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A B S T R A C T   

Water availability for agricultural practices is dynamically influenced by climatic variables, particularly 
droughts. Consequently, the assessment of drought events is directly related to the strategic water management 
in the agricultural sector. The application of machine learning (ML) algorithms in different scenarios of climatic 
variables is a new approach that needs to be evaluated. In this context, the current research aims to forecast 
short-term drought i.e., SPI-3 from different climatic predictors under historical (1901–2020) and future 
(2021–2100) climatic scenarios employing machine learning (bagging (BG), random forest (RF), decision table 
(DT), and M5P) algorithms in Hungary, Central Europe. Three meteorological stations namely, Budapest (BD) 
(central Hungary), Szeged (SZ) (east south Hungary), and Szombathely (SzO) (west Hungary) were selected to 
forecast short-term agriculture drought i.e., Standardized Precipitation Index (SPI-3) in the long run. For this 
purpose, the ensemble means of three global circulation models GCMs from CMIP6 are being used to get the 
projected (2021–2100) time series of climatic indicators (i.e., rainfall R, mean temperature T, maximum tem
perature Tmax, and minimum temperature Tmin under two scenarios of socioeconomic pathways (SSP2-4.5 and 
SSP4-6.0). The results of this study revealed more severe to extreme drought events in past decades, which are 
projected to increase in the near future (2021–2040). Man-Kendall test (Tau) along with Sen’s slope (SS) also 
revealed an increasing trend of SPI-3 drought in the historical period with Tau = − 0.2, SS = − 0.05, and near 
future with Tau = − 0.12, SS = − 0.09 in SSP2-4.5 and Tau = − 0.1, SS = − 0.08 in SSP4-6.0. Implementation of 
ML algorithms in three scenarios: SC1 (R + T + Tmax + Tmin), SC2 (R), and SC3 (R + T)) at the BD station revealed 
RF-SC3 with the lowest RMSE RFSC3-TR = 0.33, and the highest NSE RFSC3-TR = 0.89 performed best for forecasting 
SPI-3 on historical dataset. Hence, the best selected RF-SC3 was implemented on the remaining two stations (SZ 
and SzO) to forecast SPI-3 from 1901 to 2100 under SSP2-4.5 and SSP4-6.0. Interestingly, RF-SC3 forecasted the 
SPI-3 under SSP2-4.5, with the lowest RMSE = 0.34 and NSE = 0.88 at SZ and RMSE = 0.34 and NSE = 0.87 at 
SzO station for SSP2-4.5. Hence, our research findings recommend using SSP2-4.5, to provide more accurate 
drought predictions from R + T for future projections. This could foster a gradual shift towards sustainability and 
improve water management resources. However, concrete strategic plans are still needed to mitigate the negative 
impacts of the projected extreme drought events in 2028, 2030, 2031, and 2034. Finally, the validation of RF for 
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short-term drought prediction on a large historical dataset makes it significant for use in other drought studies 
and facilitates decision making for future disaster management strategies.   

1. Introduction 

Drought is a chronic and frequent global natural disaster attributed 
to climatic change (Spinoni et al., 2019). The intricate and prolonged 
interplay of hydrological and atmospheric processes, intensified by 
human activities, causes uncertainties in atmospheric phenomenon, 
such as precipitation. This influences water balance and intensifies the 
occurrence of extreme events. (Qiu et al., 2023; Xu et al., 2023). The 
Intergovernmental Panel on Climate Change (IPCC) sixth assessment 
report (AR6) reported that climatic-induced extreme events, such as 
drought, heatwaves, wildfires, heavy rains, and floods, are at high risk in 
the future at a warming level of 1.0–1.5 ◦C, with devastating impacts 
(Alsafadi et al., 2023; Magnan et al., 2021; Pörtner et al., 2022). Drought 
is one of the most recurring extreme events that is influenced by pro
longed and abnormal deficiency of precipitation over a specific region 
and time, with multifaceted direct or indirect effects on the hydrological 
subsystem, agriculture, and economy (Arshad et al., 2023b; Blauhut 
et al., 2022). Droughts are multiscale and multidimensional events 
characterized by frequency (f), duration (d), and severity (S) at different 
timescales of short-term (one-month to three-month), medium-term 
(six-month to twelve-month), and long-term up to thirty-six- months 
(Wu et al., 2021). Short-term meteorological droughts of 1 to 3 months 
mostly reflect the deficit of soil moisture conditions, which, if continued 
to medium to long-term, cause agricultural droughts that restrict crop 
growth, leading to yield loss (Li et al., 2020; Zhao et al., 2023). 

Although drought is a global phenomenon, Europe is often referred 
to as a ‘hotspot’ for drought occurrences. In the last decade, a gradual 
increase in air temperature along with extreme heat waves and high 
evapotranspiration has accelerated the frequency of drought events in 
southern and central European regions (Cook et al., 2020; Hari et al., 
2020a; Ionita and Nagavciuc, 2021). Regional climatic simulations have 
revealed that the central and northern European regions are consider
ably affected by water imbalances due to intensive temperature and 
changes in precipitation patterns, resulting in persistent and frequent 
drought events (Nikulin et al., 2011). European summer droughts of 
2003 and 2015, with exceptionally high temperatures, increased the 
vulnerability of the region towards compound extreme events (Hänsel 
et al., 2019; Ionita et al., 2017; Luterbacher et al., 2004; Schär et al., 
2004). It was followed by another extreme drought year in 2018 at 3 ◦C 
above long-term mean temperature and devastating impacts in central 
and northeastern Europe (Hari et al., 2020a; Oikonomou et al., 2020; 
Schuldt et al., 2020). Therefore, in the last two decades, the drought 
hazard has become one of the greatest concerns for the European region 
and is expected to rise more in the 21st century (Buzási et al., 2021). In 
this context, future drought events were predicted to be more prevalent 
in Europe (Adeyeri et al., 2023; Iranshahi et al., 2023; Othman and 
Tukimat, 2023; Samantaray et al., 2022; Wang et al., 2021). 

The Standardized Precipitation Index (SPI) introduced by McKee 
et al. (1993) is a widely adopted precipitation-based drought index that 
provides a true representation of dryness or wetness of the region at a 
varying time scale of short-term (1-month) to long-term (36-month) 
(Guttman, 1999). Additionally, several other climatic variables such as 
temperature, relative humidity, and evapotranspiration are also signif
icant predictors of multiple drought events (Rhee and Im, 2017). The 
increasing temperature triggers the rate of evapotranspiration, leading 
to long-term hydrological and agricultural drought conditions (Bazraf
shan, 2017; Jeong et al., 2014). Drought is a nonlinear phenomenon 
(Yang et al., 2018), and traditional methods have numerous limitations 
in dealing with the dynamics and nonlinearity inherent in the phe
nomenon. For instance, statistical methods are direct, simple, low-cost, 
and generalized but perform poorly in long-lag prediction because of 

their collinearity issues (Zhang et al., 2019). Additionally, statistical 
models fit poorly with nonlinear data and perform better for linear data 
analysis (Li et al., 2016). On contrary, Machine learning (ML) can model 
and forecast drought data using self-organizing and self-adaptive algo
rithms with nonlinear properties (Table 1) (Liu et al., 2018). 

Machine learning algorithms are composed of instructions that 
enable them to acquire knowledge from historical data and formulate 
predictions without the need for extensive programming. Various ML 
methods such as Artificial Neural Network (ANN) (Dikshit et al., 2022; 
Fahimi et al., 2017), Support Vector machine (SVM) (Ganguli and 
Reddy, 2014), Decision Trees (DT), and Random Forest (RF) are being 
used in drought prediction studies (Table 1) (Fahimi et al., 2017; Rhee 
and Im, 2017). A bibliographic review analysis for keywords SPI, Ma
chine learning, and climate projections revealed the utilization of ma
chine and deep learning neural networks for drought predictions in the 
broad perspective of climate change (Fig. 1). Furthermore, ML appli
cations are used for drought predictions in various regions like China 
(Zhang et al., 2019), USA (Agana and Homaifar, 2017; Park et al., 2016), 
northeast Asia (Rhee and Im, 2017), northeast Africa (Belayneh et al., 
2016b), southeast Australia (Feng et al., 2019), etc. However, a few 
studies have been conducted in central Europe for ML-based drought 
predictions (Felsche and Ludwig, 2021; Forzieri et al., 2014; Li et al., 
2021). 

A rigorous review of previous studies also overlooked the testing of 
machine learning (ML) algorithms for future drought predictions in 

Table 1 
A review of drought predictions employing machine learning methods.  

Region Indicator ML models Findings Reference 

Pakistan SPI OP-ELM, 
DENFIS 

DENFIS provided 
better accuracy for 
SPI-3, 6 and 9 
predictions at three 
stations 

Adnan et al., 
2023 

China SPI GPR GPR blending with 
reanalysis products 
outperformed drought 
prediction compared 
to station-based SPI 

He et al., 
2023 

Morocco SPI RSS, RF, M5P, 
REPTree 

REPTree model 
outperformed other 
ML models for 
predicting short term 
(SPI-3 and SPI-6) 
droughts 

Acharki et al., 
2023 

Algeria SPI SVM, additive 
regression 
(AR), BG, RSS, 
RF 

SVM outperformed 
other models for SPI- 
3,6,9, and 12. 

