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Abstract

:

This study aims to provide a comprehensive spatio-temporal analysis of the annual and seasonal extreme rainfall indices over the southern Levant from 1970 to 2020. For this, temporal and spatial trends of 15 climate extreme indices based on daily precipitation at 66 stations distributed across Israel and Palestine territories were annually and seasonally analyzed through the nonparametric Mann–Kendall test and the Sen’s slope estimator. The annual averages for frequency-based extreme indices exhibited decreasing trends, significantly for the Consecutive Dry Days. In contrast, the percentiles- and intensity-based extreme indices showed increasing trends, significant for extremely wet days, Max 1- and 3-day precipitation amount indices. The study area had expanding periods of extreme dry spells for spring and correspondingly shortening extreme wet spells for spring, winter and the combined winter–spring. Moreover, most of spring indices showed negative trends. Conversely, most winter indices displayed positive trends. Regarding the influence of large-scale circulation patterns, the North Sea Caspian pattern, the Western Mediterranean Oscillation, and ENSO were the primary regulators of the winter, spring, and autumn extreme indices, respectively. These findings contribute to a better understanding of extreme rainfall variability in the Levant region and could be utilized in the management of water resources, drought monitoring, and flood control.
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1. Introduction


Changes in extreme rainfall events must be assessed since they have extensive implications for human and environmental systems such as society, ecosystem, agriculture, water resources, and economic development [1,2,3,4]. Global warming has the potential to increase the frequency and intensity of extreme rainfall, where a warmer atmosphere with more water vapor creates a more active hydrological cycle [5,6,7,8]. Furthermore, small changes in mean precipitation due to global warming can cause significant changes in extreme precipitation [9,10]. On global and regional scales, many studies predict that under global warming, a greater increase is expected in extreme rainfall events as compared to the mean values [11,12,13,14]. In this context, numerous studies have reported increasing trends in extreme rainfall events in Saudi Arabia [15], Greece [16], India [17], the Mediterranean basin [18,19], and globally [20,21,22]. On the other hand, decreasing trends in extreme rainfall events were documented in many regions such as Turkey [23], Western Australia [24], northeast Bangladesh [25], Mongolia [26], and Ghana [27].



In the second half of the twentieth century, the Mediterranean region experienced a decrease in precipitation [28]. This trend is expected to continue, with total annual precipitation decreasing by up to 20% by 2050 [29]. In Turkey, Cyprus, Lebanon and Israel, the number of rainy days may decrease by 5–15 days at the mid-century and by 10–20 days per year at the end-of-century [30]. Additionally, in the framework of several paleo-hydrological and longer-term millennial-scale studies suggested a drying of regional climate that coincides with the decline of the Roman and Byzantine Empires in the Levant region [31,32,33]. The east Mediterranean area, including the Levant region, is considered one of the most vulnerable regions to climate change [11,34,35,36]. Climate variability in the Levant is accompanied by several environmental and developmental stresses such as frequent droughts, water shortages, population growth, political conflicts, weak infrastructure, and low adaptation capacity [37,38,39,40].



A literature review for the Levant indicates most climate studies have focused on long- and mid-term averages, with the majority of studies implemented in small geographical domains with a limited number of stations [41,42,43,44,45]. There have not been many studies on extreme temperature or precipitation indices, mostly because there are not much accessible daily data for the area. However, [46] examined the annual changes in extreme temperature and precipitation indices over Israel during 1950–2017. The authors observed a decline in the total amount of precipitation as well as a rise in the intensity of rainy days. They displayed a spatial coherence despite the fact that none of the regional patterns in the precipitation indices were statistically significant. [47,48] analyzed the changes of several extreme indices in the Middle East and Arab regions, but their studies included less than ten stations from the Levant region. The findings indicated that trends in precipitation indices, including the number of days with precipitation, the average precipitation intensity, and maximum daily precipitation events, are weak in general and do not show spatial coherence. Extreme temperature indices over Israel and Palestine, at annual and seasonal scales, using data of 28 stations from 1987–2017 were examined by [49]. They also examined their relationships with the large-scale atmospheric circulation patterns, but the study did not analyze any extreme rainfall indices.



Investigating the influence of the large-scale atmospheric circulation patterns on the extreme rainfall indices is vital to establish the basis for understanding the causes of rainfall variability and the causal mechanisms of these indices. For the Levant, most studies analyzed the influence of the large-scale circulation patterns on the mean precipitation values in Israel [50,51,52,53]. However, [54] looked at teleconnections regarding different rainfall daily intensities, including heavy precipitation.



Due to the fact that extreme indices have been found to be highly correlated with meteorological and hydrological disasters such as droughts, floods, and landslides [55,56], the necessity to investigate the variability of extreme rainfall indices in a region like the Levant is imperative. Until now, the extreme precipitation indices have not been analyzed at a seasonal scale in the southern Levant, where the study of precipitation changes using only the annual time scale may mask some considerable variations between seasons [57]. Moreover, the impact of the large-scale atmospheric circulation patterns on the extreme rainfall has not been investigated in southern Levant. Therefore, understanding the spatio-temporal variability of extreme precipitation and its related large-scale climate teleconnections mechanism in such a vulnerable region is essential to comprehend the extreme events response to global warming and finding better procedures to deal with water resources management.



The main objectives of this study are: (1) to provide a comprehensive spatio-temporal variability and trends analysis for the annual and seasonal extreme rainfall indices over the whole area of Israel and Palestine during the period 1970–2020; and (2) to investigate the relationships between the extreme rainfall indices in the southern Levant and the main large-scale atmospheric circulation patterns in the Northern Atlantic and Mediterranean Basin.




2. Materials and Methods


2.1. Study Area


The study area covers Israel and Palestine, which are located on the eastern edge of the Mediterranean Sea, roughly between 34°15′ E and 35°40′ E and 29°30′ N and 33°15′ N (Figure 1). It also conforms the western section of the southern Levant, with an area of about 27,000 km2, and an elevation ranging from 392 m below sea level to 1208 m above sea level. According to the Köppen climate classification, the northern and central parts of the region have a Mediterranean climate (type Csa), while the southern and southeastern parts have semiarid (type BSh) and arid (type BWh) climates. The rainy season lasts from September to May, with 67% of annual precipitation falling in winter (December–February), 16% in spring (March–May), and 17% in autumn (September–November).




2.2. Data and Quality Control


Observed daily precipitation data of an initial set of 75 stations distributed over Israel and Palestine were obtained from the Israel and Palestine Meteorological Departments (https://ims.data.gov.il, accessed on 1 May 2021 and http://www.pmd.ps/, accessed on 1 May 2021), respectively. Each station with a minimum record duration of 51 years (1970–2020), except for the Elqana and Karmel stations from the West Bank (Table S1), covered the period 1982–2020. Time series were subjected to a rigorous data quality control process to identify systematic errors (e.g., negative values or typing errors), missing data, and outliers [47,58].



