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Abstract
As a widespread environmental phenomenon, drought exerts significant adverse effects on agricultural productivity and 
environmental stability. Thorough drought assessment is essential for effective water resource management and monitoring 
strategies. Traditionally, drought is analyzed temporally and spatially without accounting for trend evolution, though trend 
studies have gained traction recently. This research addresses this gap by examining trend shifts, including frequency vari-
ations of drought classifications and their intensities, using a hybrid Frequency Innovative Trends and Statistics Analysis 
(FITA) and Innovative Trend Analysis (ITA) approach. The study applies 12-month Standardized Precipitation Index (SPI12), 
Reconnaissance Drought Index (RDI12), and Streamflow Drought Index (SDI12) across 10 stations in northeastern Algeria 
1975–2021. Findings reveal that FITA-ITA enhances drought trend evaluation by offering a detailed microscale analysis 
of meteorological and hydrological patterns beyond simple increases or decreases. For instance, El Kalla shows a 100% 
increasing SPI12 trend (ITA slope 1.160), while Khenchela exhibits a 100% decreasing SPI12 trend (ITA slope − 0.846). At 
Medjaz Amar, SDI12 increases 100% (ITA slope 0.797) despite an 82.61% decreasing RDI12 (ITA slope − 1.294), reflect-
ing streamflow gains amid agricultural droughts. These trends signal heightened risks to groundwater, desertification, and 
aquatic ecosystems, emphasizing the need for adaptive measures like rainwater harvesting and early warning systems to 
strengthen resilience in this semi-arid Mediterranean region.
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Introduction

Drought, a multifaceted natural hazard, severely affects 
water resources, agriculture, and ecosystems, especially in 
semi-arid areas such as northeastern Algeria (Wilhite and 
Pulwarty 2017; Vicente-Serrano et al. 2010). Defined by 
extended periods of reduced precipitation, droughts dis-
rupt hydrological and socio-economic systems, requiring 
advanced monitoring and modeling techniques (Hassanein 
et al. 2013).

Understanding drought entails acknowledging its varied 
effects, shaped by unique categories influencing different 
environmental facets. Meteorological drought, signaled by 
diminished rainfall, highlights early water deficits but might 
miss later climatic shifts. Agricultural drought, fueled by 
reduced soil moisture and water loss through plants, indi-
cates crop hardship, though its evaluation can struggle 
with erratic weather data across some areas. Hydrologi-
cal drought, linked to lowered river flows, points to water 
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availability concerns, yet its assessment may face hurdles 
due to limited stream monitoring. 

In Algeria, persistent drought conditions since the 1970s, 
marked by decreasing rainfall and increasing temperatures, 
have intensified water scarcity and environmental risks 
(Mostafa-Kara 2013; Khoualdia et al. 2014; AMARD 2014; 
Denidina et al. 2020; Elouissi et al. 2021; Haied et al. 2023; 
IPCC 2019; Mohammed and Al-Amin 2018; Essa et al. 
2023). The global increase in drought frequency under-
scores the need for reliable models to predict and mitigate 
its impacts. Several approaches have been proposed, includ-
ing probabilistic models for joint drought characteristics, 
neural-based forecasting, and hybrid methods integrating 
climatic indices with remote sensing data (Cancelliere et al. 
2007; Morid et al. 2007; Kim and Valdes 2003; Mishra and 
Singh 2011; Yisehak and Zenebe 2021), Machine learning 
models, such as multilayer perceptrons and random forests, 
enhance forecasting accuracy, (Alkubaisi et al. 2025; Hakam 
et al. 2023; Pham et al. 2022; Ihinegbu and Ogunwumi 2022; 
Habibi et al. 2024; Kesgin et al. 2024).