Achite et al., 
2023 

Central 
India 

SPI RF, RT, GPR RF outperformed 
other models for SPI-6 
and SPI-12 

Elbeltagi 
et al., 2023a 

India SPI (AR), random 
subspace 
(RSS), M5P, 
bagging 

Bagging and M5P 
outperformed other 
models for SPI-3 and 
SPI-6 prediction. 

Pande et al., 
2023 

Syria SPI BG, RSS, RT, 
and RF 

BG & RF had the best 
performance 

Mohammed 
et al., 2022  

SPEI SVM, ANN, 
KNN 

SVM algorithm was 
the best 

Khan et al., 
2020 

Australia SPEI SVR SVR is considerably 
efficient in predicting 
drought 

Deo et al., 
2018 

Ethiopia SPI ANN, SVR The SVR algorithm 
provided the best 
results. 

Belayneh 
et al., 2016b  
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different temperature scenarios which need to be evaluated (Achite 
et al., 2022; Belayneh et al., 2016a; Djerbouai and Souag-Gamane, 2016; 
Nafii et al., 2023). In this context, our study aimed to forecast short-term 
drought (SPI-3) from different climatic predictors under historical 
(1901–2020) and future (2021–2100) climatic scenarios of SSP2-4.5 and 
SSP4-6.0 employing machine learning algorithms. 

Specifically, we utilized four ML algorithms in three developed sce
narios: ((SC1 (rainfall (R) + average monthly temperature (T) + daily 
mean maximum temperature (Tmax) + daily mean minimum tempera
ture (Tmin)), SC2 (R), and SC3 (R + T)) of climatic predictors for short- 
term drought forecasting (based on SPI-3) from historical and future 
projected climatic scenarios derived from the ensemble mean of three 
GCMs of CMIP6 in Hungary, Central Europe. Hence, our study used an 
approach of utilizing temperature as a predictor of short-term drought i. 
e., SPI-3 forecasting in the longer run. The output of this study suggested 
the best ML model performance for the best climatic scenario based on 
the specified evaluation parameters among the three climatic scenarios. 
The study also determined the closest and best SSP scenarios for future 
forecasting of SPI-3 at a regional scale. Hence, it will provide a useful 
future opportunity to utilize these ML algorithms in long-run drought 
forecasting and its impacts in other European regions. 

2. Materials and methods 

2.1. Study area 

The area selected for the current study is Hungary, which lies be
tween latitudes 45–48.5◦N and longitudes 16.5–22.5◦E in the Carpa
thian Basin of Central Europe (Fig. 2). Topographically, the country is 
mostly flat/plain area called ‘Hungarian Great Plain’ in the east of river 
Danube. A hilly region lies in the west of the Danube and Northern hills, 

with ‘Mount Kekes’ being the highest peak of the region located 
northeast of Budapest (Scranton, 2022; Vadas, 2022). Most of the 
country’s elevation lies below 250 m. The region has a continental 
temperate climate with an average temperature ranging from − 1 ◦C in 
winter to 22 ◦C in summer and well distributed average rainfall of 550 
mm (Buzási, 2021; Vadas, 2022). The region is vulnerable to the detri
mental effects of climate change and global warming (Csete and Barna, 
2021). Like other European countries, it is affected by the increasing 
frequency of droughts leading to low crop yield and animal devastation 
(Ceglar et al., 2018; Harsányi et al., 2021). Generally, every 3rd to 4th 
year the region experiences low to moderate drought conditions in some 
parts of the region and is expected to rise further until the next century 
(Gálos et al., 2007). Hence, the climatic vulnerability of the region 
makes it significant to study and analyze drought prediction utilizing ML 
methods. 

2.2. Data used 

2.2.1. Historical observational dataset 
Freely available dataset of four climatic variables rainfall (R) (mm), 

average monthly temperature (T) (◦C), the daily maximum mean tem
perature in the month (Tmax) (◦C), and daily minimum mean tempera
ture in the month (Tmin) (◦C) were collected from the National 
Meteorological Service of Hungary (https://www.met.hu/en/eghajlat 
/magyarorszag_eghajlata/eghajlati_adatsorok/, accessed on May 2022) 
for the historical baseline period of 1901–2020. Data were collected for 
three meteorological stations: Budapest (BD) (central Hungary), Szeged 
(SZ) (east south Hungary), and Szombathely (SZO) (west Hungary) 
(Fig. 2). The selected stations belong to varied topographical and ag
roecological regions of the country and prove to be a good representa
tive to examine the short-term drought predictions for future 

Fig. 1. A bibliographic analysis of machine learning based SPI drought predictions based on web of science core collection databased for the last ten years (n = 5531) 
indicating an increasing trend of using artificial intelligence in drought research (red color). (For interpretation of the references to color in this figure legend, the 
reader is referred to the web version of this article.) 
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implications of better hydrological strategies. 
The descriptive statistics of all climatic variables are presented in 

Table A1 and their evolution is in Fig. 3. 

2.2.2. Future projected dataset 
The Coupled Model Intercomparison Project Phase 6 (CMIP6) is a 

research initiative aimed at improving our understanding of the Earth’s 
climate system in the future and its response to external forcings, such as 
greenhouse gases, aerosols, and land use changes (Samantaray et al., 
2022; Wang et al., 2021). The General circulation models (GCMs) of 
CMIP6 provide robust climatic projections compared with previous 
phases under different scenarios of socioeconomic pathways (SSPs) 
adopted to project future climatic extremes at global and regional scales 
(Hersi et al., 2023; Saha and Sateesh, 2022; Zhao et al., 2023). The 
CMIP6 GCMs are validated and reliable for replicating historical climate 
patterns and projecting future scenarios. Peer-reviewed studies confirm 
the robustness of CMIP6 models, supporting their use in climate research 
and impact assessments (Holtanova et al., 2023; Palmer et al., 2021; 
Pimonsree et al., 2023; Ullah et al., 2022). The CMIP6, organized by the 
World Climate Research Program (WCRP) provides climatic projections 
under four SSP scenarios (SSP1-2.6; sustainability, SSP2-4.5; middle of 
the road, SSP3-7.0; regional rivalry, SSP4-6.0; inequality, SSP5-8.5; 
fossil-fueled development) (O’Neill et al., 2016; Su et al., 2021). Our 
study used SSP2-4.5 (assuming a gradual transition to a sustainable 
future), and SSP4-6.0 (assuming a future with a high level of inequality 
and slow economic growth) to project future (2021–2100) climatic in
dicators (i.e., rainfall R, mean temperature T, maximum temperature 
Tmax, and minimum temperature Tmin from ensemble mean of three 

GCMs of CMIP6 presented with their characteristics in Table 2. Trends of 
future projected climatic indicators were analyzed in three defined pe
riods: near future (NF) (2021–2040), mid-future (MF) (2041–2070), and 
far future (FF) (2071–2100). 

2.3. Standardized precipitation index (SPI) 

The SPI is a widely acknowledged meteorological drought index for 
drought assessment recommended by the World Meteorological Orga
nization (WMO) at varying short (SPI-1 and SPI-3) and long (SPI-9 and 
SPI-12) time scales (Lotfirad et al., 2022; Yerdelen et al., 2021; Zeybe
koğlu and Aktürk, 2021). It presents the deficit or excess of precipitation 
at a given location relative to its long-term mean, standard deviation, 
and fitting gamma distribution (Guttman, 1999). The SPI derived by 
normalizing the cumulative gamma distribution function (CDFs) of 
rainfall data can be expressed by Eq. (1): 

g(x) =
1

BaΓ
Ấ
(a)

xa− 1e− x/B for x > 0 (1)  

where g(x): gamma probability density function (pdf), x Rainfall, a: 

shape parameter (a > 0), B: scale parameter (B > 0), Γ
Ấ
(a): the gamma 

function. Short-term SPI (SPI-1 and SPI-3 months) values are best suited 
to describe the shallow soil moisture deficit of the location while long- 
term presents the hydrological reservoir of the region with long-term 
impacts (Zhao et al., 2023). We aimed to calculate and forecast the 
SPI-3 drought, reflecting the short-term seasonal water deficit changes 

Fig. 2. Location of the study area and selected stations in Hungary, Central Europe.  
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over selected stations in Hungary from historical (station-based) and 
future (CMIP6) climatic perspectives. The output of SPI is recognized by 
positive and negative values, with a negative SPI value referring to the 
occurrence of drought following the severity thresholds in Table 3. 