A total of 66 stations with very few missing data (<0.42%) were considered in the analyses (Figure 1, Table S2). These missing days were handled using the spatial interpolation method based on nearby stations (distance < 8 km and correlation > 0.90) [49,59]. The software package RClimDex V1.3 allows for the detection of outliers on a daily timescale, with a range of thresholds for flagging unreliable data. The outliers were visually evaluated and compared with other nearby stations. In addition, the homogeneity for the selected daily time series was tested to avoid any false trends caused by any anthropogenic effects. The R-based ‘RHtests_dlyPrcp,V4′ software, based on the transPMFred algorithm [60], was used to detect multiple change points in the series, and adjust them using the ‘quantile-matching’ algorithm [61]. This technique is commonly used to detect change points in daily rainfall time series [62,63,64]. Finally, a total of 15 break points were detected in 15 out of 66 stations used in this study (Table S1 in Supplementary Material). Additional information about stations, including names, coordinates, and the period of record, as well as the missing values, is listed in the supplementary materials (Table S2 in Supplementary Material).




2.3. Methods


2.3.1. Indices of Extreme Precipitation


A total of 15 extreme precipitation indices were chosen based on 27 temperature and precipitation indices established by the Expert Team on Climate Change Detection Monitoring and Indices (ETCCDI) [12,65] and recommended by the World Meteorological Organization-Commission for Climatology (WMO-CCI). Table 1 contains a brief description of these indices, along with their acronyms. These indices were selected based on previous studies in the study area and Arab region [46,47,48,66], in order to evaluate the characteristics of extreme precipitation events, such as intensity, duration, and frequency. Following [20], a classification of extreme precipitation indices into five categories was used, with threshold indices (e.g., R1mm, R10mm, R20mm, and R50mm), absolute indices (e.g., Rx1day, Rx3day, and Rx5day), extreme percentiles (e.g., R95P and R99P), duration indices (CDD and CWD), and other indices (PRCPTOT, SDII, R95Ptot, and R99Ptot).



The software package RClimDex v1.0 [67] developed by the Climate Research Branch of the Meteorological Service of Canada was used to calculate the extreme indices. The software and documentation are available at http://etccdi.pacificclimate.org, accessed on 1 August 2021. Such software performs the calculations using daily data and provides monthly and annual data for the indices. All indices were computed at annual time scale and at seasonal scale for PRCPTOT, R1mm, R10mm, R20mm, RX1day, RX3day, RX5day, and SDII indices. Additional index calculations such as consecutive dry days (CDD) and consecutive wet days (CWD) were performed for the wet months (e.g., CDD/CWD-DJF, CDD/CWD-MAM, and CDD/CWD-DJFMAM). Days from December to the end of February (DJF) were considered for winter, March to May (MAM) for spring and from September to November (SON) for autumn.




2.3.2. Trend Detection


The annual and seasonal trends of the various indices for each station were calculated for the period 1970–2020. The analysis was performed using the robust nonparametric Mann–Kendall test [68,69] with Sen’s slope estimator [70], since it is a distribution-free test and less sensitive to outliers [71]. The Man–Kendall test has been widely used to assess the monotonic trend in extreme precipitation events and climatological time series globally and regionally [20,72,73,74]. All the time series were pre-whitened in order to correct the Mann–Kendall test for serial autocorrelation [71,75]. The statistical significance of the trends was assessed at 0.01 and 0.05 levels. This trend analysis was conducted using the R package “modifiedmk” [76].




2.3.3. Teleconnection Indices


Additionally, the monthly values of seven teleconnection indices, the North Atlantic Oscillation (NAO), the East Atlantic (EA) pattern, the EA/Western Russia (EA/WR) pattern, the Mediterranean Oscillation (MO), the Western Mediterranean Oscillation (WEMO), the North Sea-Caspian (NCP) pattern and El Niño-Southern Oscillation (ENSO), for the period 1970–2020 were collected from the Climate Prediction Center of the National Oceanic and Atmospheric Administration (http://www.cpc.ncep.noaa.gov/data/teledoc/telecontents.shtml, accessed on 1 September 2021), from the Climatic Research Unit of the University of Norwich (https://crudata.uea.ac.uk/cru/data/moi/, accessed on 1 September 2021) for MO and NCP, and from the Group of climatology of the University of Barcelona (http://www.ub.edu/gc/en/2016/06/08/wemo/, accessed on 1 September 2021) for WEMO. These monthly values were averaged to obtain seasonal and annual values. Afterward, their influence on the extreme precipitation indices was examined by using the Pearson correlation, as in other studies [77,78] based on detrended series for each station. The statistical significance of the correlations was assessed at the 5% level.






3. Results


3.1. Annual Trends of Extreme Precipitation Indices


Table 2 shows an overall view of the annual trend analysis through the total number of stations with increasing or decreasing trends, as well as the trends of the averaged time series over the study area from 1970 to 2020. The temporal behavior of some indices that exhibited significant increasing or decreasing trends is shown in Figure S1 in the Supplementary Material. More than 62% of the stations showed decreasing trends in the PRCPTOT, R1mm, R10mm, and CDD indices (Table 2). In contrast, the R95P, R95Ptot, RX1day, RX3day, RX5day, SDII, and CWD indices increased in more than 72% of the stations. For all extreme indices, the frequency of significant decreasing or increasing trends was less 16 stations, and between 38–86% of the stations did not exhibit trends in the R20mm, R50mm, R99P, and R99Ptot indices. The results showed significant increasing trends in the R99P (4.4 mm/decade), R99Ptot (0.78%/decade), RX1day (1.7 mm/decade), and RX3day (2.1 mm/decade) indices (Table 2, Figure S1a–d). On the other hand, a significant decreasing trend was observed for the CDD index (−2.7 day/decade) (Table 2, Figure S1c).



Regarding the spatial distribution of the annual trends (Figure 2), the significant decreasing trends cover the west bank (with an average of −2.3 days/decade) and some northeastern locations of the study area for the R1mm index (Figure 2a). Significant increasing trends are observed in the northern regions for some intensity extreme indices, R99p, R99Ptot, and RX3day by averages of 2.1 mm/decade, 1.9%/decade, and 6.5 mm/decade, respectively (Figure 2b–d). For the CDD index (Figure 2e), a regional significant decreasing trend is grouped in the northern sites of the study area (with an average value around −6.5 days/decade) and the southern coastal locations (with value of −9.2 days/decade in average).




3.2. Seasonal Trends of the Extreme Precipitation Indices


In this section, the seasonal trends for the PRCPTOT, R1mm, R10mm, R20mm, RX1day, RX3day, RX5day, SDII, CWD and CDD indices were calculated for each station and for the entire study area on the basis of the averaged time series (Table 3). Figure 3, Figure 4 and Figure 5 show the spatial distribution of the trends of some winter, spring, and autumn indices.



3.2.1. Winter Trends


Significant trends in the averaged time series were not found for all extreme indices, except for the RX1day index with an averaged value of 2.2 mm/decade (Table 3). The spatial distribution of some winter indices trends is shown in Figure 3. Overall, the extreme winter indices do not seem to change very quickly locally, as very few significant trends were observed (<11 stations) for all indices (Table 3).