Assessing drought severity is complex due to its diverse 
characteristics, necessitating indices like the Standard-
ized Precipitation Index (SPI) for meteorological drought, 
the Reconnaissance Drought Index (RDI) for agricultural 
drought, and the Streamflow Drought Index (SDI) for 
hydrological drought (Quiring 2009; Djebou 2017; Jahan-
gir et al. 2024; McKee et al. 1993; Tsakiris and Vangelis 
2005; Hayes et al. 2011; WMO 2016; Turhan and Değerli 
Şimşek 2023; Nalbantis and Tsakiris 2009). Other indi-
ces include the Palmer Drought Severity Index (PDSI); 
the Surface Water Supply Index (SWSI); the Reclamation 
Drought Index (RCDI); the Standardized Precipitation 
Evapotranspiration Index (SPEI); and the Actual Precipita-
tion Index (API) (Palmer 1965; Shafer and Dezman 1982; 
Vicente-Serrano et al. 2010). Climate change exacerbates 
drought intensity and frequency through rapid variations in 
temperature and precipitation, underscoring the importance 
of trend analysis (IPCC 2019). Conventional trend analysis 
methods, such as the Mann–Kendall test, rely on restrictive 
assumptions (e.g., data normality), limiting their suitability 
for non-stationary climate data (Mann 1945; Kendall 1975; 
Şen 2012; Kenabatho 2025). To address these constraints, 
Şen (2012) introduced the Innovative Trend Analysis (ITA), 
a nonparametric approach that identifies trends via subseries 
comparisons, widely used in hydroclimatic research. This 
paper presents the Frequency Innovative Trends and Sta-
tistics Analysis (FITA) as the original model, developed by 
Abu Arra et al. (2024), which advances ITA by integrating 
spectral frequency analysis to quantify drought classifica-
tion frequencies (e.g., mild, moderate, severe). Unlike ITA’s 
focus on monotonic trends, FITA detects cyclic patterns 
and severity distributions, distinguishing it from predictive 
machine learning models like multilayer perceptrons and 

spatial multi-criteria approaches, with its spectral formula-
tion detailed in the methods section (Şen et al. 2020; Abu 
Arra et al. 2025).

Northeastern Algeria, a region critical for its economy 
and population, experiences rising drought frequency, with 
studies reporting a 20–30% rainfall decline and increased 
aridity (Taibi et al. 2013; Boudiaf et al. 2021; Boulmaiz and 
Boutaghane 2022; Berhail and Katipoğlu 2024). Regional 
studies using the Mann–Kendall test show varied trends: 
Bougara et al. (2021) reported no significant trends in the 
Tafna basin (1979–2011), while Choutri and Hussein (2024) 
detected negative trends across all timescales (1950–2020); 
Bessaklia et al. (2018) observed increased high precipitation 
events at 23 stations, yet Ziari and Medjerab (2025) noted a 
rainfall decrease in Annaba since June 2002 (1981–2021); 
Bendjema et al. (2019) identified a dry phase (1979–2001) 
followed by a wet phase (2002–2009) in the Mellah catch-
ment. Although ITA has been applied to regional rainfall, its 
use with drought indices remains limited. FITA, as a novel 
modeling approach, provides a robust framework to analyze 
SPI, RDI, and SDI trends by integrating frequency analysis 
with ITA’s trend detection, offering probabilistic insights 
into drought severity distributions. This study uses FITA 
and ITA to evaluate drought dynamics across 10 stations in 
northeastern Algeria (1975–2021), aiming to identify spatial 
and temporal trends and assess data homogeneity, thereby 
supporting integrated drought management and sustainable 
water resource management through connections to hydro-
logical and ecological outcomes.

Materials and methodologies

This study analyzed long-term hydrological and meteoro-
logical data from 1975 to 2021 across multiple stations in 
the North-Eastern of Algeria. Monthly Precipitation, Tem-
perature, and Flowstream data were sourced from 10 stations 
cover all the study area. The Frequency Innovative Trends 
and Statistics Analysis (FITA) was applied to assess drought 
trends using the Standardized Precipitation Index (SPI12), 
Reconnaissance Drought Index (RDI12), and Streamflow 
Drought Index (SDI12), calculated on a 12-month scale to 
capture annual drought patterns. For homogeneity assess-
ment, Precipitation and Temperature data underwent the 
Levene test to evaluate variance equality across three peri-
ods (1975–1990, 1991–2005, 2006–2021), followed by the 
Mann–Whitney U test for pairwise distributional compari-
sons in inhomogeneous cases (p ≤ 0.05). Flowstream data 
were analyzed using the Kruskal–Wallis test to detect overall 
distributional differences across the periods, with Dunn’s 
post hoc test (Bonferroni-adjusted) applied to identify spe-
cific period pairs with significant shifts (p ≤ 0.05).
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Study area

