., higher in the northern and southern regions (Table 2 and Figure 6c).
Wet climate conditions (SPI values greater than 0) mainly emerge in the periods 1959–1966, 1973–1975,
1998–1991, 1993, 1995, 1998, 2001, 2005–2008, 2011 and 2013 (Figure 6f). Dry climate conditions are seen
in the periods 1967–1972, 1977–1987, 1991–1992, 1994, 1997, 1999–2000, 2004, 2009, 2011 and 2015–2016.
Significantly decreasing and increasing values of PCS-3 are found during the 1960s–1980s and the
1980s–2000s, respectively.

The WTCs between PCS-3 and climate oscillations show no continuous significant bands (Figure 9).
Among these oscillations, AO and NINO show much higher correlations with PCS-3 in the 6–8-years
bands (Figure 9a,f). NAO, PDO and SOI only show higher correlations for the lower timescale bands
at multiple intervals (Figure 9b,c,e). The WTC between PCS-3 and NP shows significant values for
the 2–3-years, 6–8-years and 12–14-years bands in the 1980s–2010s, the 1980s–1990s, and the late
1960s–mid-1970s, respectively (Figure 9d).

4. Conclusions

Previous research mainly focused on the temporal modes of climate time series based on
linear regression, Man-Kendall trend test and Sen’s slope. Researchers paid little attention to fully
understanding spatiotemporal variation patterns in the vulnerable transitional climate zones. In this
study, wetness/dryness conditions were evaluated using SPI in the Yangtze River Delta during
the period 1957–2016. Then the change trends of SPI-12 and frequencies of wet/dry events were
analyzed. In addition, the PCA method was adopted to detect the spatiotemporal patterns of climate
tendency. Furthermore, the possible link between climate tendency modes and main large-scale climate
oscillations were established. This will help us recognize regional climate tendency and flood/drought
events and help with agriculture sustainability and water resources management. The main conclusions
of the study are as follows:

(1) After removing the serial correlations in time series of SPI-12, increasing SPI-12 trends were
found to dominate in the YRD, except for the northern regions where SPI-12 trends tend to be
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negative. The meteorological stations with significant increasing trends are mainly located in the
southeastern region.

(2) Based on the mapping of distribution patterns of wet/dry event frequencies, meteorological
stations with high wetness and dryness frequencies are mainly located in the southern and
northwestern regions and part of the southeast regions. Temporally, the climate presents a
tendency towards more wet conditions, since large-scale dry events mainly happened in the
1960s–1970s, and wet events in the 1990s and 2010s.

(3) Based on Principal Component Analysis of SPI-12, the whole region could be divided into three
main sub-regions. The first sub-region encompasses the eastern, middle and western regions of
the YRD, and the SPI-12 here is mainly influenced by NAO and SOI. The SPI-12 in the second
sub-region, i.e., the northern regions, is influenced by PDO and NP. In the third sub-region of the
southeastern regions, no clear relationship with climate oscillations is found.
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