The highest increasing trends for the PRCPTOT index were observed in the northern and northwestern locations by an average of 19.1 mm/decade, although they were not-significant (not shown). A percent of 91% of stations exhibited decreasing trends for the number of wet days index (Table 3), with significant values between −1.5 and −2.1 days/decade for some stations (Figure 3a). Additionally, these large declining trends in R1mm along with the increasing trends in the PRCPTOT index are reflected in the rising trends for the SDII index, as is mainly observed in the northern regions of the study area (Figure 3b). In this regard, eleven northern locations showed significant rising trends in the SDII index with an averaged value of 0.71 mm/decade.
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Figure 3. Spatial distribution of winter trends for some indices that exhibited notably significant decreasing (yellow triangles) or increasing (blue triangles) trends. Legend for RX1day and RX3day indices is common. 
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According to Figure 3c,d regarding the RX1day and RX3day indices, the central and northern regions vastly showed increasing trends, but only significant values were obtained for some northern locations with an averaged values around 4.7 and 8.1 mm/decade, respectively.




3.2.2. Spring Trends


Compared with other seasons, all spring extreme indices showed very rapid changes (Table 3, Figure 4). The results indicate that, in average for the whole area, the trends for the indices RX1day, RX3day, and SDII decreased significantly by −2.1, −3.6, and −0.52 mm/decade, respectively (Table 3). On the contrary, the CDD-MAM and CDD-DJFMAM indices showed significantly increasing trends of 1.5 and 1.7 days/decade, respectively (Table 3).



For the PRCPTOT index, a percentage of 97% of the stations (64 stations) showed a decreasing trend, with 28% (18 stations) showing a significant trend at the level of 0.05 (Table 3). Locally, a coherent and intense pattern of significantly decreasing trends can be seen (Figure 4a). The northern stations, Jerusalem Governorate, and the central region of the coastal areas had the highest values (around −8.9 mm/decade).
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Figure 4. Spatial distribution of spring trends for some indices that exhibited notably decreasing (yellow triangles) or increasing (blue triangles) trends. Legends for RX1day, RX3day and RX5day, and for CDD-MAM and CDD-DJFMAM, are common, respectively. 






Figure 4. Spatial distribution of spring trends for some indices that exhibited notably decreasing (yellow triangles) or increasing (blue triangles) trends. Legends for RX1day, RX3day and RX5day, and for CDD-MAM and CDD-DJFMAM, are common, respectively.
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For the R1mm index, 89% of the stations (Table 3) showed decreasing trends, and 14% (8 stations) of them reported significant trends. The R1mm index had a lower trend than the PRCPTOT for the most studied stations. It is also worth noting that the significant trends affected stations in the West Bank with an average of −0.89 days/decade. With respect to the SDII (Figure 4c), 91% of the stations showed decreasing trends, and 32% (19 stations) of them showed significant trends (Table 3). Although the R1mm index decreased at most sites, the SDII index also decreased due to the large decreases in the PRCPTOT index. Most stations that had a significant decreasing trend in the PRCPTOT index also showed a significant decreasing trend in the SDII index. The highest significant decreasing trends (with value from −0.9 to −1.1 mm/decade) were observed at ten locations in the northern regions.



For RX1day, RX3day, and RX5day indices, more than 94% (>62 stations) of the total stations showed decreasing trends, with significant trends for 33%, 31%, and 23% of the stations, respectively (Table 3, Figure 4e,g). The significant declining trends for these indices are concentrated in northern locations, the Jerusalem governorate, and east to the Gaza strip with an average value of −5.2 mm/decade for the RX3day and RX5day indices, and −2.9 mm/decade for the RX1day.



The CDD index in spring showed rising trends in 89% (59 stations) of the total stations, with significant trends in 36% (21 stations) of them (Figure 4g and Table 3). Very similar results were obtained for the CCD index for the combined winter and spring seasons, which also showed increasing trends in 88% (58 stations) of the stations, with significant trends in 20% (20 stations) of them (Figure 4h and Table 3). The significant increasing trends for CDD-MAM and CDD-DJFMAM (Figure 4g,h) covered many stations in the north of the study area and around the Gaza strip, with relatively higher values for the CDD-DJFMAM index (2.5 day/decade) than the CDD-MAM (2.1 day/decade).



The broad increasing trends for CDD-MAM index have led to the broad decreasing trends in CWD-MAM index (Table 3, Figure 4i). For this latter, 80% of stations had declining trends, with significant trends in 30% of stations (Table 3). These significant decreasing trends covered the central locations in the study area and many locations in the southern part of the coastal area, reaching an average value of −1.5 day/decade.




3.2.3. Autumn Trends


The results for the autumn trends indicated no significant decreasing or increasing trends observed for any of the indices, except for the SDII index, which had a significant decreasing trend of −0.75 mm/decade (Table 3). Furthermore, the frequency-based indices (R1mm, R10mm, and R20mm) did not reflect any remarkable changes in the area under investigation in 1970–2020. However, the PRCPTOT, RX1day, RX3day, and RX5day indices showed declining trends of −1.9, −1.8, −2.5, and −2.4 mm/decade, respectively. In terms of stations, 82%, 56%, 42%, and 38% of the stations showed declining trends in the PRCPTOT, R1mm, R10mm, and R20mm indices, respectively, with no notably significant trends. On the other hand, the intensity extreme indices RX1day, RX3day, RX5day, and SDII showed decreasing trends for more than 83% of the total stations, with 9, 8, 3, and 19 stations, respectively, showing significant decreasing trends.



The spatial distribution of trends for some indices is shown in Figure 5. Significant declining trends were found for the SDII index (Figure 5a) in the central area extended from 31.5° N to 32° N latitudes and in the northeastern locations of the study area with average values of −1.2 and −1 mm/decade, respectively. Spatial distributions of RX1day and RX3day indices can be observed in Figure 5b,c, with significant decreasing trends for many sites around the Jerusalem district with an average of −4.0 mm/decade.
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Figure 5. Spatial distribution of autumn trends for some indices that exhibited notably significant decreasing (yellow triangles) or increasing (blue triangles) trends. 






Figure 5. Spatial distribution of autumn trends for some indices that exhibited notably significant decreasing (yellow triangles) or increasing (blue triangles) trends.
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3.3. Extreme Rainfall Indices and Teleconnection Patterns


In this section, the relationships between 15 extreme rainfall indices and seven large-scale circulation patterns (WEMO, EA/WR, NAO, EA, MO, NCP, and ENSO) were investigated to determine whether a particular circulation pattern could have some influence on the occurrence of precipitation extremes over the study area. Table 4 and Table 5 summarize the number of stations with significant correlations between the extreme precipitation indices and the teleconnection indices at annual and seasonal time scales. Figure 6 shows the spatial distribution of the correlation coefficients for the most important relationships found between the circulation patterns and the extreme rainfall indices at an annual scale, while Figure 7, Figure 8 and Figure 9 are for a seasonal scale.



