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ARTICLE INFO ABSTRACT
Keywords: Drought is a natural hazard which affects ecosystems in the eastern Mediterranean. However, limited historical
Machine learning data for drought monitoring and forecasting are available in the eastern Mediterranean. Thus, implementing

Data mining
Drought prediction
Syria

Mediterranean basin

machine learning (ML) algorithms could allow for the prediction of future drought events. In this context, the
main goals of this research were to capture agricultural and hydrological drought trends by using the Stan-
dardized Precipitation Index (SPI) and to assess the applicability of four ML algorithms (bagging (BG), random
subspace (RSS), random tree (RT), and random forest (RF)) in predicting drought events in the eastern Medi-
terranean based on SPI-3 and SPI-12. The results reveal that hydrological drought (SPI-12, —24) was more severe
over the study area, where most stations showed a significant (p < 0.05) negative trend. The accuracy of ML
algorithms in drought prediction varied in relation to the implementation stage. In the training stage, RT out-
performed the other algorithms (Root mean square error (RMSE) = 0.3, Correlation Coefficient (r) = 0.97); the
performance of the algorithms can be ranked as follows: RT > RF > BG > RSS for both SPI-3 and SPI-12. In the
testing stage, both the BG and RF algorithms had the highest correlation  (observed vs. predicted) (0.58-0.64) and
lowest RMSE (0.68-0.88). In contrast, the lowest correlation r (observed vs. predicted) (0.3-0.41) and highest RMSE
(0.94-1.10) was calculated for the RT algorithm. However, BG was more dynamic in drought capturing, with the
lowest RMSE and highest correlation. In the validation stage, the BG performance was satisfactory (RMSE =
0.62-0.83, r = 0.58-0.79). The output of this research will help decision-makers with drought mitigation plans
by using the new four machine learning algorithms.

1. Introduction climatic, hydrological, and ecological systems, all of which have socio-
economic implications (Wilhite and Pulwarty, 2017). Drought is pri-
Drought is a natural phenomenon that impacts a wide range of marily caused by meteorological anomalies, in which periods of low
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precipitation result in water shortages in various stages of the hydro-
logical cycle or across the entire cycle (McKee et al., 1993). However,
drought directly or indirectly affects all ecosystem components (Chaves
et al., 2003; Vicente-Serrano et al., 2020). Various factors can influence
drought, including a rise in evaporation rates in the atmosphere (Teuling
et al,, 2013) and atmospheric evaporative demand (Vicente-Serrano
et al.,, 2020), which enhances water shortages and promotes water
stress. Therefore, droughts can be understood as a process in which the
regional hydrological cycle is pushed to its limit, thereby stressing all
other related subsystems (Wilhite et al., 2007). In this context, droughts
have affected many parts of the world over the last few decades. For
example, in the United States, droughts have affected Texas (2012),
California (2012-2015), and the Central Great Plains (2012) (Hao et al.,
2018) as well as Australia (1997-2010) (van Dijk et al., 2013), Pakistan
(Balochistan drought) (1997-2003) (Ahmed et al., 2016; Durrani et al.,
2018), China (Mokhtar et al., 2021; Zhang et al., 2020), Hungary
(Harséanyi et al., 2021; Alsafadi et al., 2020; Mohammed et al., 2020),
Syria (Mohammed et al., 2020; Mohammed et al., 2021), and the
Mediterranean (Kreft et al., 2007).

Drought prediction is one of the most challenging issues for climate
scientists and hydrologists due to its complexity and development on a
spatial-temporal scale (Hao et al., 2018). Drought events are usually
predicted using statistical, dynamical (Mariotti et al., 2013; Mishra and
Singh, 2011; Shahid, 2010), and hybrid models (Pozzi et al., 2013). In
statistical models, correlation relationships between climate variables
and drought indicators are used for drought prediction (Yaseen et al.,
2015). Unlike statistical models, dynamical models are based on the
physical interconnections between earth, ocean, and climate. To
develop drought forecasts and predictions, these interactions are theo-
retically defined and resolved in dynamical models (Turco et al., 2017).
In contrast, a hybrid model is a combination of statistical and dynamical
methods (Murakami et al., 2016; Strazzo et al., 2019). For example, to
develop an ensemble prediction, numerous dynamical model pre-
dictions can be integrated using a statistical framework, which gives
weight to the distinct dynamical model predictions (Madadgar et al.,
2016). However, statistical models are widely employed to predict
droughts due to their simplicity (Belayneh et al., 2016) and inexpensive
processing requirements (Ganguli and Reddy, 2014; Mariotti et al.,
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2013; Xu et al., 2018). Machine learning (ML) techniques have also
recently been used to predict drought in several parts of the world.

Machine learning (ML) approaches involve a set of commands that
allow systems to learn and improve from historical data without
requiring extensive programming (Sachindra and Kanae, 2019). In
various climatological applications, such as rainfall prediction, various
machine learning algorithms have been used to develop models that can
reproduce the empirical relationship between the different variables
(Parmar et al., 2017), drought prediction (Tian et al., 2018), forecasting
heat waves (Khan et al., 2019), and runoff simulation (Yaseen et al.,
2015). Some of the most extensively used ML algorithms for modeling
the relationship between different variables include the relevance vector
machine (RVM), the artificial neural network (ANN), the k-nearest
neighbors (KNN), the extreme learning machine (ELM), the support
vector machine (SVM), genetic programming (GP), and random forests
(RF) (Yaseen et al., 2015; Fahimi et al., 2017; Deo and Sahin, 2015;
Bourdin et al., 2012; Rhee and Im, 2017; Nourani et al., 2014; Wang
et al., 2009). In this context, many ML techniques have been developed
to model the complex non-linear interactions among drought factors and
predictors such as SVM, regression trees, ANN, ELM, and RF (Ganguli
and Reddy, 2014; Granata, 2019; Morid et al., 2007; Mishra and Desai,
2006; Mouatadid et al., 2018; Feng et al., 2019). Additional examples of
the use of ML algorithms in drought prediction can be found in Table 1.