2.4. Trend analysis of present and future climatic variables and SPI 
drought index 

The non-parametric Mann-Kendall (MK) trend test (Khanmo
hammadi et al., 2022; Xu et al., 2003) along with directional Theil Sen’s 
slope (SS) estimator (Sen, 1968; Theil, 1950) was applied to all selected 
climatic variables i.e., (R), (T), (Tmax), and (Tmin) and SPI-3 for historical 
baseline (1901–2020) and projected in NF (2021–2040), MF 
(2041–2070), and FF (2071–2100) periods. The MK test assumes the 
null hypothesis H◦ (stating no significant trend in climate and SPI-3 
drought over the longer run) and alternate hypothesis H1 (stating a 

significant trend in climate and SPI-3 drought over the longer run) at the 
significance level of P < 0.05, p < 0.01, and p < 0.001. The Sen’s slope 
determines the positive (increasing) and negative (decreasing) magni
tude of the climatic or drought trend. Further, to find the trend inter
rupting or changing points in long-term historical time series variables, 
the Buishand range (BR) test is applied which is based on the hypothesis 
of detecting mean shift in series presented by Eq. (2). 

Sk =
∑k

i=1
(Xi − X) k = 1, 2, 3,⋯⋯..n (2)  

where Sk is the rescaled partial sum of the series, Xi is the observed 
climatic indicators data series and X presents the mean of climatic in
dicators and n = 120 presents the total numbers in time series (Yuce 
et al., 2023). Moreover, the Box plot and Mann-Whitney test were 
applied to examine the distribution, range, and mean difference between 
the historical and projected climatic variables. 

2.5. Machine learning methods for short term agricultural drought (SPI- 
3) prediction 

ML provides potentially viable algorithms for analyzing complex 
environmental phenomena, such as natural hazards and risk assessment 
(Deo et al., 2017; Mohammed et al., 2022), and has also been widely 
used to predict and forecast drought assessment in recent decades (Dayal 
et al., 2017; Deo et al., 2018; Felsche and Ludwig, 2021). Better model 
performance and big data handling make ML a popular and feasible 
choice compared to traditional statistical approaches in drought pre
diction studies. Thus, keeping in view the significance of ML and 
achieving high accuracy in drought prediction, we focused on applying 
rule-based Decision Table (DT) and ensemble tree-based Bagging (BG), 
Random Forest (RF), and M5P. The rule-based system of DT facilitates 
straightforward and easy interpretation and is easier to handle 

Fig. 3. An overview of the evolution of studied climate variables from 1901 to 2020 across Hungary: (a) rainfall (R) (mm), (b) average monthly temperature (T) (◦C), 
(c) daily maximum mean temperature in the month (Tmax) (◦C), (d) daily minimum mean temperature in the month (Tmin) (◦C). 

Table 2 
Selected GCMs from CMIP6 used in the study.  

Model Name Country Resolution variant Reference 

CanESM5 Canada 2.8◦ × 2.8◦ r1i1p1f1 Swart et al., 2019 
MIROC6 Japan 1.4◦ × 1.4◦ r1i1p1f1 Tatebe et al., 2019 
MRI-ESM2-0 Japan 1.12◦ × 1.12◦ r1i1p1f1 Kawai et al., 2019  

Table 3 
SPI categories of drought intensity.  

SPI values Categories 

− 1 0.0 < SPI < − 0.5 Mild drought 
− 1.49 < SPI < − 1.0 Moderate drought 
− 2.0 < SPI < − 1.5 Severe drought 
SPI ≤ –2.0 Extreme drought  

S. Mohammed et al.                                                                                                                                                                                                                            
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compared to the hierarchical architecture of tree-based algorithms (Gao 
et al., 2019). Moreover, M5P is based on the essence of decision trees 
incorporating linear regression at leaves. Hence, making it suitable to 
capture both linear and non-linear relationships proving it to be a more 
flexible approach to be used in drought prediction studies (Acharki 
et al., 2023; Pande et al., 2023). Furthermore, the ensemble nature of BG 
and RF aggregating the predictions of multiple decision trees proves 
them to be robust and accurate for drought predictions (Elbeltagi et al., 
2023a; Mohammed et al., 2022). Hence, the selected ML algorithms are 
described below in detail. 

2.5.1. Bagging (BG) 
The bagging, also known as bootstrap aggregation developed by 

Breiman (1996) is an ensemble machine learning method that combines 
multiple regression trees to enhance the predictive performance. It 
creates several random subsets (B) of the training data through the 
bootstrap sampling method, and each subset is used to train individual 
regression models (Breiman, 1996). Finally, the predictions are aggre
gated by the average output of all models. It is presented by Eq. (3). 

f̂ bag(x) =
1
B
∑B

b=1
f̂ *b(x) (3)  

where B are the models trained on bth bootstrapped samples and ̂f bag(x)
is the final average of all prediction models. This model has been widely 
used in hydrological and drought forecasting research because of its 
better prediction capacity (Achite et al., 2023; Saha et al., 2021; 
Zounemat-Kermani et al., 2021). We used this model because it can 
fabricate the decision tree using different subsets and assemble them in 
the final model (Arabameri et al., 2022). This model can improve 
alignment accuracy by reducing the discrepancy in alignment error 
(Breiman, 1996). The parameters selected for bagging are listed in 
Table 4. 

2.5.2. Random Forest (RF) 
The Random Forest (RF) is a non-parametric ensemble bagging 

method that uses a supervised learning technique for prediction and 
classification purposes (Arabameri et al., 2022; Breiman, 2001). 
Random forest is a tree-based ensemble machine learning algorithm that 
uses several decision trees as base learners where each tree is created 
from a bootstrap random sample with replacement from training input. 
The procedure reduces variance and overfitting and improves the ac
curacy of the model output (Arshad et al., 2023a). Hence, various 
numbers of predictor variables are connected to the nodes of the tree, 
and a random number of data points are selected from the dataset to 
build the model. The final predictions were the average of all predictions 
from all decision trees (Leo et al., 2021; Zounemat-Kermani et al., 2021). 
Overall, Model performance is highly dependent on the optimization of 
variables (Ganguli and Reddy, 2014). Currently, we use a ‘Random Tree 
Classifier’ to produce decision trees with no depth limits. Random splits 

were performed to reduce the variance in the target class. The model 
parameters are listed in Table 4. 

2.5.3. M5P 
The M5P algorithm was proposed by Quinlan (1992) which uses a 

regression tree for predictions. The M5P model integrates linear 
regression function at the leaf nodes, and it is also used to develop a tree 
model. The regression tree is based on the following elements: root node 
(dataset/database), internal node (condition or logic on the dataset), 
and leaf node (regression model on values of a dataset) (Granata and Di 
Nunno, 2021). The M5P process is based on pruning, evacuation, and 
substitution of trees which eventually build a tree model. The model is 
usually used to predict the output based on various input datasets 
(Quinlan, 1992). The M5P regressor determines the splitting criteria for 
its model tree based on the calculation of errors at each node. The error 
is evaluated by analyzing the standard deviation of the class values 
reaching a node. At each node, the attribute that offers the maximum 
expected reduction in error from testing each attribute is selected for 
splitting. The standard deviation reduction (SDR) Eq. (4) is used to 
minimize the expected error (Sihag et al., 2019). 

SDR = sd(K) −
∑ |Ki|

|K|
× sd(Ki) (4)  

where Ki presents the instances from K1, K2, K3……. sd is the standard 
deviation. The selected parameters are presented in Table 4. 

2.5.4. Decision Table (DT) 
The DT (Kohavi, 1995) stands for a sophisticated, scheme-specific 

learning algorithm (Pham et al., 2022). The DT builds using classes 
and employs a straightforward decision table majority classifier (Chen, 
2016). This algorithm can handle different types of data such as 
numeric, date, and nominal (Kohavi, 1995). The DT has two different 
parts: the first one represents features listed in the table, while the 
second is a body of DT which is made up of labeled instances from the 
space of schema (Huang et al., 2022). 

2.6. Modelling methodology 

To assess the performance capability of ML algorithms in forecasting 
the short-term drought SPI-3, we added temperature T, Tmax, and Tmin 
and R as input variables in three combination scenarios (Table 5). 

Further, to forecast and predict the short-term drought SPI-3 from 
input variables, BD located in central Hungary is chosen as a leading 
station, where all mentioned scenarios in Table 5 (SC1, SC2, SC3) and 
ML-algorithms (BG, DT, M5P, RF) were implemented on the historical 
dataset only i.e., 1901–2020 to find out the best scenario and highest 
performed ML algorithm based on the evaluation metrics. For the 
model’s implementation, the historical dataset arranged in monthly 
columns of all input and output variables (n = 1440) is randomly split 
into training (TR) (70 %, n = 864), testing (TS) (15 %, n = 288) and 
cross-validation (CV) (15 %, n = 288). The process was followed by the 
implementation of the best selected scenario and ML algorithm on the 
rest stations namely Szeged (SZ) and Szombathely (SZO) in the southeast 
and western parts of the region. The selected scenarios and algorithm 
were implemented to forecast the SPI-3 from historical to projected 
(2021–2100) dataset derived from the ensemble mean of three GCMs of 

Table 4 
Parameters selection of applied ML algorithms.  