3.3.1. Annual Scale


According to Table 4, large-scale circulation patterns had a more significant impact on the frequency-based indices than the intensity- and percentiles-based indices. For the intensity- and percentile-based indices, some influence was obtained for less than 30% of the stations and mainly related to the WEMO index. The results also revealed the MO index was the main driver for the R1mm, R10mm, R20mm, PRCPTOT, and R99Ptot indices. At the 95% confidence level, the threshold |r| > 0.27 for the Pearson correlation between extreme indices and teleconnection patterns results are significant.
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Table 4. Number of stations with significant positive or negative correlations between extreme precipitation and teleconnection indices at an annual scale. Only significant results at the 95% confidence level are shown.
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Index

	
WEMO

	
EAWR

	
NAO

	
EA

	
MO

	
NCP

	
ENSO




	
+

	
−

	
+

	
−

	
+

	
−

	
+

	
−

	
+

	
−

	
+

	
−

	
+

	
−






	
PRCPTOT

	
3

	
0

	
0

	
2

	
10

	
0

	
0

	
0

	
39

	
0

	
3

	
0

	
0

	
33




	
R1mm

	
0

	
0

	
26

	
0

	
8

	
0

	
0

	
0

	
43

	
0

	
31

	
0

	
0

	
39




	
R10mm

	
3

	
0

	
5

	
0

	
6

	
0

	
2

	
0

	
40

	
0

	
6

	
0

	
0

	
28




	
R20mm

	
15

	
0

	
5

	
0

	
8

	
0

	
1

	
0

	
28

	
0

	
2

	
0

	
0

	
8




	
R50mm

	
14

	
0

	
2

	
0

	
2

	
3

	
0

	
0

	
3

	
0

	
4

	
0

	
0

	
8




	
R95P

	
19

	
0

	
1

	
0

	
1

	
0

	
1

	
1

	
3

	
0

	
2

	
0

	
0

	
1




	
R95Ptot

	
10

	
1

	
0

	
0

	
0

	
8

	
2

	
1

	
2

	
2

	
2

	
0

	
0

	
0




	
R99P

	
11

	
1

	
0

	
0

	
0

	
8

	
2

	
1

	
2

	
0

	
2

	
0

	
0

	
0




	
R99Ptot

	
2

	
0

	
5

	
0

	
0

	
8

	
0

	
0

	
1

	
12

	
5

	
0

	
0

	
0




	
RX1day

	
9

	
0

	
1

	
0

	
0

	
2

	
2

	
1

	
3

	
2

	
2

	
0

	
0

	
3




	
RX3day

	
6

	
5

	
2

	
0

	
6

	
5

	
1

	
0

	
0

	
2

	
0

	
0

	
0

	
1




	
RX5day

	
2

	
0

	
2

	
0

	
2

	
2

	
1

	
0

	
2

	
1

	
0

	
0

	
0

	
0




	
SDII

	
15

	
0

	
0

	
0

	
1

	
3

	
1

	
0

	
1

	
0

	
0

	
0

	
0

	
0




	
CDD

	
0

	
0

	
1

	
14

	
1

	
6

	
9

	
0

	
3

	
0

	
8

	
0

	
0

	
5




	
CWD

	
2

	
0

	
8

	
0

	
0

	
0

	
3

	
0

	
5

	
0

	
31

	
0

	
0

	
28









In detail, the index MO showed the highest frequency of significant correlation for the indices PRCPTOT, R1mm, R10mm, and R20mm with 59%, 65%, 61%, and 42% of the stations, respectively (Table 4). Its effect is concentrated between 31.4° N and 33.2° N, with correlation coefficients ranging from 0.27 to 0.38 for the indices PRCPTOT, R1mm, and R20mm (Figure 6a,b,d), and from 0.27 to 0.53 for the index R10mm (Figure 6c). The MO pattern was also the main driver for the R99Ptot index (Table 4, Figure 6e) with 20% of the stations correlating negatively with it (values between −0.27 and −0.38) and spatially covering some northern sites.
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Figure 6. Spatial distribution of significant Pearson correlation coefficients between the teleconnection indices (MOI, NCP, EAWR, WEMOI, and ENSO) and the extreme precipitation indices (PRCPTOT, R1mm, R10mm, R20mm, R99Ptot, CWD, CDD, R95P, R95Ptot, R99P, RX1 day, and SDII), at annual scale. 
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In addition, the ENSO pattern was the second most important pattern affecting the PRCPTOT, CWD, R1mm, and R10mm indices (Table 4). A percentage of 50%, 42%, 59%, and 42% of the stations showed significant negative correlations, with values from −0.27 to −0.54, spatially speaking (Figure 6n–q).



For the CWD index, the NCP index was the main controller, showing a significant positive correlation with 47% of the stations (Table 4). Its effect extended over all stations at the northern boundaries of the West Bank (with correlation coefficients between 0.27 and 0.54), the northernmost locations, and the central and southern locations of the coastal area (Figure 6f). In addition, 47% of the stations showed remarkable positive significant correlations with the NCP for the R1mm index (Figure 6r). The EAWR pattern had a significant effect at 23% and 39% of the stations, respectively, with negative and positive significant correlations on the CDD and R1mm indices (Table 4). Spatially (Figure 6g,s), the EAWR effect mainly covered some central locations.



The WEMO index had a dominant significant influence on six extreme indices (R50mm, R95P, R95Ptot, R99P, RX1day, and SDII), with 21%, 29%, 17%, 18%, 14% and 23% of the stations showing a significant positive correlation with it (Table 4). The geographical domain of the WEMO effect was primarily concentrated at some locations in the Jerusalem district and north-eastern locations in the Gaza Strip for all six indices (Figure 6h–m). Finally, the EA and NAO indices are poorly correlated with the annual extreme precipitation indices.




3.3.2. Seasonal Scale


Table 5 summarizes the number of stations with significant correlations between the extreme precipitation indices and the teleconnection patterns at a seasonal scale. Figure 7, Figure 8 and Figure 9 show the spatial distribution of significant Pearson correlation coefficients between the teleconnection indices and the extreme precipitation indices for winter, spring, and autumn, respectively. Based on the frequency of significant correlations, the results indicated no single dominant pattern on the seasonal precipitation extremes, as different patterns generally influence different seasons. In this context, the NCP pattern appeared as the dominant pattern on winter extreme precipitation indices, with the MO and EA/WR indices also showing a considerable frequency of significant correlations. On the other hand, the ENSO and WEMO indices showed high frequencies of significant correlations in autumn and spring, respectively.
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Table 5. Number of stations with significant positive or negative correlations between extreme precipitation and teleconnection indices, at a seasonal scale. Only significant results at the 95% confidence level are shown.
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Index

