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Spatiotemporal variability 
of hydro‑meteorological droughts 
over the Arabian Peninsula 
and associated mechanisms
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Ibrahim Hoteit 1*

This study examines the spatiotemporal variability of drought and associated physical processes 
over the Arabian Peninsula (AP). For this purpose, we computed the standardized precipitation 
evapotranspiration index (SPEI) for the period 1951–2020 using the Climate Research Unit and fifth 
generation ECMWF atmospheric reanalysis datasets. By applying rotated empirical orthogonal 
function analysis on the SPEI data, we identified four homogeneous and coherent drought regions. 
The droughts in the northern regions follow a relatively similar temporal evolution as compared to 
those in the southern region. All four sub‑regions of the AP exhibit a significant drying trend (p < 0.01) 
with an abrupt acceleration in drought frequency and intensity over the last two decades. The increase 
in droughts is associated with the reduction of synoptic activity and an increase in the high pressure 
over the AP. Seasonally, potential evapotranspiration is the dominant driver of summer droughts in 
the AP, whereas both precipitation and temperature are important for driving winter droughts. The 
summer droughts, mainly over the northern AP, are due to the occurrence of an anomalous equivalent 
barotropic high associated with anomalous dry and hot conditions. However, anomalous dry 
conditions in winter are a result of an anomalous paucity of winter storms caused by the weakening of 
the sub‑tropical jets.

Drought is a long-lasting, devastating environmental disaster driven by a hydrological imbalance caused by com-
plex interactions between dynamical and thermodynamical  processes1. A drought event is normally triggered by 
a meteorological phenomenon associated with prolonged precipitation deficit and excessive evapotranspiration. 
A drought that leads to decreased soil moisture is referred to as an agricultural  drought2,3. Hydrological droughts 
are those that cause a significant reduction in surface and sub-surface water  availability2. The complex nature and 
spatiotemporal variability of droughts have detrimental impacts on water resources. Drought’s frequency and 
severity have increased during the global warming  era4,5 and are generally expected to intensify in the  future6,7. 
However, their regional manifestations may vary due to the variations and changes in their large-scale drivers, 
regional dynamics, and land surface conditions, in addition to human  interventions8.

A case in point is the Arabian Peninsula (AP), comprising seven countries, which is a hot desert and an 
exceptionally water-stressed region (Fig. 1)9.

The highest temperatures over the northern AP occur during summer (May–Oct) and the lowest temperatures 
occur during winter (Nov–Apr) in the southwestern region, due to land-sea  interactions10,11. Most of the AP 
receives low precipitation mainly during winter  season11,12. This winter precipitation is mainly due to the cold 
cyclonic systems that move eastward from the Mediterranean along the subtropical and polar jet  streams11,13. 
Conversely, the southwest mountainous regions of the AP also receive some precipitation during summer, result-
ing from the orographic lifting of the monsoonal circulation, which is essentially an extension of the African 
 monsoon13,14. These diverse spatiotemporal hydroclimatic patterns suggest that droughts should also be studied 
at sub-regional scales rather than addressing the whole AP region as a single entity. While sub-regions of drought 
have been identified for individual nations in the  region15,16 or in specific regions of individual  interest12. To the 
best of our knowledge, no study has yet focused on identifying homogeneous drought regions for the whole AP.
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Historically, droughts have caused mass migration and even civilization shifts in the  AP17–19. The frequency 
of droughts has increased across most of the region in the recent few  decades19–21. This increase accords with the 
increasing duration of summers over the same  period22 and a consistent upward trend in local  temperatures10,23. 
Instead, trends in precipitation across the AP exhibit a degree of heterogeneity in spatiotemporal  patterns11,24,25. 
Generally, droughts are attributed to precipitation deficits arising due to anomalous changes in atmospheric 
 dynamics26. Another study suggested that the dryness over the AP in recent years is likely to be associated with 
weakening cyclonic and strengthening anticyclonic  conditions27. However, previous studies suggest that potential 
evapotranspiration (PET)/temperature is a crucial for driving drought variability, which is associated with large-
scale changes and feedback  mechanism28,29. To date, studies have not examined the connections between the 
relative importance of hydrological drivers, such as precipitation and PET, and their seasonality and associated 
dynamical mechanisms for drought in the AP.