ML 
Algorithms 

Parameters 

Bagging Base learner = weka.classifiers.trees.REPTree -M 2 -V 0.001 -N 3 -S 
1 -L − 1 -I 0.0, pool size P = 100, iterations = 10, random seed S = 1, 
num-slot = 1, 

Random 
Forest 

Algorithm = weka.classifiers.trees.RandomForest, radom seed S =
1, ntrees I = 100, max tree depth = 0, batch-size = 100, iterations =
100, variance V = 0.001, classifier capabilities = − do-not-check- 
capabilities 

M5P weka.classifiers.trees.M5P -M 4.0 -num-decimal-places 4, Batch 
size = 100 

Decision 
Table 

weka.classifiers.rules.DecisionTable, Rules = 10, search method S 
= Best first, Search direction = forward, cross-validation CV = leave 
one out  

Table 5 
Scenarios developed for ML-based drought prediction using SPI-3.  

Scenarios Input Component Output 

SC1 R + T + Tmax +

Tmin 

Rainfall (monthly) + temperature (daily 
+ monthly) 

SPI-3 

SC2 R Rainfall (monthly) SPI-3 
SC3 R + T Rainfall (monthly) + temperature 

(monthly) 
SPI-3  
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CMIP6 under two climatic scenarios i.e., SSP245 and SSP4-6.0. This 
process was conducted in the Weka environment (V.3.9.5), as recom
mended, and utilized in recent research (Elbeltagi et al., 2023b; Lin 
et al., 2021; Mohammed et al., 2022). The initial settings were bag-size 
(100), batch-size (100), num-Iteration (100), and random seed (1) 
(Table 4). The detailed steps of the whole research are presented in the 
methodology framework (Fig. 4). 

2.7. ML-algorithms performance evaluation 

To evaluate the performance of ML-algorithms, five statistical in
dicators were used. These include Nash-Sutcliffe efficiency (NSE), root 
mean squared error (RMSE), mean absolute error (MAEr), correlation 
coefficient (r), and index of agreement (DAg), presented in Table 6. 

Moreover, a Tylor diagram was employed to check the prediction per
formance accuracy of four ML algorithms (BG, DT, M5P, RF) (Taylor, 
2001). 

3. Results 

3.1. Variability of historical and projected climatic variables (rainfall and 
temperature) in different SSP scenarios 

Exploratory analysis of historical (1901–2020) (HS) and projected 
(2021–2100) (SSPs) datasets of rainfall and temperature, as presented in 
Figs. 5 and 6, reveals an increasing trend for both variables. The Mann- 
Whitney analysis showed the mean historical rain was to be around 535 
(SZ)–632 (SZO) mm for the three stations while the mean projected rain 

Fig 4. Methodology Framework.  
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under SSP245 and SSP460 exceeded 600 mm in NF (2021–2040) which 
further increased to around 700 mm for BD station in MF with less in
crease at SZ and SZO station (Fig. 5). Moreover, the exponential distri
bution indicates that the highest increase in rainfall was projected 
during the MF (2041–2070) and FF (2071–2100) under the ssp245. 
Statistically, the Mann-Whitney U test revealed a significant difference 
between the distributions of the HS data and the projected one (Fig. 5). 

Also, the average temperature was projected to be increased in the 

target stations (Fig. 6). The average temperature for the HS data ranged 
from 9.6 ◦C in SZO to 11.39 ◦C in BD. Under different climate scenarios, 
this is projected to be increased to reach 17 ◦C and 19 ◦C. The expo
nential distribution shows a clear shift in projected temperature during 
the MF (2041–2070), blue line), and FF (2071–2100), blue line). More 
global warming is expected under SSP460 in the near and mid-future 
(2021–2070) (Fig. 6). In this context, the Mann-Whitney U test 
revealed a significant difference between the distributions of the HS 

Table 6 
Performance evaluation metrics of machine learning algorithms used.  

Index Equation* Range Best agreement Reference 

NSE 
NSE = 1 −

∑n
i=1(SPIPrd − SPICal)

2

∑n
t=1(SPICal − SPICal)

2 

[− ∞_1] 1 (Nash and Sutcliffe, 1970) 

RMSE 
RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑N

i=1
(SPICal − SPIPrd)

2
√ [0_+∞] 0 (Willmott et al., 1985) 

MAEr MAEr =
1
N
∑N

i=1
|SPIPrd − SPICal|

[0_+∞] 0 (Hauduc et al., 2015; Willmott et al., 1985) 

r 
r =

[ ∑n
i=1{(SPICal − SPICal)(SPIPrd − SPIPrd) }

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(SPICal − SPICal)
2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(SPIPrd − SPIPrd)
2

√

⎤

⎥
⎦

[− 1_+1] +1 (Pearson and Henrici, 1896) 

Dag 
DAg = 1 −

∑n
i=1(SPICal − SPIPrd)

2

∑n
i=1(|SPIPrd − SPICal| + |SPICal − SPICal | )

2  

[0_+1] +1 (Hauduc et al., 2015; Willmott et al., 1985)  

* SPICal: calculated SPI value based on Eq. (1); SPIPrd: predicted value from ML-algorithms (BG, DT, M5P, RF); SPICal: average of calculated values; SPIPrd: average of 
predicted values.  

Fig. 5. Notched box plot, exponential distribution (lower part), and Mann-Whitney (represented by ⋆) based comparative mean of projected yearly rainfall under 
historical (HS), SSP245, and SSP460climatic scenarios for three stations: (a) NF (2021–2040), (b) MF (2041–2070), (c) (2071–2100), □ mean, whisker range: 
confidence interval, whisker probability (%): 95 %, ⋆: p < 0.05. 
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temperature data and projected one at the three stations under SSP245 
and SSP460 (Fig. 6). 

3.2. Trend analysis of climatic & short-term agricultural drought events 
(1900–2100) 

Mann-Kendall trend and Sen’s slope analysis of historical 
(1901–2020) climatic variables revealed a significant (p < 0.001, p <
0.01) declining trend of rainfall R with Sen’s slope = − 1.01, − 0.75, and 
− 0.50 at BD, SZO and SZ stations (Table A2). Historical Tmax and Tmin 
revealed a significant (p < 0.05, p < 0.01, p < 0.001) increasing trend at 
three stations. Projected Tmin under SSP2 exposed a significant (p < 0.05, 
p < 0.01) rising trend in MF (2041–2070) at three stations and FF 
(2071–2100) at SZ and SZO stations. Projected Tmax and Tmin under SSP4 
scenario exposed significantly (p < 0.05, p < 0.01, p < 0.001) more 
increasing trend in NF (2021–2040) and MF (2041–2070) of three sta
tions and FF (2071–2100) at SZO station. Overall, SSP4 revealed an 
increasing trend towards projected warming in central Europe 
than SSP2. Hence, more droughts can be predicted under SSP4 
(Table A2). The trend analysis of historical (1901–2020) short-term 
(SPI-3) droughts revealed a significant (p < 0.05, p < 0.01, p <
0.001) decreasing trend in SPI values (increase of droughts) with tau 
− 0.12, − 0.16, and − 0.2, and Sen’s slope − 0.03, − 0.04, − 0.05 respec
tively at Szeged (SZ), Szombathely (SZO), and Budapest (BD) stations of 
the region. Frequently decreasing SPI values are observed after 1970 
revealing an increasing trend of short-term drought at BD station from 

1970 to 2020. At SZO station, the year 1966 is identified as a trend 
breaking year with increasing SPI values after 1966. Further, projected 
SPI-3 revealed an increasing trend of short-term droughts in NF 
(2021–2040) with tau = − 0.12 (BD, SSP2), − 0.13 (SZ, SSP2), − 0.08 
(SZO, SSp2), − 0.1 (BD, SZ, SSP4), and − 0.2 (SZO, SSP4) (Table 7). 

3.3. Intensity of historical and projected agricultural drought events 

This study focused on calculating short-term drought prediction 
through negative SPI values i.e., less than − 1. By tracking the drought 
events at the three studied stations, the following years/months can be 
distinguished as driest one: 01/01/1925 (SPI < − 3, extreme drought), 
10/01/1947 (SPI < − 2, extreme drought), 04/01/1949 (SPI < − 2, 
extreme drought), 07/01/1950 (SPI < − 2, extreme drought), 07/01/ 
2000 (SPI < − 2, extreme drought), 06/01/2003 (SPI < − 2, extreme 
drought), and 08/01/2013 (SPI < − 1, Moderate drought) (Fig. 7). 
Moreover, drought events were found to be more frequent in the last few 
decades (Fig. 7). For SZO station, the frequency of drought categories 
can be divided into: [− 4.19_− 2.69, extreme drought] with 7 events, 
[− 2.69_− 1.87, severe drought] with 37 events, and [− 1.87_− 1.12, 
moderate drought] with 152 events (Fig. 7). For SZ station, 213 events 
were recorded for SPI ranged between − 0.7 and − 1.42 (normal to 
moderate drought), 81 events between moderate and severe drought 
[− 2.08_− 1.4], and 31 events as an extreme one (Fig. 7). For BD, the SPI 
captured 48 drought events ranging between extreme and severe 
drought [− 3.29_− 1.94], 94 events between − 1.94 and − 1.271 

Fig 6. Notched box plot, exponential distribution (lower part), Mann-Whitney (represented by ⋆) based comparative mean of projected monthly temperature under 
historical, SSP245, and SSP460climatic scenarios for three stations: (a) NF (2021–2040), (b) MF (2041–2070), (c) (2071–2100), □ mean, whisker range: confidence 
interval, whisker probability (%): 95 %, ⋆: p < 0.05. 
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(moderate to severe drought), while 215 events were recorded as 
moderate to normal drought. 