The Mediterranean region was highlighted as being a climate change
hotspot, with winter rainfall dropping by up to 40% (Ginoux et al., 2004;
Tuel and Eltahir, 2020). Drought episodes in the Mediterranean,
particularly those that occur during the wet season, can significantly
influence water supplies through a decrease in groundwater levels and
the available water in dam reservoirs and lakes (Lorenzo-Lacruz et al.,
2013, 2017; Raymond et al., 2016). In this context, water shortage can
have a negative impact on numerous economic sectors, wild biodiver-
sity, and agricultural productivity, especially in countries that signifi-
cantly rely on rain-fed agriculture (Turkes et al., 2020; Schilling et al.,
2020).

Syria, which is situated in the Mediterranean region, is subjected to
climate change, especially drought (Mohammed et al., 2020; Moham-
med et al., 2021). Previously, Mohammed et al. (2020) reported an in-
crease in drought trend across the coastal region of Syria (CoR-SY) (i.e.,

Table 1
An overview of Machine learning methods for drought prediction in some parts of the world.
Machine learning algorithms Study Drought Performance Reference
area

Extreme learning machine (ELM) and artificial ~ Australia drought prediction ELM was better than ANN (Deo & Sahin, 2015)
neural network (ANN)

recursive multistep neural network (RMSNN), Australia Drought Forecasting The RMSNN better 2-3 months forecasting, (Barua et al., 2012)
direct multistep neural network (DMSNN) DMSNN better than

RMSNN for forecast lead times of 4-6 months

least squares support vector machine Australia modelling of the SPI M5Tree model was better than the LLSVM model (Deo et al., 2017)
(LSSVM)
Mb5Tree

wavelet neural network (WNN) Australia Drought prediction AIRMA model showed an obvious advantage over  (Deo et al., 2018)
the autoregressive integrated moving average the SVM and WNN models
(AIRMA)
support vector machines (SVMs)

multilayer perceptron neural network Pakistan drought forecasting MLPNN has potential capability for SPEI drought (Ali et al., 2017)
(MLPNN) forecasting

autoregressive integrated moving average India drought indices predication LSTM better than ARIMA (Poornima and
(ARIMA) Pushpalatha, 2019)
Long short-term memory (LSTM)

artificial neural network (ANN) Iran drought forecasting SVM the best performance (Mokhtarzad et al., 2017)
Adaptive neuro-fuzzy interface system
(ANFIS)
support vector machine (SVM)

Support Vector Machine (SVM) India prediction of effective drought SVR-HHO better than (Malik et al., 2021a)
Particle Swarm Optimization (PSO) index (EDI) SVR-PSO
Harris Hawks Optimization (HHO)

support vector regression (SVR) India meteorological drought SVR-GWO outperformed SVR-SHO (Malik et al., 2021b)

Grey Wolf Optimizer (GWO)
Spotted Hyena Optimizer (SHO)

prediction
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Fig. 1. Study area and selected meteorological stations.

the eastern Mediterranean), where the CoR-SY was represented by 4
weather stations (1990-2010). Similarly, Mathbout et al. (2018) assess
drought variability in Syria using the SPI and the Standardized Precip-
itation Evapotranspiration Index (SPEI), nonetheless, the CoR-SY was
covered by 4 weather stations from 1961 to 2012. However, there is still
alack of literature about drought evolving in the eastern Mediterranean.
On the other hand, the current conflict in Syria has led to a malfunction
in many climate stations across the country. The ML algorithms could be
one of the solutions to overcome the gap in climate data, based on the
historically recorded data. However, to the best of the authors’ knowl-
edge, the performance of ML algorithms was never applied in Syria for
drought prediction and assessment. Thus, this research aimed to bridge
the gap in the literature about the drought evolution in the CoR-SY and
to evaluate the performance of ML algorithms in drought prediction. The
detailed goals were to i) assess drought evolution in the CoR-SY based on
observed rainfall retrieved from 15 stations covering the whole CoR-SY,
and ii) to assess the applicability of the bagging (BG), random subspace
(RSS), random tree (RT), and random forest (RF) in drought prediction
across the CoR-SY.

2. Materials and methods
2.1. Study area and data collection

The study area is located in the eastern part of the Mediterranean
basin (west of Syria) between 35°.49’ to 36°. 31’ E and 34°.49' to 36°.05’
N (Fig. 1), covering an area of 5274 kmZ The climate is a typical
Mediterranean one (Csa and Csb), with a cold and rainy winter and a hot
and dry summer. The average annual temperature ranges between 14.8
°C (mountains) and 19.3 °C (plain), while the average rainfall ranges
from 750 mm (plain) to 1250 mm (mountains). In terms of topography,
the study area can be divided into three geomorphological groups: the
mountain area (400-1700 m), which dominates the eastern part; the
hillslopes (100-400 m); and the plain (0-100 m), which is located near
the coast. However, inclination ranges between 0 and —60°. The study
area consists of two governorates, Tartous and Lattakia, where the total
population is 3 million.