Several drought indices such as the standardized precipitation index (SPI)30, palmer drought severity index 
(PDSI)31, and standardized precipitation evapotranspiration index (SPEI)32 have been used to analyze drought. 
Each index has its own advantages and  limitations2,33. The SPI calculates multi-scalar drought features based 
on precipitation  data30, which potentially limits its application in arid regions because it only evaluates precipi-
tation variability. The widely-used PDSI uses several parameters that are not readily accessible for long-term 
 assessments3,34. It is also subject to several limitations; for example, it generally shows a lagged response for 
individual events and is only calculated for a single  timescale35. The SPEI, which essentially depends on water 
balance, is a useful index to identify and catalog multi-scale droughts. As the concept of water balance is appli-
cable to both high and low-rainfall regions, this index is appropriate for drought analysis over national or even 
sub-continental  scales32. The actual computation of the SPEI involves PET derived from temperature, which 
makes it a suitable index to assess the drought conditions in dry and hot  regions36.

Considering the above knowledge gaps, this paper aims to: (1) identify homogeneous drought regions over the 
AP, (2) comprehensively examine the spatiotemporal variability of droughts during past and recent periods, and 
(3) understand the physical and dynamical processes associated with droughts. Below, “Dataset and methods” 
describes the datasets and methodology used, “Results” discusses the results, and “Discussion and conclusion” 
presents a summary and the conclusions of this study.

Dataset and methods
Datasets
We used the precipitation, near-surface temperature (mean, minimum, and maximum), and PET (version 4.00 
TS4.05) datasets available at 0.5° × 0.5° spatial resolution for the period 1901–2020 from the Climate Research 
Unit (CRU), developed at the University of East  Anglia37. These datasets were prepared using more than 4000 
station measurements located around the globe and have been validated against station observations across the 
AP in several climate  studies10,11,27. The CRU datasets were selected for use because they are quality controlled 
and available for the longest period with a reasonably high horizontal resolution.

We used the fifth-generation ECMWF Reanalysis (ERA5) dataset, which is the latest global atmospheric 
reanalysis available at 0.25° × 0.25° horizontal resolution available from the  1950s38. Several studies in Asia have 
deduced that ERA5 (hereafter ERA) outperforms other existing reanalysis and gridded products for hydroclimatic 
 applications39,40. This dataset has also been used for climate studies over the  AP41,42. In this study, we used the 
ERA precipitation and near-surface temperature (mean, minimum, and maximum) for the period 1951–2020. 

Fig. 1.  Study area and topographical variations over the Arabian Peninsula.
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We also used the ERA geopotential height (GPH), zonal, and meridional wind data at different pressure levels 
to understand potential physical mechanisms causing drought using the composite analysis technique.

We also analyzed the following two additional gridded datasets: the Global Precipitation Climatology Centre 
(GPCC) precipitation dataset at 0.5° × 0.5° for 1980–201943 and Multi-Source Weighted-Ensemble Precipitation 
(MSWEP) precipitation dataset at 0.25° × 0.25° for 1980–201944. Both datasets have been used for the assessment 
of the observational uncertainty in precipitation datasets over the AP. Initially, we employed these four datasets 
to determine the best available gridded dataset for drought analysis in the AP. Among them, the ERA, GPCC, 
and MSWEP exhibited comparable performances (Table 1). Consequently, we opted for ERA due to its longer 
period availability, and as it includes essential variables like wind and geopotential data, which are crucial for 
studying drought-related physical mechanisms. In addition, we utilized the CRU dataset, derived from station 
measurements, for a comparative assessment. A detailed comparison of datasets is discussed in result. We bilin-
early interpolated all the datasets to a common resolution for intercomparison.

Drought Index Calculation
We used the SPEI to represent the spatiotemporal variability of droughts based on ERA and CRU datasets in the 
AP because temperature is a major climate variable in addition to limited precipitation in the AP. The SPEI for 
a particular time period is defined as the normalized value of the aggregated water  balance32. The water balance 
‘D’ is obtained as the excess of the precipitation ‘P’ relative to the PET.