For projected drought events under the ssp2-4.5 the years 2028, 
2030, 2031, and 2034 are identified with severe to extreme drought 
events in NF (2021–2040) with the following prominent months: 04 
/01/2030, 05 /01/2030, and 03/01/2035, 07/01/2099 (SPI < − 3, 
extreme drought), 10/01/2031, 02/01/2035, 04/01/2035, and 03/01/ 

2076 (SPI < − 2, extreme drought). More frequent severe to extreme 
droughts are identified in the NF scenario, while fewer drought events 
are identified at the end of the 21st century. Further, droughts identi
fication under ssp460 also revealed 2028, 2029, 2032–34, 2040, 2049, 
and 2096 as severe to extreme drought years with following prominent 
months: 03/01/2028, 02/01/2031, 03/01/2031, 04/01/2040, 05/01/ 
2040, 04/01/2049, 02/01/2060, 10/01/2091, 04,05, and 06/01/2096 

Table 7 
Mann-Kendall trend and Sen’s slope analysis of historical (1901–2020) and projected in near future (NF) (2021–2040), middle future (MF) (2041–2070), and far future 
(FF) (2071–2100) SPI-3 droughts under SSP2 and SSP4 scenarios at three stations (BD, SZ, and SZO) in Hungary, Cental Europe.  

Station SSP2-4.5 SSP4-6.0 

var Tau P-value Sen’s 
slope 

BR Tau P-value Sen’s 
slope 

BR 

BD SPI-3 (His)  ¡0.2 >0.001  ¡0.05 1970  ¡0.2 >0.001  ¡0.05 1970 
SPI-3 (NF)  ¡0.12 0.4  ¡0.09   ¡0.1 0.5  ¡0.08  
SPI-3 (MF)  0.2 0.1  0.16   0.18 0.16  0.19  
SPI-3 (FF)  0.16 0.2  0.17   0.12 0.3  0.13   

SZ SPI-3(his)  ¡0.12 >0.05  ¡0.03 1944  ¡0.12 >0.05  ¡0.03 1944 
SPI-3 (NF)  ¡0.13 0.4  ¡0.15   ¡0.1 0.2  ¡0.18  
SPI-3 (MF)  0.12 0.3  0.10   0.18 0.15  0.18  
SPI-3 (FF)  0.05 0.6  0.04   ¡0.03 0.80  ¡0.02   

SZO SPI-3 (His)  ¡0.16 >0.01  ¡0.04 1966  ¡0.16 >0.01  ¡0.04 1966 
SPI-3 (NF)  ¡0.08 0.6  ¡0.12   ¡0.2 0.1  ¡0.3  
SPI-3 (MF)  0.14 0.2  0.08   0.10 0.4  0.09  
SPI-3 (FF)  0.11 0.3  0.10   0.02 0.8  0.03   

Fig. 7. (a) temporal evolution of drought events (SPI-3) within three stations across Hungary based on HS (1901–2020) and SSPs (2021–2100) along with normal 
distribution of the events (b: BD, c: SZ, d: SZO). 
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(SPI < − 2, extreme drought). Overall, more frequent droughts are 
projected under ssp4-6.0 (Fig. 7). 

3.4. Efficiency of ML algorithms for drought (SPI-3) prediction at BD 
station 

The performance of the ML was evaluated based on the three selected 
scenarios in Table 4. In the training stage the performance of SC1 (R + T 
+ Tmax + Tmin) and SC3 (R + T) was superior to SC2 (R) (Fig. 8a, b, 
Fig. 9a, Table A3). However, in the cross-validation and testing stages, 
the SC3 had the best performance as compared to other scenarios (Fig. 8, 
Fig. 9). The ML (BG, DT, M5P, RF) algorithms varied in their ability to 
predict SPI-3 values. For the first scenario (SC1), the RF was able to 
predict the SPI-3 more accurately than other algorithms (Figs. 8–10) in 
the training (TR) stage. In this sense, the NSE-TR RFSC1 was 0.89 
(Fig. 9a), NSE- CrV RFSC1 was 0.16 (Fig. 9b), and NSE- TS RFSC1 was 0.21 
(Fig. 9c) (Table A3). The RMSE ranged between 0.32 (TR, Fig. 9a), and 
0.88 (TS, Fig. 9c). Interestingly, the correlation between SPI-3 and 
predicted values was 0.96 and 0.76 for RF and BG algorithms (TR, 
Fig. 8a, Fig. 9a), which decreased to 0.48 and 0.52 in the TS stage 
(Fig. 8f, Fig. 9c). Overall, based on the output of the TS stage of the SC1 
and Tylor diagram, the ML performance can be classified as follows 
M5PSC1 > DTSC1 > BGSC1 > RFSC1 (Fig. 10a, d, g). 

For the second scenario (SC2), in the TR stage, the RF was able to 
predict the SPI-3 more accurately than other algorithms (DAgRFSC2-TR =

0.89, rRFSC2-TR = 0.83, MEArRFSC2-TR = 0.43), followed by BG 
(DAgBGSC2-TR = 0.77, rBGSC2-TR = 0.7, MEArBGSC2-TR = 0.57), then M5P 
(DAgM5P SC2-TR = 0.67, rM5P SC2-TR = 0.76, MEArM5P SC2-TR = 0.66) 

(Fig. 6a, 7a, 8d, 9a). In the CV stage, the performance of the RF algo
rithm (DAgRFSC2-CV = 0.56, rRFSC2-CV = 0.41, MEArRFSC2-CV = 0.77) de
clines in favor of M5P (DAgM5PSC2-CV = 0.63, rM5PSC2-CV = 0.53, 
MEArM5PSC2-CV = 0.65). However, in the TS stage, the M5P remained the 
best algorithm in predicting SPI-3 (NSEM5PSC2-TS = 0.33, RMSEM5PSC2-TS 
= 0.81, DAgM5PSC2-TS = 0.66, rM5PSC2-TS = 0.58, MEArRFSC2-TS = 0.65) 
(Fig. 9) (Table A3). Overall, based on the output of the TS stage of the 
SC2 and Tylor diagram, the ML performance can be classified as follow 
M5PSC2 > DTSC2 > BGSC2 > RFSC2 (Fig. 10b, e, h). 

The third scenario (SC3) represents a relationship between monthly 
rainfall (R) and average monthly temperature (T). In this scenario, the 
RF showed high accuracy in predicting the SPI-3 values in all stages (TR, 
CV, TS). In the TR stage, the highest NSE value (0.89) and lowest RMSE 
(0.33) were recorded within the output of the RF algorithm, followed by 
BG output. Similarly, within the TS stage, the output from the RF al
gorithm (i.e., NSERFSC3-TS = 0.88, RMSERFSC3-TS = 0.33, DAgRFSC3-TS =

0.96, rRFSC3-TS = 0.96, MAErRFSC3-TS = 0.27) was better than the other 
one (Fig. 9) (Table A3). In all stages the ML algorithms’ performance can 
be ranked as: RFSC3 > BGSC3 > M5PSC3 > DTSC3. 

To capture the best algorithms and the perfect combination between 
climate variables (i.e., scenarios) for predicting SPI-3, all output (pre
dicted values) were plotted against observed SPI-3 by using a Tylor di
agram. Fig. 11 revealed that in the training stage, RF-SC1 and RF-SC3 
had the best performance followed by RF-SC2 and BG-SC1. In the CV 
stage, RF-SC3 had the best performance followed by BG-SC3 (Fig. 11). 
Finally, in the TS phase RF-SC3 was found to be superior to the other 
algorithms (Fig. 11). Based on the findings in this section, the RF-SC3 
was used to validate its ability in predicting SPI-3 in the other two 

Fig. 8. Boxplot of observed and predicted SPI-3 by ML (BG, DT, M5P, RF) for three studied scenarios (SC1: R + T + Tmax + Tmin SC2: R, SC3: R + T) in Budapest (BD) 
station: (a) training phase, (b) correlation matrix for trained data between observed SPI-3 and predicted SPI-3 based on chord diagram, (c) cross-validation phase, (d) 
correlation matrix for cross-validated data between observed SPI-3 and predicted SPI-3 based on chord diagram, (e) testing phase, and (f) correlation matrix for tested 
data between observed SPI-3 and predicted SPI-3 based on the chord diagram. 
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selected stations namely SZO and SZ. 