Available rainfall data about the CoR-SY was collected from the
meteorological department in Syria. The stations were not chronologi-
cally consistent with the first station established in 1946, while new
stations were established after the 1970 s. Additionally, some stations
were in service for a period of time and then went out of service due to
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Table 2
some characteristics of monitoring climate stations in the study area.
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Station Abbreviation Lat Long year Monitoring period Elevation (m)
Bouka BO 35° 32/ 35° 48’ 1946-2005 60 50
Lattakia LAT 35° 32/ 35° 46/ 1952-2005 55 7
Joubet Bourghal JB 35° 30/ 36° 11/ 1960-1990 30 950
Qirdaha QI 35° 27’ 36° 04/ 1959-2005 47 300
Hmeimeem HM 35° 24/ 35° 56/ 1956-1991 35 48
Jableh JA 35° 22/ 35° 55’ 1976-1996 21 14
Sin SN 35° 15/ 35° 58’ 1957-2001 45 40
Banias BA 35° 13 35° 57’ 1974-2004 31 5
Qadmous QA 35° 06’ 36° 09’ 1959-2004 46 750
Sheikh Bader AB 34° 59’ 36° 05’ 1960-2004 45 550
Mashta Hilow MH 34° 53’ 36° 16/ 1959-2004 46 500
Tartous TR 34° 53’ 35° 52/ 1957-2005 49 5
Safita AF 34° 49 36° 08 1959-2005 47 350
Sad Tel Kalakh AT 34° 41’ 36° 16/ 1972-2001 30 225
Arida AR 34° 40’ 36° 19 1958-1998 41 240
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Fig. 2. Boxplot of yearly rainfall in the selected meteorological stations (mean (), median (—), near outliers ([]), median 95% confidence (shade)).

technical or other issues. Nevertheless, data were collected from 15
stations, the lowest of which had a monitoring period of 21 years, which
is appropriate for drought monitoring and ML application (Table 2,
Fig. 2).

2.2. SPI and drought trends

In this study, the SPI (McKee et al., 1993) was used for drought
calculation, which was recommended by the World Meteorological Or-
ganization (WMO) (Mohammed et al., 2020). The SPI is a flexible index
that can give an overview of drought events on different timescales, such
as the SPI-1 and SPI-3 for agricultural drought and the SPI-6, SPI-9, and
SPI-12 for hydrological drought. Statistically, the SPI structure trans-
forms rainfall values to one of the probability distributions such as
gamma, Pearson III, or log-logistic. Data are then converted to a normal
distribution (mean = 0, variance = 1). The SPI calculation was exten-
sively reported by many authors in the literature (i.e., Karavitis et al.,
2011; Angelidis et al., 2012); thus, we limited this section to the essence
of the concept of the SPI. The SPI can be interpreted as follows:

R, —R
SPI = E (@D)]
whereR;: rainfall (mm) in a year (i),R: rainfall average, and/Z!:
standard deviation.
In this context, the wet period represents the positive value of the
SPI, while the negative value represents the water shortage (Jasim and
Awchi, 2020). The SPI categories are shown in Table 3.

2.3. Trend analysis

In environmental research, many methods can be implemented to
track the evolution of trends during any given time period, including
parametric and non-parametric methods (Gioia et al., 2020). In this
research, the Mann-Kendall test (M—K test) (Mann, 1945; Kendall,
1975) and Sen’s slope estimator (SSE) (Sen, 1968) was adopted for
tracking drought trends in the studied climate stations. The M—K is used
as one of the non-parametric trend tests, which means that the data does
not have to follow a certain statistical distribution. The M—K test was
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Table 3

SPI categories for drought classification.
Drought group SPI values
Normal 0<
Mild drought 0to —0.5
Moderate drought —0.5 to —0.84
Severe drought —0.84to —1.28
Extreme drought —1.28 to —1.65
Very extreme drought < —1.65

chosen for this research because it can detect any trend, whether it is
linear or non-linear (Wu et al. 2008). However, both M—K, and SSE are
widely used for capturing drought trends and magnitude.

For the time series studied (xj,...... ,Xp), the M—K S statistics (Sharma
and Goyal, 2020) are as follows:

n—1 n
M—KS:Z Zsig(xj—xk) 1)
i=1 j=itl
where xi and xj were the data collected in years j and k (j > k), n
covered the whole period, and sig(x; —x;) is as follows:

1x; < X
Ox; = x; (2)
—1x; > X;j

sign (x; —x;) =

When n > 8, we have an almost normal distribution for the M—K S
statistics; thus, we can use the following hypothesis:

EM—KS)=0 3

_ ”(" - 1)(2" + 5) - Z‘;:ltl(tz - 1)(2t, +5)

18 €]

VAR(M — KS)
In this case, y represents the tied groups, and t; is its size. Finally, the
statistic of MK is as follows:

AR(M — KS) — 1
VARM —KS) — | VAR(M — KS) >0

VAR(M — KS)
MK |W| = 0 VAR(M — KS) =0 (5)
VAR(M — KS) + 1
VAR(M —KS) + 1 VAR(M —KS) < 0
VAR(M — KS)

The positive or negative trend of the M —KS statistics indicates the
increase or decrease in the value of the observed variable, where the HO
of MK (w) was tested at a 0.05 confidence level.

On the other hand, the magnitude of a trend within the time series
studied was determined using Sen’s slope estimator (SSE) (Sen, 1968).
The SSE is a non-parametric method that can be understood as follows:

I —T%
SSE =4~ F
j—k

for all j <k 6)
where I'; -, are the values of data (for more information, see Sen,
1968).

In this study, we adopted the M—K and SSE statistical analysis
methods for detecting changes in a time series and to highlight whether
these changes are significant. Finally, the results were visualized using
the EViews program and the Geographical Information System (GIS).

2.4. Machine learning methods for predicting drought events

Drought conditions were predicted using four rule-based machine
learning approaches: the bagging algorithm (BG), random subspace
(RSS), random forest (RF), and random tree algorithms (RT), as
described in Table 4. All the modeling work was performed in WEKA
(v.3.8.4) Software. The WEKA Software is a set of data mining-related
ML techniques. It can handle and process different data types through
different tools (i.e., regression, clustering, and visualization). The
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Table 4
The parameters of the machine learning algorithm used for SPI 3 and SPI 12
modeling.