Thereafter, water balance is subtracted from the precipitation aggregated over different timescales,

where n is the time period and k (months) is the aggregation timescale. The ‘D’ values are undefined for k > n.
It is important to note that the choice of the distribution for fitting the SPEI is  crucial45,46. In this study, we 

compared five well-known distributions to fit the water balance parameter (D). Our analysis indicates a nearly 
consistent agreement regardless of the distribution choice when fitting the water balance parameter (D) (see 
Table S1). The log-logistic distribution exhibited the lowest sum of squared error and Kolmogorov–Smirnov (KS) 
statistic, confirming its suitability for SPEI across the AP (see Table S1). The result is in line with the findings 
reported in the well-known paper by Vicente-Serrano et al. (2010) for estimating the  SPEI32. The PDF of the D 
series as per log-logistic distribution is given by the following equation:

where, α, β, and γ are the respective scale, shape, and origin parameters of the distribution.
The SPEI is obtained as the standardized value of F(x) as given by the equation below,

where W = 
√
−2ln(P) for P ≤ 0.5 , and P is the probability of exceeding a given D value, P = 1 − F(x). If P is 

greater than 0.5, P is replaced by 1 − P, and the sign of the resulting SPEI is reversed.  C0 = 2.515517,  C1 = 0.802853, 
 C2 = 0.010328,  d1 = 1.432788,  d2 = 0.189269, and  d3 = 0.001308 are the constants.

Several methods exist for calculating  PET47. The most recommended method, Penman–Monteith  method48, 
endorsed by the Food and Agriculture Organization (FAO) of the UN, requires several parameters such as wind 
speed, soil properties, temperature, pressure, and radiation. Unfortunately, many of these are often unavailable 
in long-term  records49. Specifically for the AP region, to our knowledge, long term observations of radiation, soil 
moisture, etc. are unavailable. Because of this data limitation, implementing the PM method for the AP is not 
possible. Importantly, several studies have noted that both PM and Hargreaves  approach49 yield similar  results50. 
Therefore, this study adopted the Hargreaves approach to estimate the PET using the equation:

(1)Dk
n =

∑k−1

i=0
.(Pn−i − PETn−i), n ≥ k

(2)F(x) =

[

1+
(

α

D − γ

)β
]−1

(3)SPEI = W−
C0 + C1W + C2W

2

1+ d1W + d2W2 + d3W3

(4)PET = 0.0023Ra

(

Tmax + Tmin

2
+ 17.8

)

√

Tmax − Tmin

Table 1.  Correlations between different precipitation datasets over the area-averaged AP for the period 
1980–1997 and 1998–2020.

Period

1980–1997 1998–2020

ERA CRU GPCC MSWEP ERA CRU GPCC MSWEP

ERA 1 0.85 0.83 0.96 1 0.28 0.82 0.91

CRU 1 0.75 0.82 1 0.06 0.26

GPCC 1 0.78 1 0.84

MSWEP 1 1
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where  Tmin and  Tmax are the minimum, and maximum temperatures, respectively, and Ra is the extra-terrestrial 
radiation.

Further details for the calculation of SPEI are available in the original  article32. Much of this study explores 
drought characteristics on a 12-month timescale, however, seasonal variability is also discussed. The drought 
severity scale for the SPEI is given in the Supplementary Material (see Table S2). We followed established criteria 
to identify droughts, which involves cataloging SPEI values below − 1 as drought and above 1 as  wet51–53. These 
thresholds, and those for other categories, are detailed in Table S2. A count of the number of drought years under 
each category over the study period gives the frequency of the droughts in that category of severity.

Rotated EOF analysis
We applied a rotated empirical orthogonal function (REOF) analysis on the CRU based SPEI dataset for the 
period 1901–2020 to identify homogeneous drought regions. The equation for simple EOF is given below:

where x is longitude, y is latitude, and t is time. The output has two components: PC is the timeseries variability, 
and EOF is the spatial pattern of different PC loadings.

The REOF calculation requires the specific number of PCs selected using the North rule of thumb, which 
uses the sampling error of each eigenvalue to ascertain non-degenerated  EOFs54,55. The Varimax rotation method 
is applied to the selected PCs to find a more stable localized spatial  pattern56, aiming to reduce mode complex-
ity by making large loadings larger and small loadings smaller. This method relaxes the spatial orthogonality 
constraint through linear transformation and yields a more generalized structure while maintaining the same 
temporal  variability57. The choice of such orthogonal rotation is based on the notion of the energy for a specific 
point, which is influenced only by the surrounding points rather than all grid points in the entire domain. Several 
studies reported that identifying sub-regions based on REOF analysis could provide a more realistic regional 
representation of drought  characteristics35,55. It is a useful method to identify localized phenomena such as 
droughts, which often persist beyond several seasons, and even years, and manifest due to multiple physical and 
dynamical  drivers58; although it may not be appropriate for climate phenomena with large spatial  variations59. 
Our analysis to identify homogeneous sub-regional droughts was performed on an annual scale because droughts 
persist beyond a season. In addition, we repeated the analysis at a seasonal scale to identify distinctions between 
short-term and long-term droughts over the AP. We also applied this methodology on  SPEICRU  and  SPEIERA 
dataset for the period 1951–2020 for comparison (see Supplementary Fig. S1).