3.5. Implementation of RF-SC3 for future drought (SPI-3) forecasting at 
SzO and SZ 

Further, to forecast the SPI-3 drought under future climatic sce
narios, the best performed RF-SC3 is implemented at the two remaining 
SzO and SZ stations. 

The evaluation metrics showed that the RF-SC3 forecasted the SPI-3 
drought with high performance under SSP2-4.5 at both SZ and SzO 
stations. At SZ station, more accurate droughts were predicted in SSP2- 
4.5 scenario with RMSE = 0.346, r = 0.9569, NSE = 0.880, and DAg =
0.960 compared to SSP4-6.0 with RMSE = 0.379, NSE = 0.856, and DAg 
= 0.949. Similarly, at SzO station, accurate droughts were predicted in 
SSP2-4.5 scenario with RMSE = 0.347, r = 0.955, NSE = 0.879. 

The actual SPI-3 was calculated and treated as observed data and 
plotted against the predicted data by RF-SC3 in both SZO and SZ. The 
boxplot showed that predicted and observed data had almost the same 
average, however, the range of observed data was wider than the pre
dicted one (Fig. 12). 

Fig. 13 represents the temporal evolution of drought events, based on 
the calculated SPI-3 (HS + SSPs) and the predicted one (SC3-RF). 
Tracing the lines between the observed SPI-3 and the predicted one 
clearly showed an efficient performance of RF under the suggested SC3. 
It is interesting to note that the observational values were wider than the 
predicted ones. In this sense, the observed SPI-3 ranged between 3.43 
and − 4.19 in the SZO station, while the predicted one was [2.66, 
− 3.29]. In the SZ station, the SPI-3 ranged from 3.09 to − 3.4 and the 
predicted values were [2.609, − 2.808] (Fig. 13). In the SZ station, the 
RF performance was good with a high NSE value and low RMSE (NSE =
0.88, r = 0.95, RMSE = 0.34). Similarly, in SZO the SC3-RF was good 
where NSE was 0.88, r was 0.95, and RMSE was 0.33 (Fig. 13). 

4. Discussion 

4.1. Future projections of climate and droughts indicators 

Hydroclimatic shifts presented by drought events are a significant 
consequence of climatic change. Utilization of GCMs of CMIP6 provides 
a more precise assessment of global climatic scenarios in terms of tem
perature and precipitation change (Alaminie et al., 2021; Hersi et al., 
2023; Zhang et al., 2022). Projected changes in the frequency and dis
tribution pattern of precipitation events from high to low extremes 
relate to recurrent extreme events (Poschlod, 2022; Sauter et al., 2023; 
Zhao et al., 2023). Precipitation projections for the next century derived 
from CMIP6 global circulation models revealed an increase in rainfall in 
Asia, the Middle east and northeast Africa, and the continental land of 
north America and decrease in rainfall with high frequency forecasted 
droughts in the Mediterranean region, southwest Australia and Africa, 
and western coasts of south America (Cook et al., 2020). Overall, the 
precipitation pattern from SSP2-4.5 and SSP4-6.0 is projected to rise by 
the end of 2100 compared to historical (Fig. 5). It is expected that the 
annual maximum precipitation will experience a rise of over 100 mm/ 
year. Additionally, the number of extreme rainy days is anticipated to 
increase by approximately 30 and 50 days during the mid and far future, 
respectively (Dhib and Halenka, 2022; Plavcová et al., 2023). However, 
the regional CORDEX simulations over central and northern Europe 
anticipated 20 % intense and extreme precipitation events in the win
ters. However, rainy days are expected to reduce in summers with short- 
term droughts occurrence. The European hydrological cycle is expected 
to undergo significant alterations, which may have substantial conse
quences for both environmental and anthropogenic systems (Rajczak 
and Schär, 2017). According to the simulations, there is a growing 
likelihood of summer droughts in central and southern Europe (Careto 
et al., 2022), while the frequency and intensity of heavy rainfall are 

Fig. 9. Accuracy of ML (BG, DT, M5P, RF) algorithms in predicting SPI-3 values based on statistical indices (RMSE, NSE, Dag, r, MAEr) for studied scenarios (SC1 (R 
+ T+ Tmax + Tmin), SC2 (R), and SC3 (R + T)): (a) training (TR), (b) cross-validation (CrV), (c) testing (TS). 
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anticipated to increase across the entire continent (Rajczak and Schär, 
2017). Regarding the SPI drought trend, our research findings suggested 
more droughts in the near future, but a substantial increase in the rain 
with less frequency of drought events in the mid and far future 
(2041–2100). It aligned with the findings of Wang et al. (2021), who 
also reported a decrease in drought in drought frequency and duration in 
the central north of Europe (NEU) evaluated from 11 GCMs of CMIP6 by 
the end of the 21st century. Another study by Zhao et al. (2023) reported 
a moderate level of short-term drought forecast in northern central 
Europe from CanESM2 and CESM1. In addition, the projected temper
ature from three GCMs showed a rising trend of temperature in both 
scenarios. However, SSP460 predicts higher temperatures and unprec
edented rainfalls due to limited mitigation efforts. (Fig. 6 and Table A2) 
(Mondal et al., 2021). 

4.2. Atmospheric factors for present and future drought occurrence 

In the past decades, meteorological drought events were more 
frequent over central and northern Europe (Spinoni et al., 2019) which 
are attributed to several atmospheric phenomenon. Hungary, as a 
regional representative of central Europe in our research, experienced 
short-term drought events in the years 1925, 1947,1949, 1950, 2000, 
and 2003 across the selected stations in the past (Fig. 7). Based on SSPs 

scenarios of rainfall projections, extreme droughts events are expected 
to occur in years 2028, 2031, 2032, 2034, 2040 in NF and 2096–99 in 
FF. In the past few decades, the European region has begun warming in 
an unprecedented way (Hernández-Morcillo et al., 2018). This warming 
combined with an increase in the frequency and severity of drought 
events across Europe (Hanel et al., 2018; Van Lanen et al., 2016). 
Throughout the last two decades, Central Europe has been plagued by 
long-lasting compound extreme events i.e., drought and heat waves 
(Hari et al., 2020a). For example, in recent years 2018–19, the region 
experienced heat waves and severe droughts due to abnormal atmo
spheric conditions, like anticyclonic circulation patterns and higher 
geopotential height anomalies. These are linked to longer drying trends 
with low precipitation, high temperatures, reduced soil moisture, and 
increased evapotranspiration rates. Consequently, the river flow in 
central Europe dropped to record lows (Ionita and Nagavciuc, 2020). 
These prolonged dry spells were accompanied by an increase in the 
anticyclonic weather patterns, as well as a persistent high-pressure 
system (Fleig et al., 2011), that is centered over the North Sea and 
Germany and is bordered by low-pressure systems over the central North 
Atlantic region and western Siberia (Ionita et al., 2020). Due to these 
high-pressure centers, warm and dry air is advected from the eastern 
part of Europe, resulting in increased solar radiation, which decreased 
precipitation and soil moisture (Buehler et al., 2011). In three historical 

Fig. 10. Tylor diagram for Budapest (BD) station based on studied scenarios (a) algorithm performance in the training phase for SC1 (R + T+ Tmax + Tmin), (b) 
algorithm performance in the cross-validation phase for SC1, (c) algorithm performance in the testing phase for SC1, (d) algorithm performance in the training phase 
for SC2 (R), (e) algorithm performance in cross-validation phase for SC2, (f) algorithm performance in the testing phase for SC2, (g) algorithm performance in the 
training phase for SC3 (R + T), h) algorithm performance in cross-validation phase for SC3, (i) algorithm performance in the testing phase for SC3. For all scenarios: 
the training phase is represented in a green circle, the cross-validation phase in an olive triangle, and the testing phase in a blue square. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.) 
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Fig. 11. Algorithm performance based on Tylor diagram for Budapest (BD) in (a) training phase for SC1 (R + T + Tmax + Tmin)/green circle, SC2 (R)/olive triangle 
and SC3 (R + T)/blue square, (b) cross-validation phase for SC1 (R + T + Tmax + Tmin)/green circle, SC2 (R)/olive triangle and SC3 (R + T)/blue square, and c) testing 
phase for SC1 (R + T + Tmax + Tmin)/green circle, SC2 (R)/olive triangle, and SC3 (R + T)/blue square. (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.) 

Fig. 12. Boxplot for observed and predicted SPI-3 values-based RF-SC3 in Szeged (SZ) and Szombathely (SZO) stations.  
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compound extreme events years 1994, 2006, and 2015,(Ionita et al., 
2017; Lhotka et al., 2018; Tomczyk and Bednorz, 2019) central Europe 
experienced similar reasons for climatological changes. These condi
tions combined with other abnormal disturbances in primary jet streams 
caused due to high-pressure spots such as over the North Sea, potentially 
increased the severity and frequency of major last drought events across 
north Europe and central Europe (Zhang et al., 2020). Based on the 
climatic pattern and atmospheric circulations of the region, future cli
matic projections under high-emission scenarios indicates a high pro
baility of droughts in far future but less probability of drought 
occurrence in low emission scenarios especially in RCP 2.6 and 4.5 (Hari 
et al., 2020b). 