	
Season

	
WEMO

	
EA/WR

	
NAO

	
EA

	
MO

	
NCP

	
ENSO




	
+

	
−

	
+

	
−

	
+

	
−

	
+

	
−

	
+

	
−

	
+

	
−

	
+

	
−






	
PRCPTOT

	
Winter

	
0

	
0

	
20

	
0

	
0

	
0

	
0

	
0

	
43

	
0

	
51

	
0

	
0

	
2




	
Spring

	
0

	
37

	
0

	
0

	
0

	
1

	
0

	
0

	
5

	
0

	
8

	
0

	
0

	
1




	
Autumn

	
0

	
20

	
4

	
0

	
9

	
0

	
0

	
0

	
2

	
0

	
0

	
0

	
0

	
48




	
R1mm

	
Winter

	
0

	
7

	
41

	
0

	
0

	
0

	
0

	
0

	
53

	
0

	
58

	
0

	
0

	
1




	
Spring

	
0

	
57

	
0

	
0

	
3

	
0

	
0

	
2

	
3

	
0

	
27

	
0

	
0

	
5




	
Autumn

	
0

	
35

	
7

	
0

	
14

	
0

	
0

	
0

	
6

	
0

	
0

	
0

	
0

	
56




	
R10mm

	
Winter

	
0

	
0

	
30

	
0

	
1

	
0

	
1

	
0

	
58

	
0

	
55

	
0

	
0

	
5




	
Spring

	
0

	
37

	
1

	
1

	
0

	
1

	
0

	
0

	
9

	
1

	
9

	
1

	
0

	
1




	
Autumn

	
0

	
26

	
5

	
0

	
6

	
0

	
1

	
0

	
4

	
0

	
0

	
0

	
0

	
33




	
R20mm

	
Winter

	
0

	
0

	
6

	
0

	
2

	
0

	
0

	
0

	
32

	
0

	
30

	
0

	
0

	
6




	
Spring

	
0

	
4

	
0

	
4

	
0

	
0

	
1

	
0

	
4

	
0

	
2

	
0

	
2

	
4




	
Autumn

	
0

	
15

	
3

	
0

	
2

	
0

	
1

	
0

	
2

	
0

	
0

	
0

	
0

	
20




	
RX1day

	
Winter

	
1

	
2

	
3

	
1

	
1

	
2

	
1

	
0

	
2

	
1

	
4

	
0

	
0

	
5




	
Spring

	
1

	
9

	
1

	
1

	
0

	
1

	
2

	
1

	
2

	
0

	
0

	
0

	
2

	
2




	
Autumn

	
0

	
8

	
4

	
0

	
3

	
1

	
0

	
1

	
1

	
0

	
0

	
0

	
0

	
15




	
RX3day

	
Winter

	
0

	
3

	
7

	
0

	
0

	
9

	
2

	
0

	
6

	
0

	
15

	
0

	
0

	
7




	
Spring

	
0

	
8

	
0

	
0

	
0

	
0

	
0

	
1

	
4

	
0

	
3

	
0

	
0

	
2




	
Autumn

	
0

	
9

	
0

	
0

	
13

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
19




	
RX5day

	
Winter

	
0

	
2

	
7

	
0

	
3

	
5

	
1

	
0

	
9

	
0

	
20

	
0

	
0

	
3




	
Spring

	
0

	
16

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
16

	
0

	
0

	
1




	
Autumn

	
0

	
5

	
0

	
0

	
28

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
38




	
SDII

	
Winter

	
0

	
0

	
0

	
0

	
0

	
1

	
3

	
0

	
1

	
0

	
1

	
0

	
0

	
4




	
Spring

	
0

	
0

	
0

	
1

	
1

	
0

	
3

	
0

	
2

	
0

	
1

	
0

	
1

	
1




	
Autumn

	
0

	
2

	
1

	
0

	
0

	
0

	
0

	
2

	
1

	
0

	
0

	
0

	
0

	
5




	
CDD

	
Winter

	
0

	
1

	
0

	
2

	
0

	
32

	
1

	
0

	
0

	
14

	
0

	
15

	
0

	
1




	
Spring

	
7

	
0

	
1

	
3

	
0

	
12

	
12

	
0

	
1

	
0

	
0

	
9

	
1

	
3




	
CWD

	
Winter

	
0

	
1

	
50

	
0

	
0

	
0

	
1

	
0

	
1

	
0

	
48

	
0

	
1

	
25




	
Spring

	
0

	
37

	
0

	
0

	
2

	
0

	
0

	
10

	
4

	
0

	
33

	
0

	
0

	
2









As shown in Table 5, the NCP index had a greater impact on seven winter extreme rainfall indices (PRCPTOT, R1mm, R10mm, R20mm, RX3day, RX5day, and CWD). It significantly correlated with them at 77, 88, 83, 45, 23, 30, and 73% of the stations, respectively. Figure 7a shows the spatial distribution of these significant correlation coefficients in winter, with the highest correlations (values between 0.54–0.69) for the R1mm index in the southern parts of the coastal area and around the Gaza Strip. Its effect was extensive for the PRCPTOT, R1mm, R10mm, R20mm, and CWD indices.
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Figure 7. Spatial distribution of significant Pearson correlation coefficients between the teleconnection indices (NCP, MOI and EAWR) and the extreme precipitation indices (PRCPTOT, R1mm, R10mm, R20mm, RX3 day, RX5 day, and CWD), in winter. 






Figure 7. Spatial distribution of significant Pearson correlation coefficients between the teleconnection indices (NCP, MOI and EAWR) and the extreme precipitation indices (PRCPTOT, R1mm, R10mm, R20mm, RX3 day, RX5 day, and CWD), in winter.
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The results also showed that the MO and EA/WR indices had remarkable effects on four winter extreme precipitation indices (Figure 7b,c). The winter indices PRCPTOT, R1mm, R10mm, and R20mm are positively correlated with the MO index at 65, 80, 88, and 48% of the total stations, respectively. For the R20mm index, MO covered more sites in the southern coastal region with a high band of significant correlations (values between 0.38–0.54) than the NCP index (Figure 7b). The EA/WR index (Figure 7c) showed a lower frequency of significant correlations for the PRCPTOT, R1mm, and R10mm indices, with 30, 62, and 45% of the stations affected, respectively, compared to the NCP and MO indices. In contrast, it showed a very high frequency of significant correlations with the CWD index for 76% of the total stations, with a spatial pattern similar to NCP.



The WEMO index was found to be the most influential pattern on six spring extreme precipitation indices (PRCPTOT, R1mm, R10mm, RX1day, RX5day, and CWD) with 56, 86, 56, 14, 24, and 56% of the total stations (Table 5), respectively, affected. The highest significant correlations (with values between −0.38 to −0.54) were with the R1mm index for most stations and with the PRCPTOT index at some central and northeast locations (Figure 8a). The WEMO-RX5day significant correlations are, however, concentrated in the coastal and northeastern locations. In addition to the WEMO index’s effect, the NCP index exerted a certain positive influence on the R1mm, RX5day, and CWD indices, but with a lower frequency and magnitude (Figure 8b). As shown in Figure 8c, the effect of the EA index on the CDD index occurred only in spring at 13% of the stations, with significant correlations in the range of 0.27 to 0.38. The NAO pattern also had some negative impact on 13% of stations for the CDD index and was spatially distributed in the northern locations (Figure 8c).
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Figure 8. Spatial distribution of significant Pearson correlation coefficients between the teleconnection indices (WEMOI, NCP, NAO, and EA) and the extreme precipitation indices (PRCPTOT, R1mm, R10mm, RX1 day, RX5 day, CWD, and CDD), in spring. 