Additional statistical analysis
We have applied Modified Mann–Kendall (MMK) test to identify trends in the droughts  timeseries60. Impor-
tantly, the MMK test accounts for autocorrelation in the climate data timeseries. Pearson correlation analysis was 
used to determine the association between the variables examined in this study. We identified abrupt changes in 
SPEI variability using the Change Point Model (CPM)61, which has been used in hydroclimatic studies to detect 
multiple change points in a single  timeseries35,62. The CPM method involves processing an entire sequence of 
observations, for example, a timeseries of precipitation at a grid-point. Using a non-parametric Bartlett’s method 
of the  CPM63, we have tested whether a change point statistically occurred in the mean of the timeseries. Addi-
tionally, we computed the transient activity over the AP in terms of the root mean square of 2–10 days Lanczos 
bandpass filtered 200 hPa  GPH64. Statistical significance is given at 95% confidence level in all cases unless indi-
cated otherwise. In this study, we mostly focused on the interannual drought variability, therefore, we selected 
the summer season of that particular dry year to identify dry summer. Similarly, to identify dry winter, we choose 
the winter season that starts from November of previous year to the following April. So, the years are common 
for both the seasons during dry or wet years. Similarly, we identified wet summer and wet winter. We used these 
dry and wet years to perform composite analysis.

Results
Homogeneous drought regions
The dominant four homogeneous drought regions over the AP obtained as resulting from the REOF analysis of 
annual SPEI are presented in Fig. 2. Together, these modes explained a variance of 83%. That these modes retain 
such a considerable proportion of variation is an important criterion for their selection as relevant patterns of 
dominant  variability35,54. Importantly, the maximum loadings in the gravest four REOFs were concentrated 
in distinct quadrants (Fig. 2). The total variance explained by the gravest four modes of the EOF, as similar to 
REOF analysis (see Table S3). This shows that the identification of these top modes was robust, but the associated 
variance was more uniformly distributed among the top four REOF modes relative to the corresponding EOF 
modes. The loadings in each of the gravest four REOFs, except for REOF1, generally had a similar sign (Fig. 2). 
This, with the fact that the maximum loadings in each of the REOFs were located in distinct quadrants, suggests 
that these modes captured four homogeneous drought variability modes, with maximum variance related to a 
distinct quadrant of the AP. This allowed us to focus on the droughts in each of these maximized zones while 
also exploring any further homogeneity in the drought signal within the rest of the AP.

We defined four contiguous regions, each from one of the gravest REOF modes, and defined by a minimum 
loading of ~ 0.04, that contained the maximum SPEI variability. Given that these regions are located in four 
distinct quadrants, we designated these regions of maximum drought variance as the North West (NW), North 
East (NE), South West (SW), and South East (SE) drought regions (Fig. 2). Furthermore, correlations of the area-
averaged SPEI in each of these regions were highest (> 0.9) with the RPC of the REOF that had the maximum 

(5)Z
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x, y, t
)

=
∑N

k=1
FPC(t) ∗ EOF

(

x, y
)
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loading in that quadrant (see Supplementary Fig. S2), confirming that each REOF represented a separate homo-
geneous drought region. Interestingly, these homogeneous drought regions show some correspondence with 
previously identified regional precipitation  patterns16. The homogenous regions obtained using the CRU data 
for the period 1901–2020 (Fig. 1) and 1951–2020 (see Supplementary Fig. S1a) reasonably matching with each 
other. Apart from this, the regions obtained from ERA for the period 1951–2020 also show good agreement 
with the homogenous regions identified for the CRU datasets over the 1951–2020 period as well as those for 
the longer period from 1901, except the fourth homogenous region (see Supplementary Fig. S1b). The drought 
characteristics and patterns over each of these homogeneous regions are discussed in the following section.