4.3. Applicability of performance of machine learning (ML) techniques 
for drought forecasting 

In the recent decades of an increasing trend of climatic extremes, 
high computational speed, and the ability to handle big data complex
ities have made ML a preferable choice for disaster prediction, fore
casting, and management (Pourghasemi et al., 2020; Prodhan et al., 
2022). Drought prediction using ML methods like RF, SVM, XGBoost, 
and Neural networks provides more accurate results as compared to 
traditional statistical and probabilistic approaches. However, the per
formance accuracy of each ML method varies in different scenarios at 
different scales (Aghelpour et al., 2020; Prodhan et al., 2022; Wahla 
et al., 2024; Zhang et al., 2019). 

In the context of ML applications, our study implemented four al
gorithms (BG, RF, M5P & DT) to predict short-term droughts using SPI-3 

in three different climatic scenarios. Many drought prediction studies 
utilized ML algorithms using a random selection approach for model 
training, testing, and validation (Khan et al., 2020; Mohammed et al., 
2022; Rahmati et al., 2020). Currently, model implementation at BD 
station i.e., taken as a standard to explore the best ML algorithm and 
scenario also uses a random division approach. The major finding 
revealed RF outperformed other ML algorithms for SC3 in the testing 
and validation stage while DT proved to be less accurate for SPI pre
diction in all scenarios. (Figs. 8–11). The reason for low performance of 
DT is linked to its binary condition rule which makes it less accurate to 
capture the complex relationships. Moreover, the redundant rules of DTs 
increase the risk of error with underfitting (Huang et al., 2022). In 
contrast, RF provides advantageous results in many prediction studies 
(Park et al., 2016; Park et al., 2018) because it uses several decision trees 
along with a bagging approach which prevents the model from over
fitting. In short, it provides a better unbiased generalization of predicted 
results over the region (Kuswanto and Naufal, 2019; Lotfirad et al., 
2021). However, our findings of SC1 revealed a high performance of RF 
with r = 0.96 in the training stage and a lower performance in the testing 
stage with r = 0.48 suggesting an overfitting in the training stage but less 
effective to learn on unseen data in the testing stage. This presents a 
nuanced model behavior that can be improved by adding regularization 
techniques (Montesinos López et al., 2022). Furthermore, in SC2 and 
SC3 RF performance proved to be more satisfactory compared to other 
algorithms making it superior to apply for future SPI predicitons in 
SSP2-4.5 and SSP4-6.0. Overall, the current high performance of RF is 
aligned with the findings of Elbeltagi et al., (2023a) with a high pre
dictive performance of SPI drought. This is attributed to its ability to 

Fig. 13. Calculated (HS + SSPs) and predicted (RF) SPI-3 values in Szeged (SZ) and Szombathely (SZO) stations between 1901 and 2100: (a) observed (HS + SSP245) 
vs. predicted (RF) SPI-3 in SZ (1901–20100); (a-1) zoom in (2017–2025), (a-2) scatter plot SPI-3 (HS) vs SPI-3 (RF), (a-3) scatter plot SPI-3 (SSP245) vs SPI-3 (RF); 
(b) observed (HS + SSP460) vs. predicted (RF) SPI-3 in SZ (1901–20100); (b-1) zoom in (2017–2025), (b-2) scatter plot SPI-3 (HS) vs SPI-3 (RF), a-3) scatter plot SPI- 
3 (SSP460) vs SPI-3 (RF); (c) observed (HS + SSP245) vs. predicted (RF) SPI-3 in SZO (1901–20100); (c-1) zoom in (2017–2025), (c-2) scatter plot SPI-3 (HS) vs SPI-3 
(RF), (c-3) scatter plot SPI-3 (SSP245) vs SPI-3 (RF); (d) observed (HS + SSP460) vs. predicted (RF) SPI-3 in SZO (1901–20100); (d-1) zoom in (2017–2025), (d-2) 
scatter plot SPI-3 (HS) vs SPI-3 (RF), (d-3) scatter plot SPI-3 (SSP460) vs SPI-3 (RF). 
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handle large datasets and its excellent interpretability, especially when 
dealing with many characteristics (Rahmati et al., 2020). It generates a 
tree-based regression function, it eliminates the need for scaling be
tween different features, which is a considerable advantage in cases with 
multiple features (Liaw and Wiener, 2002). 

Besides this, 4 climatic predictors i.e., (T, Tmax, Tmin, R) used for 
developed scenarios (SC1, SC2 and SC3) also provided significant find
ings in our study. Rainfall and temperature (R + T) i.e., SC3 proved to be 
the best scenario for short-term drought prediction (Figs. 8–10). Multi
ple climatic variables are used for drought predictions. For example, Deo 
et al. (2018) used 12 predictors including rainfall, minimum, maximum, 
and mean temperature, evapotranspiration, and oscillation-based 
indices for short-term SPEI drought predictions using ML algorithms. 
A similar study conducted by Khan et al. (2020) used 6 climatic pre
dictors including temperature, relative humidity, wind and Geopotential 
height, and sea level pressure for agriculture drought predictions. ML- 
based prediction from SC3 over a large dataset in our study proved its 
applicability for other drought indices and accurate future projections of 
drought events. It is anticipated that the severity of droughts will in
crease in the future under high greenhouse gas emission scenarios, thus 
disrupting the hydrological ecosystem. Therefore, our study holds sig
nificant implications for the optimization of water resource manage
ment in agricultural ecosystems in the near to far future. Furthermore, 
the accurate predictions from the Random Forest algorithm on a sub
stantial dataset spanning 100–200 years demonstrates the susceptibility 
of central Europe to recurrent and severe drought events, thereby of
fering its applicability in other European regions as well. 

5. Research limitations 

Overall, our study provided meaningful findings in terms of identi
fication and forecasting of short-term meteorological drought i.e., SPI-3 
based on historical and projected long-term climatic time series of two 
centuries (1901–2100) employing various ML methods. SPI-3 is a WMO- 
recommended and widely used drought index to monitor the short-term 
soil moisture deficit, but it is derived from the sole utilization of rainfall 
data only which limits its capability to examine the droughts on a wider 
scale. Predicting or forecasting the short-term SPI-3 drought from other 
climatic variables proved to be a good approach but due to the limita
tions in data availability only three climatic indicators namely, mini
mum, maximum, and mean temperature are being used currently along 
with rainfall for predicting SPI-3. However, the prediction accuracy can 
be further improved by incorporating other climatic factors like wind 
speed, air pressure, relative humidity, vapor pressure, evapotranspira
tion, etc. (Deo et al., 2018; Khan et al., 2020). Our research is currently 
based on the limited ensemble of GCMs and does not have more varia
tions by adding more GCMs and RCMs. Hence, the inclusion of multiple 
GCMs in more SSPs followed by standard validation procedures would 
increase the reliability of forecasting future drought events. In terms of 
ML applications, we examined the capability of most tree-based algo
rithms which we intend to extend to other methods including neural 
networks (NN), support vector regressors (SVR), boosting, Gaussian 
process regression (GPR) (Iranshahi et al., 2023; Maca and Pech, 2016; 
Yaseen et al., 2021). We divided the time series into three datasets for 
training, testing, and cross-validation. This approach helped to prevent 
overfitting and ensured reliable machine learning performance. 
Hyperparameter tuning can further improve accuracy with complex 
algorithms (Prodhan et al., 2022). Moreover, in the future, evaluating 
the model’s significance through relative importance analysis can pro
vide more insight into the factors associated with drought occurrence. 

6. Conclusion 

Drought is a multiscalar and complex climatic extreme with long- 
lasting impacts on the natural ecosystem. Hence, accurate drought 
prediction over a longer time is crucial for developing mitigation and 

adaptation strategies. In this context, our study focussed on short-term 
drought prediction using SPI-3 at three sampled stations in central 
Europe over a longer time (i.e., historical (1901–2020) and future 
(2021–2100)) using four ML algorithms. 

The major output of this research is summarized as follows.  

1. The mean historical (1901–2020) rain is observed to be between 535 
and 632 mm which is projected (2021–2100) to exceed 600–700 mm 
in the NF and MF.  

2. The average temperature for the HS data ranged from 9.6 ◦C in SZO 
to 11.39 ◦C in BD. Under different climate scenarios, this is projected 
to be increased to reach 17 ◦C and 19 ◦C.  

3. Drought events increased after 1970. Further, projected SPI-3 
revealed an increasing trend of short-term agricultural drought in 
NF (2021–2040). However, more frequent droughts are projected 
under ssp460.  