Model name Description of parameters

Random Tree (RT) Batch size-100, seed = 1, minimum variance proportion =
0.001
Batch size-100, bag Size percent = 100, Classifier = REPTree,
max depth = 0, numbers of executions slots = 1, number of
iteration = 10, random seed = 1
Random Forest Batch size-100, bag Size percent = 100, max depth = 0,
(RF) numbers of executions slots = 1, number of iteration = 100,
random seed = 1
Random Subspace Batch size-100, Classifier = REPTree, random seed-1,
(RSS) subspace size = 0. 5, numbers of executions slots = 1, number
of iteration = 10

Bagging (BG)

program also includes a graphical user interface (GUI), which is one of
the advantages that help users in running the program. There are other
alternatives such as MATLAB, Python, and R but they need much time to
prepare and implement computer codes. There is no effect on the results
obtained. We selected the easy process for modeling compared to other
software. In this sense, some parameters, especially classifiers such as
M5P, Additive regression (AR), Gaussian process regression (GPR),
REPTree, and SMO-Support Vector Machine (SMO-SVM), were initially
implemented. These parameters consider as the major parameter for
getting the modeling results. The output classified REPTree as the best
classifiers compared to other alternatives.

2.4.1. Bagging algorithm (BG)

Breiman (1996) introduced the bagging algorithm, which used a
bootstrap sampling technique. Bagging is a straightforward and effective
ensemble approach that produces new m training sets and then fits the
datasets using m models. Their prediction results are combined by
averaging the output or voting. Boosting is a term that refers to a
collection of algorithms that use weighted averages to transform
underperforming learners into stronger learners (Breiman, 1996). In this
work, regression was primarily performed, while bagging was applied to
a variety of sophisticated model architectures, regression trees, and
variable selection. Various regression trees were combined to generate a
single output with this bagging technique using a weighted average.
Multiple exercise datasets of comparable size were randomly selected
from a domain during the model’s development stage. A regression tree
model was also created for each of the input datasets. Each tree was
unique and produced a distinct forecast based on the changes in the
training dataset. Finally, the weighted average of each regression tree’s
projections was measured. The settings chosen in this procedure are
described in Table 4.

2.4.2. Random subSpace (RSS)

Ho (1998) created the RSS model as a novel ensemble machine
learning approach for tackling environmental concerns. This model’s
multiple classifiers are integrated and trained on a different feature
space. This approach creates numerous training subsets for the classi-
fiers, which serve as the training foundation. Unlike other ensemble
models, the RSS model uses many samples on function space rather than
example space, as indicated by Havlek et al. (2019). This approach
utilizes bootstrapping and grouping. When various algorithms such as
artificial neural networks, decision trees, or similar approaches are
utilized, random subspace models may show non-linear correlations and
probable interactions between features (Zhao and Liu, 2007). In the
random subspace method, the classifiers are created using the random
subspace approach of the data feature space. These classifiers are often
mixed by a simple majority vote when it comes to the final decision.
High computational costs are a significant drawback of this approach
(He et al., 2003). The parameters used for implementing this approach
are presented in Table 4.
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Table 5
Details of indices with mathematical formulations for validation of data mining techniques.
Indices Formula* Reference Range Ideal Description
level
Root mean square TN : D) X [0 to o] 0 Depicts the differences between observed values
error (RMSE) RMSE = \/ ﬁZizl(SP Ta — SPIp) Ulgen, & Hepbasli and estimated one.
(2002)
Mean Absolute Error 1N ; . [0 to co] 0 Evaluates the average size of errors (i.
MAE = ) . |SPL, —SPL, i ) .
(MAE) Nzlzl |SPI, | Vishwakarma et al. e.,SPLLys.SPI,)
(2022)
Relative Absolute Error i _ SPL - [0 to o] 0 Evaluates the ML performance
ati Rab — PSP 100 P
(RAE) SPI,
Root Relative Squared N : P2 ) ) [0 to oo] 0 Calculates the total squared error and normalizes it
Error (RRSE) RRSE = M Khan et al. (2020) by dividing it by the total squared error.
/3N, (SPL, — SPI™)
Correlation Coefficient r = [-1 to + +1 Shows the similarity between observed and
Pearson (1896)
(1) 1] expected values

i1 { (SPL) — SPIx)(SPI, — SPIp)}
VS0 (SPI, — SPIL)” /S (SPE, — SPTp)°

*SPIL,: actual value,SPIL: predicted value, SPI : the mean value of reference samples, and N is the total number of data points.

2.4.3. Random forest (RF)

The random forest (RF) model is an ensemble method based on the
well-known classification and regression tree method (CART) (Breiman
et al., 1984). The ensemble is created by averaging many trees from the
training data using various bootstraps drawn from the training data.
Furthermore, only a random selection of variables is assessed at each
node. RF with a high number of trees is resistant to overfitting and noise,
is non-informative, and has correlated features. The RF technique con-
sists of two phases. In the first phase, each tree in the random forest
(consisting of several decision trees, e.g., 1000) is generated indepen-
dently using bootstrap sampling from the original data. Each tree is
sampled using a separate bootstrap sample, which is about 66 percent of

Climate data from 19 stations in
the eastern Mediterranean

the total data, n. Second, those observations (33%) that are not included
in the bootstrap sample are referred to as out-of-bag, and the percentage
of misclassified samples (known as out-of-bag error) is a measure of the
method’s accuracy (Peters et al., 2007). Over the last decade, the RF
model has been used in various environmental studies and other envi-
ronmental issues (Peters et al., 2007; Wiesmeier et al., 2011;
Taghizadeh-Mehrjardi et al., 2016). The RF approach makes no as-
sumptions about the model error distribution or any special relationship
within the drought index series.

2.4.4. Random tree (RT)
The RT algorithm was established using a conventional method and

Drought calculation

ML training and testing ML validation

Fig. 3. Flowchart for different steps adopted in this research.
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Fig. 4. Drought trend over the study area for different time scales (-1,-3,-9,-12,-24 months) by using SPI.

then refined using decision trees on an arbitrary column subdivision.
This model was created using a single significant exclusion approach
similar to traditional trees. The model is very fast and adaptable for a
tree starter and may be used to illustrate a wide range of issues (Najock
etal., 1982; Busch et al., 2009). A supervised classifier is a collaborative
learning model that is used to construct more distinct origins. It provides
a bagging impression to conceptualize an arbitrary information standard
for developing decision tree models. Each node in a typical tree is
separated using the smallest fragment in the entire variable. All the
nodes are split by the smallest fragment between a subset of forecasters
that were arbitrarily chosen at a node. In a decision-making tree, each
leaf receives an optimal linear model to a local subspace, with each leaf
bearing an explanation. The use of decision trees alone has substantially
advanced random forests; tree variation is formed when two trees go in
different directions (Amit and Geman, 1997). The parameters chosen for
this model are described in Table 4.