The study area is located in northeastern Algeria, extend-
ing between longitude 6°41′ and 8°39′ E and latitude 
35°12′ and 36°57′ N, covering a total area of 22,354 km2 
with a population of 5,396,900 inhabitants in 2020, dis-
tributed across eight wilayas: Annaba, El Tarf, Guelma, 
Skikda, Souk-Ahras, Oum-El Bouaghi, Khenchela, and 
Tebessa. The region’s topography is characterized by the 
Tellian Mountains, which form a ridge along the Mediter-
ranean Sea up to the Tunisian border (Fig. 1). The area is 
divided into four (4) altitude ranges along a north–south 
axis: the 0 to 400 m range includes the northern coastal 
strip of the Tell Atlas, encompassing the valleys of Oued 
Guebli and Oued Safsaf, the Azzaba depression, the plains 
of Guerbes, Annaba-Skikda, Annaba, and Tarf, and the 
coastal hills of El-Kala; the 400 to 800 m zone com-
prises the Skikda-l’Eddough Mountains, high plains of 
Chelghoum-Laïd, Sadrata-Taoura, Oum-El-Bouaghi, Ain-
Beida, El-Madher-Chemora, Bir-El-Ater, and hills of Oued 
Zenati; the 800 to 1200 m range includes the high plains of 
Khenchela and Ain-Djasser; and the 1200 to 2200 m zone 
features the Aures Mountains—El-Mahmel, 2200 m—and 
Tebessa Mountains.

The study area, defined by a Mediterranean cli-
mate, exhibits annual precipitation ranging from 200 to 
1500 mm, with a pronounced southward decline, accom-
panied by a warming trend of 1–2 °C per century that has 
exacerbated drought conditions since the 1970s, reflecting 
notable spatial variability. Winter months feature signifi-
cant snowfall, with temperatures varying between 1 and 
15 °C, whereas summer temperatures extend from 25 to 
46 °C. The region is further shaped by the influence of 
sirocco and northwest winds, which exert distinct effects 
on specific sub-regions. Water resources are approximated 
at 308 million cubic meters per annum, highlighting the 
pivotal hydrological dynamics underpinning the area’s 
environmental framework.

Dataset description for drought analysis

Data for this study consist of monthly time series of Pre-
cipitation, Temperature, and Flowstream collected from 
1975 to 2021 across ten stations for Precipitation and 
Temperature (Annaba, Zerdaza Dam, Bekouche Lakhdar, 
Chafia Dam, Medjaz Amar, El-Kala, Khenchela, Oum-
El Bouaghi, Souk Ahras, and Tebessa) and four stations 
for Flowstream (Zerdaza Dam, Bekouche Lakhdar, Chafia 
Dam, and Medjaz Amar). These datasets, likely sourced 
from the National Agency of water Resources (ANRH), 

were used to compute the 12-month Standardized Pre-
cipitation Index (SPI12), Reconnaissance Drought Index 
(RDI12), and Streamflow Drought Index (SDI12) for 
drought trend analysis, while also serving as the basis for 
homogeneity tests across the periods 1975–2021.

The study period from 1975 to 2021 was divided into 
three sub-periods 1975–1990, 1991–2005, and 2006–2021 
to facilitate the analysis of temporal trends and homogeneity 
in drought indices, Precipitation, Temperature, and Flow-
stream data. This division was chosen to create approxi-
mately equal intervals of 15–16 years, ensuring sufficient 
sample sizes for robust statistical comparisons while align-
ing with significant climatic and anthropogenic shifts in the 
Mediterranean region. The 1975–1990 period serves as a 
baseline, reflecting a time of relatively higher precipitation 
and less pronounced warming in the Mediterranean, before 
the marked decline in rainfall observed in the region since 
the late 1970s (Elouissi et al. 2021; Haied et al. 2023), the 
1991–2005 period coincides with increased global warm-
ing and regional water management changes; for example, 
dam construction in Algeria increased significantly, from 13 
dams in 1962 to over 50 by the early 2000s, as a response to 
water scarcity (Kherbache 2020).