Figure 8. Spatial distribution of significant Pearson correlation coefficients between the teleconnection indices (WEMOI, NCP, NAO, and EA) and the extreme precipitation indices (PRCPTOT, R1mm, R10mm, RX1 day, RX5 day, CWD, and CDD), in spring.
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For autumn, the results listed in Table 5 show that the ENSO pattern is the main regulator for seven extreme precipitation indices (PRCPTOT, R1mm, R10mm, R20mm, RX1day, RX3day, and RX5day). For these indices, 73, 58, 50, 30, 23, 29, and 58% of the total stations showed significant negative correlations. In addition, the indices PRCPTOT, R1mm, R10mm, and R20mm correlated negatively with the WEMO for 30, 53, 39, and 23% of the stations, respectively. The NAO pattern also showed some positive effects on the RX3day and RX5day indices at 20 and 42% of the stations, respectively, located in the central regions (Figure 9c). Figure 9 show the spatial distribution of the correlation values between these three circulation patterns and extreme precipitation indices. Most stations in the northern, coastal, and West Bank areas were significantly affected by the ENSO pattern, especially for the PRPTOT, R1mm, R10mm, and RX5day indices (Figure 9a). Other indices (R20mm, RX1day, and RX3day) showed spatially, almost isolated, patterns for the significant correlations, except for stations in the Jerusalem Governorate. The ENSO pattern affected more stations in all regions than the WEMO index.
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Figure 9. Spatial distribution of significant Pearson correlation coefficients between the teleconnection indices (ENSO, WEMOI, and NAO) and the extreme precipitation indices (PRCPTOT, R1mm, R10mm, R20mm, RX1 day, RX3 day, and RX5 day), in autumn. 






Figure 9. Spatial distribution of significant Pearson correlation coefficients between the teleconnection indices (ENSO, WEMOI, and NAO) and the extreme precipitation indices (PRCPTOT, R1mm, R10mm, R20mm, RX1 day, RX3 day, and RX5 day), in autumn.
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4. Discussion


Results from this study show that the study area may be subjected to drought episodes in the future due to the vast decreasing trends in annual, spring, and autumn indices, mainly for the PRCPTOT, R1mm, R10mm, and R20mm indices, with more than 62% of the stations showing decreasing trends. This result is in agreement with other studies showing that the Eastern Mediterranean and the Middle East region are likely to be impacted by frequent and intense drought events [30,79,80,81]. A decreasing precipitation trend and a reduction in the annual number of precipitation days for the Mediterranean and Middle East regions have been also documented [16,18,45,82,83,84].



The trend analysis at annual scale showed that the study area tends to have more intense rainy days, where the R1mm index had a notably decreasing trend and the PRCPTOT did not change much. This is also demonstrated by the increasing trends in all the heavy precipitation indices, with significant increases for R99p, R95ptot, RX1Day, and RX3Day. In [46], the authors showed the frequency-based extreme indices were affected by decreasing trends, whereas the percentiles- and intensity-based extreme indices were generally affected by increasing trends in Israel. However, they found a decreasing trend in the RX5Day during 1950–2017 while our study showed an increasing trend, which can be attributed to the different base periods, especially since they also found a positive trend in the RX5Day during 1988–2017. In [85], the authors found that extreme rainfall had been more intense, but less frequent over Jeddah, Saudi Arabia during 1979–2018.



The increase in the intensity of extreme rainfall events is a major impact of global warming [86,87]. In addition, the increase in heavy rainfall in spite of the decrease in the totals is associated with fewer rainy days and the increase in the frequency and persistence of sub-tropical anticyclones, particularly over the Mediterranean [18]. Decreasing trends in rainfall in the study area may be regarded as a manifestation of the increased influence of the subtropical high over the Mediterranean Basin. Such an evolution is implied by an expansion of the Hadley cell, attributed to the global warming [45,88].



At a global scale, [21] found the SDII, RX5day, R10mm, R20mm, and CDD indices are decreasing. However, SDII and RX5day indices are increasing over the study area. Similarly, CWD increases globally and in the study area [21]. The cause of the significant decreasing annual CDD may be connected to summer rainy days or rainy days during September/October when afterwards the dry season continues, sometimes until the end of November. Regarding spatial trends, the West Bank stations exhibited significant decreasing trends for the R1mm index, as well as the northern locations and several southern coastal locations for the CDD index.



Seasonally, the winter PRCPTOT, RX1day, RX3day, RX5day, and SDII indices showed increasing trends, significant for the northwestern locations in the SDII index due to the PRCPTOT increasing and the R1mm decreasing. It is also significant for several northern locations in the RX1day and RX3day indices. These increasing trends indicate the possibility of flooding in these areas; in particular, they affect many sites with an annual precipitation maximum of more than 1000 mm.



Most extreme indices showed decreasing trends in spring and autumn (more than 80% of the total stations); with central and northern locations, showing significant decreases in the spring RX1day, RX3day, and SDII indices. In addition, the central locations of the study area show significant decreasing trends in the autumn SDII, RX1day, and RX3day indices. Spring and autumn, according to these findings, are the seasons that contribute the most in those locations where annual declines in the PRCPTOT, RX1day, RX3day, RX5day, R1mm, R10mm, R20mm, and CDD indices are found; while winter is the season that contributes the most to annual increases in these indices in other sites. The authors of [45,89] also found that the declining trend in annual precipitation in Israel and the Mediterranean region is mainly due to the spring season.



The study area had longer periods of extreme dry spells (CDD) in spring and correspondingly shorter extreme wet spells (CWD) for winter, spring, and the combined winter–spring. The significant increase in the CDD for the winter–spring was caused by the spring and not by the winter, when most of the total precipitation occurred. In addition, this study found a negative non-significant trend for CDD index during winter, which means that there were no prolonged dry periods in the winter (DJF). The Mediterranean region has also witnessed significant increasing trends in the CDD spring index [89,90,91], that could affect crop growth and availability of water for irrigation in these areas. This trend was also documented in the southern Levant during the rainy season [45,92].



Regarding the influence of large-scale circulation patterns on extreme precipitations, the NCP, WEMO, and ENSO patterns seem to be the main regulators for the extreme rainfall indices in winter, spring, and autumn, respectively. The MO and EA/WR indices had a remarkable impact on four winter extreme rainfall indices, with the highest correlation values on the R10mm for the MO index, and on the R1mm for EA/WR. In this regard, no works in the literature establishes a direct link between the extreme precipitation indices and large-scale circulation patterns in Israel and Palestine. Most studies analyzed the influence of the large-scale circulation pattern on the mean values. However, it is important to note that some of these studies confirm some of the results obtained in this study.