2.4.5. Model performance

The ML algorithm’s performance was evaluated by comparing the
estimated values of the SPI (i.e., modeled values from through ML al-
gorithms) with the observed values in different time scales. The model’s
performance was evaluated using cross-validation (Cr.V) (Bouras et al.
2021). The Cr.V is one of the simple techniques used for selecting and
evaluating algorithms, which avoid over-fitting (Bouras et al. 2021).
However, the Cr.V at 5 folds for the best models was carried out.

In literature, there is a wide range of statistical indicators that could
be used to evaluate the performance of the ML algorithm. However, in
this research, we adopted the most common statistical indicators (Root
mean square error (RMSE), Mean Absolute Error (MAE), Relative Ab-
solute Error (RAE), Root Relative Squared Error (RRSE), Correlation
Coefficient (r)), along with the Taylor diagram, as depicted in Table 5.
The adopted statistical indicators depict the differences between
observed values and estimated one along with the average size of errors.

In this study, three stations with different elevations (BO (50 m), JB
(950 m), and QA (750 m)) were chosen for model training (70% of the
dataset) and testing (30% of the dataset). The performances of the BG,
RSS, RF, and RT algorithms were assessed by using the indicators in
Table 5. The algorithms that achieved the best performance were then
implemented in another three stations with different elevations (LAT (7
m), SB (550 m), and TR (5 m)) for validation, as presented in Fig. 3.

3. Results
3.1. Drought trends over the study area

For agricultural drought (i.e., SPI-1 and SPI-3), few stations depicted
a significant (p < 0.05) negative trend of drought across the study area.
However, the majority of the stations experienced negative but non-
significant drought (Fig. 4). For SPI-1, 60% of the stations depicted a
negative trend, while 40% showed no trend (Sen’s slope = 0). In the case
of SPI-3, 40% of the stations depicted a significant negative (p < 0.05)
trend, while 34% showed a negative but not significant drought trend
(Fig. 4).

In terms of hydrological drought (SPI-9, —12, and —24), the majority
of the stations showed a significant negative (p < 0.05) trend (Fig. 4). In
this regard, 54%, 74%, and 74% of the total stations showed a significant
negative (p < 0.05) trend for SPI-9, SPI-12, and SPI-24, respectively.
Interestingly, the drought magnitude was more pronounced in the
eastern (far away from the coast) and northern parts (near the Turkish
border).

Among all the stations studied, the SN station showed a significant
negative trend for all the drought scales, whereby the drought trend
increased by 0.012 to 0.018 per decade. Some other stations such as BO,
JB, JAB, and QA depicted a significant negative trend for SPI-3, —9,
—12, and 24 (Fig. 4). However, the highest drought trend increase was
recorded in JB, which ranged between 0.013 per decade (SPI-3) and
0.032 per decade (SPI-24).

3.2. Efficiency of machine learning methods for predicting drought events

3.2.1. ML algorithms’ performance in the training and testing stage
Three stations with different elevations were chosen for data mining
training and testing. The stations were chosen based on their elevation
to assess the ML algorithms’ ability to capture different drought cycles.
The first station was near the coast, namely BO (50 m), with an average
rainfall of 836 mm (1946-2005). The second station was QA (750 m),
with an average rainfall of 1278.92 mm (1959-2004), which was
located mid-altitude of the coastal mountains. The JB was the highest
climate station (950 mm), with an average rainfall of 1561.48 mm
(1960-1990). After calculating drought indicators in different time
scales, the SPI-3 was chosen as a representative of agricultural drought,
while the SPI-12 was chosen as a representative of hydrological drought.
In the training stage, the RT algorithm showed a high aptitude for
both agricultural and hydrological drought prediction (Fig. 5; Fig. 6).
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For the SPI-3, the statistical indicators showed that the RT algorithm had
the lowest RMSE values, ranging between 0.3 for the BO station and 0.1
for both the JB and QA stations, and the highest r values, which range
between 0.97 and 1 (Fig. 7A; Appendix 2a). Similar results were ob-
tained for SPI-12, where RT and RF had the highest r values and the
lowest RMSE (Fig. 7D; Appendix 3a). In this stage, the performance of
the algorithms can be ranked as follows: RT > RF > BG > RSS for all
stations and both drought indices, as can be seen in Fig. 8A, B, and C for
SPI-3 and Fig. 9A, B, and C for SPI-12.

In the testing stage, BG, RSS, and RF showed dynamic preferences in
drought prediction. Interestingly, the RT algorithm preference was the
worst. The lowest RMSE value in the BO/SPI-3 station was recorded in
BG accompanied with the lowest values for MAE (0.64), RAE (0.75), and
RRSE (0.77); quite comparable results were also obtained for JB/SPI-3
and QA/SPI-3 (Fig. 7B; Appendix 2b). For other algorithms, both the
RS and RF algorithms performed quite well (Fig. 7B; Appendix 2b),
while the preference of RT was the lowest (Fig. 7B; Appendix 2b). For
SPI-12, both the BG and RF algorithms had the highest correlation r
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(observed vs. predicted) (0.58-0.64) and the lowest RMSE (0.68-0.88)
(Fig. 7E; Appendix 2b). In contrast, the lowest correlation r (gbserved vs.
predicted) (0.3-0.41) and highest RMSE (0.94-1.10) was calculated for the
RT algorithm (Fig. 7E; Appendix 2b). The performance of the algo-
rithms can be ranked as follows: BG > RF > RSS > RT for all stations and
both drought indices, as can be seen in Fig. 8D, E, and F for SPI-3 and
Fig. 9D, E, and F for SPI-12.