Drought variability over the AP and associated trends
The timeseries of the SPEI based on ERA (hereafter referred to as  SPEIERA) area-averaged over the AP dataset 
over the longer time period (LTP) for 1951–2020 is shown in Fig. 3a. For comparison, we applied this analysis to 
the SPEI based on CRU (hereafter referred to as  SPEICRU ) (Fig. 3b). In addition, we carried out a similar analysis 
for the sub-period 1951–1997 (henceforth referred to as the SP1) and the sub-period 1998–2020 (henceforth 
referred to as the SP2), which we determined using CPM analysis. This allowed us to examine the sensitivity 
of the AP drought statistics to the choice of the datasets and study period. We observed that the interannual 
variability and long-term trends of SPEI at 03-month and 06-month and 12-month timescales, are similar (see 
Supplementary Fig. S3). Therefore, we focus on the droughts at 12-month scale, which also implicitly correspond 
to the variations in short term droughts. Both the  SPEICRU  and  SPEIERA datasets showed a statistically significant 
decreasing trend across the LTP, albeit with differences in magnitude. However, this is misleading because both 
 SPEICRU  and  SPEIERA exhibited a positive trend if only SP1 was considered; negative trends in the SPEI, indicat-
ing intensifying droughts, were only seen in SP2 (Fig. 3). The CPM application for each homogenous regions 
suggest an abrupt increase in drought near late 1990s. Although droughts have become more frequent in both 
datasets, distinctions across the two datasets were more prominent in SP2. Apart from this, the shift in drought 
activity over the AP is also visible from the SPI index, which is solely based on the precipitation dataset (Figure 
not shown). Specifically, trends in the  SPEIERA for the SP2 were opposite to those in the concurrent  SPEICRU  
(Fig. 3a,b). This apparent disagreement is because: (1) the CRU datasets indicate more frequent droughts for the 
period 1998–2020, and (2) although the CRU datasets indicate continuous droughts between 2015 and 2020, ERA 
datasets identify only two drought years, 2015, and 2017. However, there is reasonable agreement between the 
SPEI trends from both datasets for the period 1951–1997. Overall, the differences in the fluctuations within each 

Fig. 2.  Homogeneous drought regions over the AP identified using REOF analysis using the SPEI data for 
period 1901–2020. The corresponding PC values are shown in the upper right part of each figure. The lower 
right value indicates the correlation coefficient between RPC and the original SPEI dataset.
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sub-period may be subject to sampling and choice of datasets, unlike the robust signal of the long-term negative 
trend in the area-averaged SPEI over the AP. This is corroborated by the spatial distribution of long-term trends 
over the AP from both datasets (see Supplementary Fig. S4a,b). The discrepancies are discussed further below.

The changes in the percentage of the drought-affected area within the AP under different drought categories, 
using both  SPEICRU  and  SPEIERA, were investigated (Fig. 3c,d). Notwithstanding the discrepancies observed 
between the two datasets, drought affected areas increased in SP2 compared to SP1. During SP2, the area covered 
by all drought categories exhibited enhanced severity in  SPEICRU  (~ 40%) and  SPEIERA (~ 30%). These discrepan-
cies between the estimated drought-affected areas based on  SPEIERA and those from the  SPEICRU  are largely due 
to differences in drought frequency and severity, as discussed earlier (Fig. 3a,b). In general, the area covered by 
moderate droughts is, understandably, higher compared to severe and extreme droughts in both sub-periods.

Further to the long-term weakening trend in the AP discerned from the area-averaged SPEI (Fig. 3a), all the 
homogeneous sub-regions displayed decreasing SPEI trends over the LTP (Fig. 4), irrespective of the datasets. 
CPM application for each homogenous regions suggest abrupt increase in drought near late 1990s. During the 
SP1, the SE, NE and NW homogeneous regions experienced increasing trends in the SPEI due to frequent wet 
events. In contrast, the SW region witnessed a drying trend (Fig. 4c,g). The continuous drought over the SW 
region for the period 1970–1980 in  SPEICRU  subject to observational uncertainty (see Supplementary Fig. S5). 
However, over SP2, the evolution of the  SPEICRU  and  SPEIERA over each homogeneous region suggested a dramatic 
increase in drought frequency and severity. Critically, no wet years were detected for any of the sub-regions in 
this sub-period, and the respective  SPEICRU  and  SPEIERA values were mostly negative. The area-averaged SPEI 
time series using  SPEIERA and  SPEICRU  based homogenous regions shows similar pattern, with a little difference 
in magnitude (see Supplementary Fig. S6 and Fig. 4).