The 2006–2021 period reflects intensified climate vari-
ability and drought frequency, Mohammed and Al-Amin 
(2018) indicated that by 2020, Algeria’s water availability 
had dropped to 430 m3 per capita annually, falling below the 
World Bank’s water scarcity threshold of 1000 m3. They also 
projected a rainfall decrease of 16–43% rainfall reduction 
in northern Algeria over the twentieth century (Taibi et al. 
2013), exacerbating low dam reserves throughout North 
Africa. This three-part framework facilitates the identifica-
tion of long-term trends and possible shifts in data uniform-
ity, aligning with the study’s goal of evaluating drought pat-
terns and ensuring data reliability over time.

Standardized Precipitation Index (SPI)

Drought poses a major natural threat, inflicting considerable 
socio-economic and ecological harm, contributing to about 
22% of global economic losses (Malik et al. 2021). Defined 
by its severity, spatial coverage, duration, and timing, 
drought is assessed through climatic or hydrometeorological 
indices to support monitoring, early warning mechanisms, 
and impact evaluation (WMO 2016). Although drought pat-
terns differ across regions, their analysis typically relies on 
meteorological station data reflecting larger areas. Various 
methods are available for drought monitoring, utilizing sin-
gle or combined indices to improve accuracy and prediction. 
Among these, the Standardized Precipitation Index (SPI) is 
mathematically formulated as:
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Fig. 1   Geographic situation of the study area and stations used in the study
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where, Pij represents seasonal precipitation at the ith gauge 
and jth observation P : denotes the long-term seasonal mean, 
and σ stands for the standard deviation.

The SPI effectively identifies dry and wet periods by 
quantifying precipitation anomalies. A drought occurs when 
SPI values remain below − 1 for consecutive periods and 
ends when they turn positive. Drought severity is classified 
using SPI thresholds. (Tsakiris and Vangelis 2004).

Reconnaissance Drought Index (RDI)

The Reconnaissance Drought Index (RDI) assesses drought 
by incorporating precipitation and potential evapotranspira-
tion (PET) for a more precise evaluation of water deficits. 
Unlike traditional indices, RDI provides a comprehensive 
drought representation, making it effective for comparing 
severity across diverse climates. While RDI trends align 
with SPI, it is more sensitive to environmental changes, 
enhancing drought monitoring (Buttafuoco et al. 2016). Its 
universal applicability allows assessments across various 
climatic settings (Tigkas et al. 2015). The RDI is computed 
using precipitation and PET data expressed in three forms: 
initial value ( �k ). normalized RDI ( RDIn ). and standardized 
RDI ( RDIst).

The initial value �k of RDI can be calculated for the i year 
on a time basis of k (months) using the following equation:

where Pij and PETij are the precipitation and potential evapo-
transpiration for month j of hydrological year i.

The values of �k generally follow log-normal and gamma 
distributions across a wide range of locations and time 
scales, as tested. Assuming the log-normal distribution 
applies, the following equation can be used to calculate the 
standardized RDI ( RDIst):

where y(i) is 
(
∝i
k

)
 , yk  is its arithmetic mean, and 𝜎̂y is its 

standard deviation.
Positive RDI_st values indicate wet periods, while nega-

tive values signify dry periods relative to the region’s normal 
conditions. Drought severity is categorized into mild, mod-
erate, severe, and extreme levels based on RDI thresholds.

(1)SPI =

(
Pij − PX

)

�

(2)∝i
k
=

∑k

j=1
Pij

∑k

j=1
PETij

.i = 1(1)Netj = 1(1)k

(3)RDI
(i)
st =

y(i) − y

𝜎̂y

Streamflow Drought Index (SDI)

The Streamflow Drought Index (SDI) (Nalbantis and Tsa-
kiris 2009) extends SPI by using monthly streamflow data 
to assess hydrological drought. It employs normalization 
techniques to identify wet and dry periods while measuring 
drought intensity. SDI is useful for station-based drought 
monitoring but may not fully represent entire basins. The 
SDI is computed using cumulative streamflow values over 
specific reference periods as follows:

where, Vi.k , is the cumulative flow of hydrological year (i) for 
reference period (k); K = 1 , for October-December, K = 2 
for October–March, K = 3 for October-June, and K = 4 for 
October-September.