As both the BG and RF algorithms had the highest correlation and
lowest RMSE, the Cr.V was implemented at 5 folds for the best both
models (i.e., BG and RF). The results Cr.V were presented in

Appendix 3. Based on the output of the testing stage, the BG algorithm
was chosen for validation.

3.2.2. ML algorithms’ performance in the validation stage

As BG proved to have the highest performance, this algorithm was
adopted and validated in the other three climate stations (LAT, SB, and
TR), as depicted in Fig. 10. The validation climate stations were chosen
based on geographical locations, where LAT (7 m) was located in the
northern part of the study area (near the Turkish border), the TR (5 m)
was located in the southern part of the study area (near the Lebanese
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Fig. 7. Results of different statistical indices for evaluating the ML algorithms (training (TR), testing (TS), validation (VA)).

border), and SB (550 m) was chosen in the mountain region. In terms of
the SPI-3 correlation,  (observed vs. predicted) Fanged between 0.58 (LAT)
and 0.6 (TR), while the RMSE did not exceed 0.83 (Fig. 7C; Appendix
2c). The performance of BG was powerful in drought production over a
12-month time scale (i.e., SPI-12) (Fig. 10), where the correlation r
(observed vs. predicted) €xceeded 0.75 for the three stations with a lower
value of RMSE (Fig. 7F; Appendix 3c). Fig. 11 shows the relation be-
tween observed and predicted values for both SPI-3 and SPI-12 based on
the Taylor diagram, where the highest compatibility was recorded in
LAT-SPI-12 (Fig. 11D), while the lowest value in LAT-SPI-3 (Fig. 11A).
Despite some variants in drought prediction across the station, BG seems
to be a powerful algorithm in drought prediction in the eastern
Mediterranean.

4. Discussion:
4.1. Drought trends across the eastern Mediterranean

The Mediterranean basin is one of the world’s climate "hotspots’,
where severe climate change consequences are projected (Giorgi, 2006).
The Mediterranean is classified as a temperate mid-latitude climate with
a hot summer season. Rainfall has a specific annual pattern, with little
rainfall in summer and a regional gradient toward the south (Lionello,
2012). The transition phase between the warm and cold mild-latitudes
causes seasonal and inter-annual variability in the Mediterranean
climate, resulting in significant circulation shifts between winter and
summer. The expected decrease in mean precipitation is one of the
primary responses of the Mediterranean’s climate to the rapid increase
in greenhouse gas-driven warming (Garcia-Ruiz et al., 2011; Cramer
et al., 2018).

Over the last century, a drying trend in the Mediterranean region was
recorded (Mariotti et al., 2015; Mathbout et al., 2021). In this study,
both agricultural and hydrological drought events were captured across
the CoR-SY (eastern Mediterranean) (Fig. 4). The output of this research
coincides with previous research conducted in Syria. For instance,
Mathbout et al. (2018) distinguished the CoR-SY as one of the regions
that had a temporal evolution of droughts between 1960-2016.
Mohammed et al. (2020) reported an increase in drought at SPI-12 (i.e.,
frequency and intensity) across Syria between 1990 and 2010. Due to
poor records and high inter-annual precipitation variability, drought
assessment in the Mediterranean basin is challenging. Drought events in
this region are predicted to be frequent and severe in the future, ac-
cording to both metrological (Dubrovsky et al., 2014; Hertig and
Tramblay, 2017) and hydrological (Forzieri et al., 2014) forecasts.
Interestingly, Homsi et al. (2020) predicted future drier climate across
Syria based on different RCPs pathways, which will affect the agricul-
tural sector. The literature suggests various explanations for the Medi-
terranean dryness trend, including changes in the mean flow time on a
large scale (Simpson et al., 2018; Seager et al., 2014), the expansion of
the Hadley cell (Giorgi et al., 2019; Scheff and Frierson, 2012), and high-
pressure anomalies (Seager et al., 2019; Giorgi and Lionello, 2008) or
winter cyclone activity and weather regimes (Santos et al., 2016; Rojas
et al.,, 2013; Giorgi and Lionello, 2008). Therefore, droughts in the
eastern Mediterranean have been reported to be the most severe and
long-lasting in decades (Kelley et al., 2015; Mathbout et al., 2021).
Furthermore, several studies have revealed that the increased drought
intensity in various Mediterranean countries (Jacob et al., 2018; Calo-
iero et al., 2018; Sousa et al., 2011; Raymond et al., 2019) is mainly due
to the observed increase in atmospheric evaporative demand (Vicente-
Serrano et al., 2014). On the other hand, drought events were projected
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to become more frequent and severe across most of the world because of
climate change (Cook et al., 2014).

4.2. Efficiency of machine learning methods for predicting drought events

To build better adaptation methods, it is important to identify the
possible implementation of machine learning algorithms and data
mining techniques for future drought assessment. Scholars have recently
demonstrated that some climatic phenomena such as drought events and
their associated risks might be predicted using machine learning
methods, which have high accuracy (Felsche and Ludwig, 2021; Park
et al., 2016; Rahmati et al., 2020). Machine learning methods are now
extensively being applied in a variety of scientific disciplines, such as
flood prediction and assessment (Mandal and Pal, 2020), determining
dust pollution (Ebrahimi-Khusfi et al., 2021), soil and landscape
modeling (Zeraatpisheh et al., 2020), and landslide susceptibility valu-
ation (Saha and Saha, 2020).

Previous studies have shown that machine learning models outper-
form traditional statistical methods. Additionally, machine learning al-
gorithms can manage large datasets and result in more accurate findings
(Gayen et al., 2019; Zeraatpisheh et al., 2020).