Many studies have found that the NCP, MO, and EA/WR indices have a positive effect on winter precipitation in Israel, East Mediterranean and Europe [50,93,94,95,96,97]. The negative phase of the NCP refers to an increased counterclockwise anomaly around the western center of the NCP, i.e., the north of the Caspian Sea, and an increased clockwise anomaly circulation around the eastern pole. These anomalies imply increased westerly anomaly circulation towards central Europe and an increased easterly anomaly circulation towards Georgia, and eastern Turkey, which leads to an increase in southwesterly anomaly circulation towered the Balkans, western Turkey, and the Middle East, causing above normal temperatures and below normal rainfall in these regions. The opposite occurs in the positive phase of the NCP index [49]. The authors of [92] found that precipitation in Israel during the positive phase of the NCP is far greater than precipitation during the negative phase of the NCP, and that the influence of the NCP on the precipitation regime in Israel increases from the northern parts of the country to the south. The authors of [94] analyzed the relationship between the MO index and winter precipitation in southern Levant (Israel and Palestine) for the period 1960–1993, finding that winter precipitation is significantly associated with positive MO phases.



For the WEMO index, the positive phase corresponds to an anticyclone over the Azores enclosing the southwestern Iberian quadrant and low pressures in the Liguria Gulf, while its negative phase coincides with the Central European anticyclone located north of the Italian peninsula and a low-pressure center in the framework of the Iberian southwest [98]. The Levant rainfall in the negative phase is favored by maritime surface flow where the negative phase is associated with flows from the Mediterranean [98]. The relationship between the WEMO index and the rain regime in the Levant had never been detected before and more investigation is needed. On the other hand, Ref. [99] found that El Niño is associated with an increased rainfall over the north of Israel after 1970s due to the changes in the jet stream position, because if the jet stream shifts equatorward (during El Niño events) or poleward (during La Niña events) by a few degrees, significant changes in precipitation amounts can occur.



Note that the study of driving mechanism of extreme precipitation is highly complex due to many factors affecting regional precipitation variability such as regional environment characteristics or human activities must be taken into account [100]. However, although the analysis of the relationships between the atmospheric circulation patterns and the extreme rainfall indices presents limitations, it constitutes the starting point for the search of more complex relationships of a non-linear nature. In this sense, further research could involve a comprehensive physical mechanism analysis following the methodology applied for other regions [101,102] that consider the application of more sophisticated statistical techniques capable of analyzing the joint variability, using variables such as the sea surface temperature (SST) or the sea level pressure (SLP) in addition to extreme rainfall indices, could help in the search of potential predictors for the precipitation in this region.




5. Conclusions


This study presents a comprehensive annual and seasonal analysis of trends and variability for a set of 15 extreme precipitation indices using homogeneous and quality-controlled daily records for 66 stations distributed in Israel and Palestine, for the period 1970–2020. In addition, the relationships between these extreme indices and some large-scale circulation patterns covering the Atlantic Ocean and the Mediterranean Sea were examined at the annual and seasonal scales.



The main findings of this work can be summarized as follows:




	-

	
Substantial decreasing trends were found for extreme rainfall indices at an annual scale, and for spring and autumn seasons, mainly for the PRCPTOT, R1mm, R10mm, and R20mm indices.




	-

	
At an annual scale, southern Levant tends to have more intense rainy days, showing increased trends for all the heavy precipitation indices.




	-

	
Seasonally, winter PRCPTOT, RX1day, RX3day, RX5day, and SDII indices showed increasing trends, significant for SDII index in the northwestern locations in the area, related with the PRCPTOT increasing and the R1mm decreasing.




	-

	
In spring and autumn, most extreme indices showed decreasing trends, these being the seasons mostly contributing to the annual declines in the PRCPTOT, RX1day, RX3day, RX5day, R1mm, R10mm, R20mm, and CDD indices.




	-

	
Southern Levant had experienced longer periods of extreme dry spells (CDD) in spring and consistently shorter extreme wet spells (CWD) for winter, spring, and the combined winter–spring season.




	-

	
The NCP, WEMO, and ENSO atmospheric circulation patterns are the main regulators for the extreme rainfall indices in winter, spring, and autumn, respectively.









Overall, the results obtained from this study serve as a strong warning in the southern Levant because the trends detected toward drier conditions and more intense rainy days, will increases the risk of flooding, food security, emigration, life loss, and property damages in a region, which is already suffering from several developmental stresses such as poor infrastructure, rapid population growth, and scarcity of water resources. In this sense, the findings obtained in this work are very important and constitutes the baseline for decision makers on the findings of potential solutions and for implementing efficient mitigation and adaptation strategies in the Levant.
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Figure 1. Study area location and the spatial distribution of the stations used in this study. Names of stations are mentioned in Table S2 (Supplementary Material). 
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Figure 2. Spatial distribution of trends for the number of wet days (R1mm in days/decade), extremely wet days (R99P in mm/decade), contribution from extremely wet days (R99Ptot in %/decade), max 3-day precipitation amount (RX3day in mm/decade), and consecutive dry days (CDD in days/decade) indices exhibiting notably significant decreasing (yellow triangles) or increasing (blue triangles) trends at the 95% confidence level. 
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Table 1. Description of extreme precipitation indices used in this study.






Table 1. Description of extreme precipitation indices used in this study.





	No.
	Index
	Indicator Name
	Definition
	Unit





	1
	PRCPTOT
	Annual total wet day precipitation
	Annual total precipitation from days ≥1 mm
	mm



	2
	R1mm
	Number of wet days
	Annual count of days when precipitation ≥1 mm
	Days



	3
	R10mm
	Number of heavy precipitation days
	Annual count of days when precipitation ≥10 mm
	Days



	4
	R20mm
	Number of very heavy precipitation days
	Annual count of days when precipitation ≥20 mm
	Days



	5
	R50mm
	Number of days above 50 mm
	Annual count of days when precipitation ≥50 mm
	Days



	6
	R95P
	Very wet days
	Annual total precipitation when daily precipitation amount >95th percentile
	mm



	7
	R99P
	Extremely wet days
	Annual total precipitation when daily precipitation amount >99th percentile
	mm



	8
	R95Ptot
	Contribution from very wet days
	100*R95P/PRCPTOT
	%



	9
	R99Ptot
	Contribution from extremely wet days
	100*R99P/PRCPTOT
	%



	10
	RX1day
	Max 1-day precipitation amount
	Monthly maximum 1-day precipitation
	mm



	11
	RX3day
	Max 3-day precipitation amount
	Monthly maximum consecutive 3-day precipitation
	mm



	12
	RX5day
	Max 5-day precipitation amount
	Monthly maximum consecutive 5-day precipitation
	mm



	13
	SDII
	Simple daily intensity index
	Annual total precipitation divided by the number of wet days (defined as precipitation ≥1 mm) in the year
	mm/day