Interestingly, interannual drought variations in both the northern homogeneous regions were highly cor-
related (0.89), which was significant at 99% confidence level two-tailed students t-test (see Supplementary 
Fig. S4c,d). Similarly, the variability of droughts in the two southern homogeneous regions was highly correlated 
(0.85). However, the association between the northern and southern regions was comparably weaker. Nonethe-
less, extreme droughts occurred in 1980, 1999, 2000, 2010, 2012, 2015, and 2017, affecting the entire AP with 
varying intensities (Fig. 4). For the LTP and SP1, there was a significant and high positive correlation between 
the  SPEIERA and  SPEICRU  timeseries over all the homogeneous regions except the SW region (see Table S4). 
However, over SP2, there was a large discrepancy between the two timeseries in all the homogeneous regions 
(Fig. 3), discussed in the next section.

The potential cause of the differences in drought statistics across the datasets
The discrepancies between  SPEIERA and  SPEICRU  in recent decades were primarily due to differences in the respec-
tive precipitation datasets. Temperatures over the AP from both datasets are strongly positively correlated (see 
Supplementary Fig. S5), and most of these are statistically significant at 95% confidence level two-tailed students 
t-test. During the SP2 sub-period, the area-averaged precipitation from the ERA was significantly positively cor-
related with the MSWEP and GPCC datasets for the same period (Table 1). On the other hand, the corresponding 
CRU precipitation area-averaged over the AP in SP2 was not significantly correlated with any other precipitation 
datasets (Table 1). What appears to be relatively extreme drought over the SW region over the period 1970–1980 
in  SPEICRU  is likely due to the quality issues of the CRU precipitation data (see Supplementary Fig. S5). The dif-
ferences between the datasets highlight the relevance of observational uncertainty, which causes ambiguities in 
regional drought assessments. We have also demonstrated that the ambiguity in the CRU precipitation datasets 
mainly pertain to the SW region while comparing with ERA (see Supplementary Fig. S5). The CRU datasets 
are compared with station observations and show limitations for capturing the regional signal of precipitation 
variability over the SW region (Figure not shown).

SP
EI

Fig. 3.  (a, b) Interannual variability of  SPEIERA and  SPEICRU  over the AP for the period 1951–2020. (c, d) Area 
affected by droughts based on severity levels for both  SPEIERA and  SPEICRU  datasets. Red and blue colors with 
magnitudes equal or less than (more than) 1 represent drought and wet years, respectively.
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Relative roles of precipitation and PET for driving droughts
To ascertain the respective importance of various physical drivers across the AP during dry (drought) versus 
wet years, we carried out a composite analysis of the anomalous precipitation for drought (Fig. 5a), which is a 
common feature for the whole AP based on ERA dataset (see Supplementary Figs. S3a and S7). The years 1999, 
2000, 2010, 2012, 2015, 2017, shown in red color, were identified as drought years, and 1967, 1972, 1975, 1982, 
1983, 1992, 1997, shown in blue color, as wet years (Fig. 3a). We also selected year 1962 and 1980, for composite 
analysis of droughts as these years also exhibits SPEI near to − 1. We also applied a similar composite analysis 
on the anomalous PET (Fig. 5d) and temperature patterns (Fig. 5g), and a similar analysis was repeated for the 
wet years. Finally, we repeated the composite analyses for the winter and summer seasons to obtain a seasonal 
perspective (see Supplementary Fig. S8).

The composite precipitation analysis showed significant negative anomalies during dry years (Fig. 5a) and 
positive anomalies over wet years (Fig. 5b) across the region, with largest differences over the SW region (Fig. 5c). 
On the other hand, composite analysis of temperature and PET suggested that drought years are associated with 
significantly higher temperatures (Fig. 5g) and positive PET (Fig. 5d), whereas wet years exhibited opposite 
signatures (Fig. 5e,h). The PET pattern largely coincided with the regional temperature anomalies during both 
dry and wet years (Fig. 5d–i), indicating the dominant contribution of temperature to PET. The contrasting 
relationship between precipitation and temperature has been observed in several previous  studies65,66.

Seasonally, a similar composite analysis of winter precipitation depicted stronger and significant differences 
between wet and dry years (see Supplementary Fig. S8). However, the magnitude of the corresponding differ-
ences in summer, and the areal extent of significant precipitation anomalies, were comparatively reduced except 
over the SW region near the coastal areas. The higher differences in precipitation during winter are due to the 
high magnitude of winter precipitation and its wider area coverage relative to the summer (see Supplementary 
Fig. S9). Furthermore, the differences in seasonal temperatures over the AP between the wet and dry seasons 
were strong, widespread, and significant in both seasons (see Supplementary Fig. S8). This was also reflected in 
the corresponding PET differences. Given the relative prominence and the wide areal extent of the temperature 
variations in both winter and summer over the AP, contributions of the PET to the long-term droughts will be 
more important relative to the precipitation changes.