11

In this study, four machine learning algorithms (i.e., BG, RSS, RF,
and RT) were implemented for the purpose of drought prediction.
Despite the fact there is no unified approach for separating data for
training and testing (Shamshirband et al. 2020). In this research, 70% of
the dataset was used for model training, while 30% of the dataset was
used for model testing. The results showed us that BG outperformed the
other ML algorithms. One of the most fundamental advantages of the
bagging technique is that it combines all the trees to produce a combined
tree model rather than a single tree model output. It also removes the
existing instability in the regression tree development. This was
accomplished by eliminating the initial training datasets rather than by
sampling new training datasets for each time step. In this context, the BG
technique has successfully been applied to several environmental
studies (Hong et al., 2020; Saha et al., 2021) and revealed excellent
prediction accuracy. Nevertheless, this model is rarely used for drought
prediction (Saha et al., 2021). It is good to mention here that the per-
formance of the RF model was almost similar to the BG model, where the
T (observed vs. predicted) and other statistical indicators were in the same
range (Fig. 7; Appendices 2 and 3). Despite the different techniques in
both algorithms, RF provided a set of equally probable drought indicator
realizations, and the disparities between the realizations may be used to
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assess uncertainty (Chen et al., 2012; Park et al., 2016). Previous studies
showed that the BG algorithm had a good drought prediction capacity
(Saha et al., 2021a, b). On the other hand, RF is also reported to be one of
the pioneer algorithms in drought prediction and assessment (Mokhtar
et al., 2021; Danandeh Mehr et al., 2020).

4.3. Limitation, uncertainty, and outlook

To capture drought across the Cor-SY, the SPI was implemented. The
SPI, like all other indices, has its shortcomings. For instance, the SPI
employs only rainfall data and did not consider the rest of the climatic
factors (i.e., temperature, evapotranspiration, radiation). Also, the SPI
not being able to forecast when a drought will begin and finish (Alsafadi
et al., 2020). Some other features that could affect drought evolution
were also did not consider by SPI, such as geographical and topo-
graphical differences. This research wholly relied on the results of the
SPI index, which may affect prolonged drought over the study area.
However, the SPI is a good index for drought monitoring that was

12

recommended by the World Meteorological Organization (WMO) and
implemented worldwide.

On the other hand, selecting the appropriate input to predict hy-
drological events is a real challenge (Mohamadi et al. 2020). The prin-
cipal component analysis is suggested to discover the best input
combinations for modeling hydrological variables (Mohamadi et al.
2020). However, the output of the SPI index was used as input for the
training and testing of the ML algorithms. Some uncertainty was
revealed due to the nature of the input data, where the ML algorithms
were not used for drought calculation but rather to simulate drought in
the study area. According to Rahmati et al. (2020) and Swain et al.
(2011), monitoring drought based on weather stations and interpolating
the findings has a significant level of uncertainty in interpolated regions.
Adopting a set of inputs (such as rainfall, temperature, and relative
humidity) for drought simulation may improve the performance of
various algorithms in capturing drought events. At a later stage, the SPEI
could be compared with the SPI, considering a set of climatic factors to
ensure the effectiveness of BG compared with the rest of the algorithms.
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5. Conclusion

In this study, drought prediction using four ML algorithms has been
investigated in the Eastern Mediterranean region. Giving the fact that
this region is suffering significantly from the changes in the climate, this
effect was evidenced in the results of the initially drought trend analysis
in this study. By using the SPI index, an increasing of drought trend over
the region was detected, where the majority of the stations exhibited a
significant negative (p < 0.05) trend for both hydrological and agri-
cultural drought.

ML algorithms (BG, RSS, RF, and RT) were then developed to test
their performances in drought prediction. The performance of the ML
algorithms varied depending on the implementation stage. For instance,
the RT algorithm outperformed the other algorithms in the training
stage, while both BG and RF outperformed the other algorithms in the
testing stage. However, BG showed satisfactory performance for drought
prediction when validated in three new climate stations across the CoR-
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SY. According to the results of this study, using ML algorithms in
drought research may improve prediction accuracy. In future work, the
drought cycle prediction should be enhanced by using additional
climate components, for example, evapotranspiration and soil moisture.
This research provides the basis for applying ML methods to drought
forecasting in the eastern Mediterranean in the future.
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Station Parameter SPI-1 SPI-3 SPI-9 SPI-12 SPI-24
Arida p 0.2810 0.2236 0.0741 0.0065 0.0014
sen —0.0002 —0.0003 —0.0006 —0.0008 —0.001
Banias p 0.5394 0.3869 0.4914 0.7470 0.1349
sen 0 —0.0003 —0.0004 —0.0002 —0.0006
Bouka p 0.1275 0.0086 < 0.0001 < 0.0001 < 0.0001
sen —0.0002 —0.0005 —0.0008 —0.0009 —0.0011
Hmiemim p 0.9127 0.7352 0.1802 0.1565 0.0365
sen 0 0.0001 0.0006 0.0006 0.0008
Joubet Bourghal p 0.1177 0.0066 < 0.0001 < 0.0001 < 0.0001

(continued on next page)
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(continued)
Station Parameter SPI-1 SPI-3 SPI-9 SPI-12 SPI-24
sen —0.0006 —0.0013 —0.002 —0.0023 —0.0032
Jablh p 0.0894 0.0335 0.0153 0.0081 0.0027
sen —0.0011 —0.0019 —0.0022 —0.0025 —0.0025
Lattakia p 0.4247 0.3517 0.1298 0.0362 0.0005
sen —0.0001 —0.0002 —0.0003 —0.0004 —0.0007
Mashta Helo p 0.8363 0.4073 0.1965 0.0813 < 0.0001
sen 0 —0.0002 —0.0003 —0.0005 —0.0012
Qadmous P 0.2861 0.0293 0.0024 0.0010 < 0.0001
sen —0.0002 —0.0005 —0.0009 —0.0009 —0.0014
Qirdaha p 0.3095 0.0679 0.0015 0.0001 < 0.0001
sen —0.0002 —0.0004 —0.0008 —0.001 —0.0015
Safita p 0.7830 0.6890 0.9706 0.7906 0.0836
sen 0 0 0 0 —0.0005
Shaikh Bader p 0.2861 0.0293 0.0024 0.0010 < 0.0001
sen —0.0002 —0.0005 —0.0009 —0.0009 —0.0014
Sin p 0.0045 < 0.0001 < 0.0001 < 0.0001 < 0.0001
sen —0.0006 —0.0012 —0.0014 —0.0015 —0.0018
Talkalakh P 0.8891 0.8187 0.7784 0.8795 0.0634
sen 0 0 —0.0001 0 —0.0008
Tartous p 0.8988 0.7216 0.6939 0.7717 0.9009
sen 0 0.0002 0.0002 0 0