	14
	CWD
	Consecutive wet days
	Maximum number of consecutive days when precipitation ≥1 mm
	Days



	15
	CWD-DJF
	Consecutive wet days in winter
	Maximum number of consecutive days when precipitation ≥1 mm, between December to February
	Days



	16
	CWD-MAM
	Consecutive wet days in spring
	Maximum number of consecutive days when precipitation ≥1 mm, between March to May
	Days



	17
	CWD-DJFMAM
	Consecutive wet days in winter and spring
	Maximum number of consecutive days when precipitation ≥1 mm between December to March
	Days



	18
	CDD
	Consecutive dry days
	Maximum number of consecutive days when precipitation <1 mm
	Days



	19
	CDD-DJF
	Consecutive dry days in winter
	Maximum number of consecutive days when precipitation <1 mm, between December to February
	Days



	20
	CDD-MAM
	Consecutive dry days in spring
	Maximum number of consecutive days when precipitation <1 mm, between March to May
	Days



	21
	CDD-DJFMAM
	Consecutive dry days in winter and spring
	Maximum number of consecutive days when precipitation <1 mm between December to March
	Days
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Table 2. Number of stations that showed increasing or decreasing trend along with the trend values for the annual extreme indices averaged over the study area, during the period 1970–2020. The number in brackets represents the counts of stations with statistically significant trends at the 95% confidence level. Asterisks indicate significance level: ** = (p < 0.05).
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	No.
	Index
	Total (+) Trends (Sig.)
	Total (−) Trends (Sig.)
	No Trend
	Trend for Averaged Time Series





	1
	PRCPTOT
	25 (0)
	41 (1)
	0
	−2.9 (mm/decade)



	2
	R1mm
	3 (0)
	63 (11)
	0
	−1.1 (days/decade)



	3
	R10mm
	15 (0)
	51 (3)
	2
	−0.2 (days/decade)



	4
	R20mm
	5 (0)
	27 (2)
	27
	0.0 (days/decade)



	5
	R50mm
	17 (0)
	3 (0)
	46
	0.07 (days/decade)



	6
	R95P
	48 (4)
	14 (0)
	4
	5.3 (mm/decade)



	7
	R99P
	9 (9)
	0 (0)
	57
	4.4 ** (mm/decade)



	8
	R95Ptot
	52 (2)
	10 (0)
	4
	0.8 (%/decade)



	9
	R99Ptot
	9 (6)
	0 (0)
	57
	0.78 ** (%/decade)



	10
	RX1day
	51 (3)
	15 (0)
	0
	1.7 ** (mm/decade)



	11
	RX3day
	48 (6)
	18 (0)
	0
	2.1 ** (mm/decade)



	12
	RX5day
	48 (1)
	18 (0)
	0
	1.2 (mm/decade)



	13
	SDII
	50 (4)
	16 (0)
	0
	0.19 (mm/decade)



	14
	CWD
	48 (0)
	18 (0)
	25
	0.04 (days/decade)



	15
	CDD
	9 (0)
	57 (16)
	0
	−2.7 ** (days/decade)
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Table 3. Number of stations that showed increasing or decreasing trends along with the trend values for the averaged time series, 1970–2020. The number in brackets represents the counts of stations with statistically significant trends at the 95% confidence level. Asterisks indicate significance level: * = (p < 0.1), ** = (p < 0.05).






Table 3. Number of stations that showed increasing or decreasing trends along with the trend values for the averaged time series, 1970–2020. The number in brackets represents the counts of stations with statistically significant trends at the 95% confidence level. Asterisks indicate significance level: * = (p < 0.1), ** = (p < 0.05).





	
Index

	
Season

	
Tot. (+) Trends (Sig.)

	
Tot. (−) Trends (Sig.)

	
No Trend

	
Trend for Averaged Time Series






	
PRCPTOT

	
Winter

	
48 (0)

	
18 (0)

	
0

	
8.8 mm/decade




	
Spring

	
2 (0)

	
64 (18)

	
0

	
−5.8 mm/decade




	
Autumn

	
12 (0)

	
54 (0)

	
0

	
−1.9 mm/decade




	
R1mm

	
Winter

	
6 (0)

	
60 (3)

	
0

	
−0.6 days/decade




	
Spring

	
7 (0)

	
59 (8)

	
0

	
−0.3 days/decade




	
Autumn

	
20 (0)

	
37 (0)

	
9

	
−0.08 days/decade




	
R10mm

	
Winter

	
27 (0)

	
33 (0)

	
6

	
−0.05 days/decade




	
Spring

	
4 (0)

	
62 (7)

	
0

	
−0.02 days/decade




	
Autumn

	
12 (0)

	
28 (0)

	
26

	
0




	
R20mm

	
Winter

	
46 (0)

	
9 (0)

	
11

	
0.1 days/decade




	
Spring

	
0 (0)

	
22 (5)

	
44

	
−0.09 days/decade




	
Autumn

	
3 (0)

	
25 (4)

	
38

	
0.04 days/decade




	
RX1day

	
Winter

	
53 (6)

	
13 (0)

	
0

	
2.2 * mm/decade




	
Spring

	
2 (0)

	
64 (21)

	
0

	
−2.1 * mm/decade




	
Autumn

	
6 (0)

	
60 (9)

	
0

	
−1.8 mm/decade




	
RX3day

	
Winter

	
52 (7)

	
14 (0)

	
0

	
3.3 mm/decade




	
Spring

	
1 (0)

	
65 (20)

	
0

	
−3.6 * mm/decade




	
Autumn

	
7 (0)

	
59 (8)

	
0

	
−2.5 mm/decade




	
RX5day

	
Winter

	
46 (2)

	
20 (0)

	
0

	
1.7 mm/decade




	
Spring

	
2 (0)

	
64 (15)

	
0

	
−3.7 mm/decade




	
Autumn

	
11 (0)

	
55 (3)

	
0

	
−2.4 mm/decade




	
SDII

	
Winter

	
55 (11)

	
11 (0)

	
0

	
0.25 mm/decade




	
Spring

	
6 (0)

	
60 (19)

	
0

	
−0.52 * mm/decade




	
Autumn

	
3 (0)

	
63 (19)

	
0

	
−0.75 * mm/decade




	
CDD

	
Winter

	
22 (0)

	
44 (0)

	
0

	
−0.03 days/decade




	
Spring

	
59 (21)

	
5 (0)

	
0

	
1.5 ** days/decade




	
Winter-spring

	
59 (20)

	
7 (0)

	
0

	
1.7 * days/decade




	
CWD

	
Winter

	
15 (0)

	
25 (0)

	
26

	
−0.05 days/decade




	
Spring

	
3 (0)

	
53 (16)

	
10

	
−0.2 days/decade




	
Winter-spring

	
22 (0)

	
21 (0)

	
23

	
−0.01 days/decade
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