Atmospheric conditions associated with droughts
Using composite analyses of atmospheric circulation and GPH at 500 hPa over the dry (drought) and wet years, 
we identified the large-scale circulation features that are associated with droughts over the AP. Our analysis of 

Fig. 4.  Interannual variability of SPEI over each homogenous regions of AP for the period 1951–2020 based on 
(a–d)  SPEIERA and (e–h)  SPEICRU  datasets.
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anomalous 500 hPa GPH composited over the dry summers during LTP suggested those dry summers were 
associated with an anomalous equivalent barotropic high that prevails over the northern AP (Fig. 6a). Interest-
ingly, this pattern is an exacerbation of a band of anomalous high-pressure regions along 40° N. In particular, this 
anomalous barotropic high resulted in stronger anticyclonic winds over the AP during the dry years (Fig. 7b). 
Anomalous dry winds were stronger over Rub Al Khali (the greater Arabian desert), potentially leading to high 
dust extending to the southern Red  Sea67, enhancing dryness over the region. This summer circulation over the 
AP is also dominated by the evolution of the dry continental Shamal winds, which potentially enhance dry-
ness over most of the AP region due to anomalously high temperatures (see Supplementary Fig. S8). The GPH 
at 500 hPa for wet years in both summer and winter seasons is opposite to that of dry years (Fig. 6b,d). In wet 
summers, the Shamal winds and the strength of the anticyclonic circulation over the northern AP are weaker 
compared to dry summers (Fig. 7a,c).

Climatologically, during winter, the Red Sea acts as a channel that transports moisture toward the north 
and central-north AP, causing precipitation over the majority of the region (Fig. 7d–f). This moisture transport 
pathway from the Red Sea depends on the position of the Arabian high over the  AP68,69. An anomalous band of 
significant positive GPH anomalies at 500 hPa was observed stretching across the northern AP, from west to east, 
during dry winters (Fig. 6c), and are associated with anomalously high temperatures (see Supplementary Fig. S8). 

Fig. 5.  Composite anomalies of mean precipitation (mm/day), PET (mm/day), and temperature (°C), and their 
differences during dry and wet years for the long-term period.
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Fig. 6.  Composite anomalies of geopotential height (m) at 500 hPa in summer and winter for dry and wet 
years, respectively.

Fig. 7.  Composite of mean atmospheric circulation (m/s) at 850 hpa during dry and wet years for summer and 
winter, respectively.
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This region is the mean location of the storm tracks. Similar signatures were also seen at 200 hPa for GPH (see 
Supplementary Fig. S10), suggesting an equivalent barotropic high. Such a background signal in geopotential 
is accompanied by an anomalous weakening of the subtropical jet (Fig. 8a) and a weakening of the transient 
activity along the jet during dry winters (Fig. 8c). Overall, this suggests that the anomalous dry conditions are a 
result of an anomalous paucity of winter storms. On the other hand, during wet winters, we observed a band of 
anomalous low pressure over the AP, suggesting that the anomalous wet conditions were associated with higher 
synoptic storm track activity and a strengthened subtropical jet stream over the AP region (Fig. 8b,d).

Changes in atmospheric circulation features that accompany exacerbated droughts over the 
AP
We explored the decadal changes in atmospheric circulation, which have potentially facilitated a strengthening 
of droughts over the AP in recent decades. We focused on the winter season because most of the precipitation 
over the AP occurs in this season. In Fig. 9a,b, we show composites of anomalous GPH at 500 hPa over the winter 
droughts during the SP1 and SP2 sub-periods, respectively. We observed anomalous high pressure over most 
of the central and northern AP during both sub-periods, but the signal was much stronger during the SP2. This 
was also associated with substantially reduced transient activity over the AP during SP2 (Fig. 9c). Although, 
transient activity mostly occurs in winter, we also explored the transient changes in summer, which shows no 
signals of transient activity that can manifest the droughts (see Supplementary Fig. S11). Overall, this suggests 
that the exacerbated drought over the AP is associated with higher seasonal temperatures, reduced storm track 
activity, and relatively enhanced drying.