Appendix 2. Results of different statistical indices for evaluating the ML algorithms in terms of SPI-3

A) Training stage

STA BO/SPI3-TR JB/SPI3-TR QA/SPI3-TR

STAT BG RSS RF RT BG RSS RF RT BG RSS RF RT

T 0.72 0.72 0.68 0.97 0.73 0.66 0.96 1.00 0.77 0.69 0.97 1.00
MAE 0.52 0.52 0.61 0.23 0.49 0.60 0.23 0.00 0.49 0.63 0.24 0.00
RMSE 0.67 0.67 0.77 0.30 0.64 0.75 0.31 0.01 0.64 0.80 0.30 0.01
RAE 0.67 0.67 0.79 0.30 0.66 0.80 0.31 0.00 0.63 0.80 0.30 0.00
RRSE 0.70 0.70 0.80 0.32 0.70 0.82 0.33 0.01 0.65 0.82 0.31 0.01

B) Testing stage

BO/SPI3-TS JB/SPI3-TS QA/SPI3-TS
STAT BG RSS RF RT BG RSS RF RT BG RSS RF RT
T 0.63 0.64 0.60 0.37 0.64 0.61 0.62 0.30 0.58 0.60 0.58 0.41
MAE 0.64 0.68 0.65 0.88 0.70 0.77 0.71 0.98 0.56 0.56 0.56 0.73
RMSE 0.79 0.84 0.81 1.10 0.88 0.97 0.88 1.27 0.68 0.71 0.68 0.94
RAE 0.75 0.80 0.76 1.03 0.76 0.84 0.77 1.06 0.86 0.86 0.85 1.13
RRSE 0.77 0.80 0.79 1.07 0.76 0.84 0.77 1.10 0.81 0.85 0.81 1.13

C) Validation stage

LAT/SPI3-VA SB/SPI3-VA TR/SPI3-VA
T 0.58 0.58 0.60
MAE 0.67 0.63 0.62
RMSE 0.83 0.81 0.80
RAE 0.85 0.83 0.85
RRSE 0.85 0.85 0.84

Appendix 3. Results of different statistical indices for evaluating the ML algorithms in terms of SPI-12

A) Training stage
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BO/SPI12-TR JB/SPI12-TR QA/SPI12-TR
STAT BG RSS RF RT BG RSS RF RT BG RSS RF RT
r 0.94 0.92 0.99 1.00 0.95 0.91 0.99 1.00 0.95 0.93 0.99 1.00
MAE 0.23 0.28 0.11 0.01 0.23 0.33 0.11 0.01 0.24 0.31 0.12 0.01
RMSE 0.34 0.40 0.16 0.01 0.32 0.44 0.16 0.01 0.33 0.40 0.16 0.01
RAE 0.30 0.35 0.14 0.01 0.27 0.40 0.13 0.01 0.28 0.36 0.14 0.01
RRSE 0.34 0.40 0.16 0.01 0.32 0.44 0.16 0.01 0.31 0.39 0.15 0.01

B) Testing stage

BO/SPI12-TS JB/SPI12-TS QA/SPI12-TS
STAT BG RSS RF RT BG RSS RF RT BG RSS RF RT
r 0.87 0.85 0.87 0.73 0.96 0.90 0.99 1.00 0.88 0.87 0.88 0.74
MAE 0.30 0.36 0.32 0.47 0.26 0.42 0.13 0.01 0.29 0.31 0.29 0.46
RMSE 0.43 0.47 0.44 0.62 0.35 0.54 0.18 0.01 0.40 0.42 0.40 0.60
RAE 0.35 0.42 0.37 0.55 0.27 0.44 0.13 0.01 0.40 0.44 0.41 0.65
RRSE 0.41 0.45 0.42 0.59 0.30 0.46 0.15 0.01 0.46 0.49 0.46 0.69

C) Validation stage

LAT/SPI12-VA SB/SPI12-VA TR/SPI12-VA
T 0.79 0.78 0.78
MAE 0.48 0.50 0.51
RMSE 0.62 0.64 0.64
RAE 0.62 0.62 0.63
RRSE 0.62 0.64 0.64

Appendix 3. Results of different statistical indices for cross-validation (Cr.V) for BG and RF

A) SPI-3

BO/SPI3- Cr.V JB/SPI3- Cr.V QA/SPI3- Cr.V
STAT BG RF BG RF BG RF
r 0.54 0.54 0.51 0.49 0.57 0.54
MAE 0.62 0.62 0.62 0.62 0.62 0.64
RMSE 0.80 0.79 0.79 0.81 0.80 0.82
RAE 80.70 80.10 82.60 83.05 79.29 81.52
RRSE 83.63 82.92 85.61 88.02 81.86 84.02
B)SPI-12

BO/SPI12- Cr.V JB/SPI12- Cr.V QA/SPI12- Cr.V
STAT BG RF BG RF BG RF
r 0.90 0.90 0.90 0.90 0.91 0.91
MAE 0.28 0.28 0.29 0.29 0.30 0.30
RMSE 0.42 0.43 0.41 0.42 0.41 0.42
RAE 36.36 36.72 35.34 35.94 36.42 36.45
RRSE 42.57 43.06 41.79 42.07 39.23 40.29
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