4. Among a combination of different climatic scenarios to predict SPI-3 
(i.e., SC1(R + T+Tmax + Tmin), SC2 (R), and SC3 (R + T)), the SC3 is 
found to be best for SPI-3 prediction.  

5. Although 4 ML (BG, DT, M5P, RF) algorithms varied in their ability 
for SPI-3 drought prediction. However, RF outperformed other al
gorithms for accurate prediction in cross-validation and testing 
stages at standard BD stations. However, the RF was able to predict 
the SPI-3 values more accurately than other algorithms. 

6. The SC3 (R + T) with RF implementation at the remaining two sta
tions revealed high accuracy. 

In conclusion, our study validates the performance of the RF algo
rithm for short-term drought monitoring with total monthly rainfall and 
mean monthly temperature (R + T) as a major determining factor of 
meteorological drought over extended periods. 
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Appendix  

Table A1 
Descriptive statistics of the studied climate stations (SZO, SZ, BD) for the period 1901–2020 in Hungary.  

Station* Statistic Min. Max. Range Median Mean SD. SK. KR. 

SZO R  0.3  224.4  224.1  45.3  52.7  36.1  1.1  1.1  
T  − 10.3  24.4  34.7  9.9  9.6  7.7  − 0.1  − 1.2  
Tmax  − 2.4  29.7  32.1  16.1  15.5  7.2  − 0.2  − 1.1  
Tmin  − 20.9  18.8  39.7  4.0  3.6  8.5  − 0.3  − 1.0  

SZ R  0.0  199.0  199.0  37.7  44.6  31.0  1.2  1.9  
T  − 9.5  25.7  35.2  11.4  11.0  8.3  − 0.2  − 1.2  
Tmax  − 2.1  31.8  33.9  17.8  17.3  7.9  − 0.2  − 1.1  
Tmin  − 21.9  20.9  42.8  4.9  4.4  9.2  − 0.3  − 0.9  

BD R  0.0  263.1  263.1  42.8  48.5  33.4  1.3  2.9  
T  − 8.7  26.6  35.3  11.5  11.3  8.0  − 0.1  − 1.2  
Tmax  − 2.9  33.1  36.0  18.1  17.4  7.7  − 0.2  − 1.2  
Tmin  − 20.6  21.7  42.3  5.5  5.1  8.5  − 0.2  − 1.0  

* n = 1440 months, min: minimum, max: maximum, SD: standard deviation (n), SK: Skewness (Pearson), KR: Kurtosis (Pearson).   

Table A2 
Mann-Kendall trend and Sen’s slope analysis of historical (1901–2020) and projected in near future (NF) (2021–2040), middle future (MF) (2041–2070), and far future 
(FF) (2071–2100) climatic variables (R, Tmax, and Tmin) under SSP2 and SSP4 scenarios at three stations (BD, SZ, and SZO) in Hungary, Cental Europe.   

SSP245 SSP460 

Station var Tau P-value Sen’sslope BR Tau P-value Sen’sslope BR 

BD Rain(His)  ¡0.19***  0.001  − 1.01 1970  ¡0.19***  0.001  − 1.01 1970 
Rain (NF)  − 0.13  0.4  − 1.81   − 0.11  0.4  − 1.29  
Rain (MF)  0.23  0.07  2.60   0.14  0.2  2.2  
Rain (FF)  0.13  0.31  1.8   0.11  0.37  1.22  
Tmax(His)  0.27***  >0.001  0.01 1986  0.27***  >0.001  0.01 1986 
Tmax (NF)  0.23  0.16  0.02   0.63***  >0.001  0.08  
Tmax (MF)  0.07  0.56  0.007   0.35**  0.006  0.02  
Tmax (FF)  0.22  0.08  0.02   0.10  0.41  0.007  
Tmin(His)  0.23***  >0.001  0.03 1969  0.23***  >0.001  0.03 1969 
Tmin (NF)  0.27  0.09  0.02   0.55***  >0.001  0.05  
Tmin (MF)  0.31**  0.01  0.01   0.45***  >0.001  0.02  
Tmin (FF)  0.18  0.15  0.01   0.23  0.07  0.01   

SZ Rain(his)  − 0.10  0.07  − 0.50 1944  − 0.10  0.07  − 0.50 1944 
Rain (NF)  − 0.13  0.4  − 1.7   − 0.12  0.45  − 1.73  
Rain (MF)  0.18  0.16  1.35   0.13  0.3  1.91  
Rain (FF)  0.02  0.85  0.27   − 0.04  0.72  − 0.50  
Tmax(His)  ¡0.04  0.50  ¡0.003 1961  ¡0.04  0.50  ¡0.003 1961 
Tmax (NF)  0.29  0.07  0.03   0.62***  >0.001  0.08  
Tmax (MF)  0.12  0.3  0.01   0.30**  0.01  0.02  
Tmax (FF)  0.28  0.02  0.02   0.13  0.30  0.009  
Tmin(His)  0.13*  0.03  0.02 1969  0.13  0.03  0.02 1969 
Tmin (NF)  0.30  0.06  0.02   0.654***  >0.001  0.05  
Tmin (MF)  0.29*  0.02  0.02   0.48***  >0.001  0.02  
Tmin (FF)  0.30*  0.02  0.02   0.19  0.14  0.009   

SZO Rain(His)  ¡0.15**  0.01  − 0.75 1966  ¡0.15**  0.01  − 0.75 1966 
Rain (NF)  − 0.2  0.2  − 2.1   − 0.26  0.11  − 4.32  
Rain (MF)  0.21  0.09  1.2   0.05  0.6  1.20  
Rain (FF)  0.10  0.43  1.37   0.006  0.9  0.18  
Tmax(His)  0.18**  0.002  0.01 1982  0.18**  0.002  0.01 1982 
Tmax (NF)  0.21  0.20  0.02   0.61***  >0.001  0.08  
Tmax (MF)  0.14  0.2  0.009   0.31**  0.01  0.02  
Tmax (FF)  0.25*  0.04  0.02   0.11  0.37  0.008  
Tmin(His)  0.18**  0.002  0.02 1971  0.18**  0.002  0.02 1971 
Tmin (NF)  0.31*  0.05  0.02   0.56***  >0.001  0.06  
Tmin (MF)  0.29*  0.02  0.01   0.41***  0.001  0.02  
Tmin (FF)  0.34**  0.008  0.02   0.25*  0.04  0.01    
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Table A3 
Statistical results of training (TR), cross-validation (CrV), and testing (TS) for the BD station.  

TR BGSC1 DTSC1 M5PSC1 RFSC1 BGSC2 DTSC2 M5PSC2 RFSC2 BGSC3 DTSC3 M5PSC3 RFSC3 

NSE 0.56 0.31 0.32 0.89 0.49 0.31 0.34 0.69 0.52 0.31 0.34 0.89 
RMSE 0.67 0.87 0.81 0.32 0.72 0.83 0.88 0.56 0.67 0.83 0.81 0.33 
MAEr 0.53 0.67 0.65 0.25 0.57 0.67 0.66 0.43 0.54 0.67 0.65 0.26 
r 0.76 0.54 0.57 0.96 0.7 0.74 0.76 0.83 0.75 0.56 0.59 0.95 
DAg 0.81 0.65 0.68 0.96 0.77 0.65 0.67 0.89 0.811 0.65 0.68 0.96  

CrV BGSC1 DTSC1 M5PSC1 RFSC1 BGSC2 DTSC2 M5PSC2 RFSC2 BGSC3 DTSC3 M5PSC3 RFSC3 

NSE 0.21 0.25 0.26 0.16 0.19 0.23 0.26 0.018 0.46 0.25 0.27 0.86 
RMSE 0.82 0.82 0.82 0.876 0.85 0.82 0.81 0.95 0.7 0.82 0.81 0.35 
MAEr 0.68 0.66 0.65 0.69 0.68 0.66 0.65 0.77 0.55 0.66 0.65 0.276 
r 0.49 0.51 0.52 0.48 0.48 0.51 0.53 0.41 0.68 0.51 0.53 0.94 
DAg 0.62 0.62 0.62 0.61 0.61 0.61 0.63 0.56 0.76 0.6 0.62 0.95  

TS BGSC1 DTSC1 M5PSC1 RFSC1 BGSC2 DTSC2 M5PSC2 RFSC2 BGSC3 DTSC3 M5PSC3 RFSC3 

NSE 0.26 0.29 0.33 0.21 0.26 0.26 0.33 0.21 0.51 0.3 0.33 0.88 
RMSE 0.85 0.83 0.8 0.88 0.85 0.83 0.81 0.91 0.69 0.82 0.8 0.33 
MAEr 0.67 0.67 0.64 0.69 0.66 0.67 0.65 0.73 0.55 0.67 0.64 0.27 
r 0.52 0.55 0.58 0.48 0.52 0.55 0.58 0.45 0.72 0.56 0.58 0.96 
DAg 0.68 0.62 0.65 0.6 0.63 0.62 0.66 0.6 0.78 0.63 0.66 0.96  
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