Discussion and conclusion
We investigated drought variability and associated physical processes over the AP for the period 1951–2020 by 
analyzing different reanalysis and observation based gridded datasets. The SPEI was chosen to represent drought 
variability because it accounts for variations in both precipitation and temperature, which is a dominant climate 
constraint in the desert region of the AP. We performed a comparative assessment of CRU and ERA datasets 
to analyze the drought spatiotemporal patterns over homogeneous drought regions of the AP. The rotated EOF 

Fig. 8.  (a, b) Composite anomalies of 200 hPa zonal wind over the AP in winter for dry and wet years. (c, d) 
Composite anomalies of transient activities over the AP in winter for dry and wet years.
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analysis suggests that the AP has four homogeneous regions of drought, which we refer to as the NW, NE, 
SW, and SE regions. Interestingly, while we found a wetting trend over all the AP, except the SW region in the 
1951–1997 period, a significant drying trend was observed in each of these four homogeneous regions over the 
longer period of 1951–2020, with an abrupt increase in drought frequency and severity in the most recent two 
decades. The frequent droughts in KSA and Oman in recent decades have also been reported  previously15,20,21,33,70.

The analysis of seasonal drought activity revealed the distinct roles of precipitation and PET (temperature) as 
drivers of droughts over the AP. During winter, both temperature and precipitation are major physical factors that 
drive drought activity over the AP. However, the potential evapotranspiration, which depends on temperature, 
is the dominant physical driver for summer drought due to the negligible precipitation across most of the AP, 
except for the SW mountainous region. Our results also show that winter droughts are a result of an anomalous 
northward shift of the subtropical jet and the anomalous paucity of winter storms caused by the weakening of the 
sub-tropical jets. On the other hand, summer droughts appear to be due to anomalous sub-tropical anticyclones 
over the AP region and are associated with an anomalous equivalent barotropic high over the northern AP, both 
resulting in anomalous dry and hot conditions. We also found that the exacerbation of droughts in recent decades 
is associated with a further reduction of synoptic activity and an enhanced increase in the high pressure over the 
AP relative to the previous years. Another recent study has also reported that these frequent drought over the AP 
is the manifestation of natural variability associated with Atlantic Multidecadal  Oscillation70.

Although both the  SPEICRU  and  SPEIERA suggest an increase in drought frequency over the AP region if only 
the 1998–2020 period is considered, only the CRU dataset displays an increasing trend of droughts over the AP in 
this short period. This ambiguity is largely associated with the differences in precipitation between both datasets. 
Precipitation trends and variations over the southern AP depicted in the CRU datasets not only show significant 
differences to those from other datasets for this period but also with the station observations, however, ERA 
performs comparably with respect to station precipitation datasets (Figures not shown). Despite this limitation 
due to data uncertainty in the recent period over the southern AP, our results indicate long-term increasing 
trends in droughts. This needs to be factored in climate change adaptation plans for the AP and neighboring 
regions and is also critically important in validating the simulated global climate trends. This study is crucial in 
understanding the regional processes associated with the droughts. Such an understanding is also important to 
develop operational drought monitoring and forecasting systems for the AP.

In future studies, we will ascertain the proposed mechanisms for the manifestation of droughts and their 
recent increase over the AP, through model-based studies. Furthermore, the changes in the associated large-scale 

Fig. 9.  (a, b) Composite anomalies of GPH at 500 hPa for drought years during SP1 and SP2. (c) Area-averaged 
transient activity anomalies over the AP for the period 1960–2020. The anomalies are calculated based on period 
1960–2020.
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driving forces due to anthropogenic  warming71 as well as natural  variability72, must be determined through an 
analysis of CMIP6 model projections and by performing sensitivity experiments with a high-resolution general 
circulation model suitable for the AP as necessary.

Data availability
All the datasets used in this study are publicly available freely from open sources. The CRU data is available from 
https:// data. ceda. ac. uk/ badc/ cru/ data/ cru_ ts/ cru_ ts_4. 05/ data. The pressure level ERA5 dataset is available to 
registered users at the Copernicus portal by https:// cds. clima te. coper nicus. eu/ cdsapp# !/ datas et/ reana lysis- era5- 
press ure- levels- month ly- means? tab= form, while single level ERA5 dataset was obtained from the link https:// 
cds. clima te. coper nicus. eu/ cdsapp# !/ datas et/ reana lysis- era5- single- levels- month ly- means? tab= form. The GPCC 
dataset was downloaded from https:// psl. noaa. gov/ data/ gridd ed/ data. gpcc. html, and MSWEP from http:// www. 
gloh2o. org/ mswep/.
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