Using the calculated cumulative streamflows, the SDI for 
each reference period k is determined as:

where, Vk and Sk are the mean and standard deviation respec-
tively of cumulative flows for reference period k calculated 
over a long period.

The SDI classification follows a structure similar to mete-
orological drought indices like SPI, defining five levels of 
hydrological drought severity. This index is widely used 
to evaluate long-term water availability assess watershed 
response to drought, and support water resource manage-
ment strategies.

Innovative trend analysis (ITA)

Introduced by Şen (2012), is a nonparametric method for 
detecting monotonic trends (increasing or decreasing) in 
hydroclimatic time series (e.g., precipitation, SPI). It com-
pares two equal halves of a time series on a scatter plot, 
avoiding assumptions like normality or stationarity required 
by methods like Mann–Kendall (Mann 1945; Kendall 1975).

ITA divides a time series X =
(
x1, x2,…… , xn∕2

)
 into 

equal sub-series:

Each sub-series is sorted in ascending order and plotted 
against each other as a scatterplot:

(4)Vi.k =

3k∑

j=1

Qij.i = 1.2… .j = 1.2.… .12. k = 1.2.3.4

(5)SDIi.k =
V
i.k−Vk

Sk
.i = 1.2..... K = 1.2.3.4

X1 =
(
x1, x2,…… , xn∕2

)
, X2 =

(
x(n∕2)+1,…… , xn

)

(6)x
(1)

i
vsx

(2)

i
fori = 1,…… ., n∕2
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A 45° line (the identity line) is drawn. The location of the 
points relative to this line indicates the trend:

•	 Points above the line → increasing trend
•	 Points below the line → decreasing trend
•	 Points around the line → no trend

The ITA slope can be estimated by simple linear regres-
sion between the ordered sub-series:

where x(1) and x(2) are the means of each sub-series (Fig. 2).

FITA analysis

Frequency analysis (Eq. 8) quantifies the occurrence, inten-
sity, and persistence of drought classifications, aiding in the 
evaluation of drought patterns and severities. The Frequency 
Innovative Trends and Statistics Analysis (FITA) is a novel 
methodology designed to detect trends in hydrometeoro-
logical time series by emphasizing frequency-based pat-
terns over time (Abu Arra et al. 2024). FITA is inspired by 
methods like Şen’s Innovative Trend Analysis (ITA), which 
plots time series subsections to visually detect trends with-
out strict statistical assumptions. FITA’s frequency focus 

(7)SlopeITA =

∑n∕2

i=1

�
x
(2)

i
− x

(2)
��

x
(1)

i
− x

(1)
�

∑n∕2

i=1

�
x
(1)

i
− x

(1)
�2

suggests an additional layer of spectral analysis, which is 
common in climate studies to identify cycles. It proposes 
an additional to the ITA graph, representing the frequency 
of each drought classification. Drought classifications can 
include categories such as: normal, moderate drought, severe 
drought, and extreme drought as reported in Table 1.

FITA likely employs frequency-domain techniques, such 
as spectral analysis or wavelet transforms (Rezaiy and Shabri 
2025), to identify periodicities and trends in drought occur-
rences, offering an advantage over traditional methods like 
Mann–Kendall by not requiring restrictive assumptions (data 
independence or normality). The methodology involves: (1) 

(8)

Frequency =
Numberofmonthsineachclassification

Totalnumberofmonths
× 100%

Fig. 2   Scatter Plot Representa-
tion of Innovative Trend Analy-
sis (ITA) Trend Types (Dabanlı 
et al. 2016)

Table 1   Drought classification according to McKee et al. (Abu Arra 
et al. 2025)

(Drought Index value_DI) Drought classification Probability (%)

2.00 ≤ DI Extreme wet (EW) 2.3%
1.50 ≤ DI < 2.00 Severe wet (SW) 4.4%
1.00 ≤ DI < 1.50 Moderate wet (MW) 9.2%
1.00 < DI < 1.00 Normal (N) 68.2%
1.50 ≤ DI ≤ − 1.00 Moderate drought (MD) 9.2%
2.00 < DI ≤ 1.50 Severe drought (SD) 4.4%
2.00 ≥ DI Extreme drought (ED) 2.3%
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transforming the time series of each drought index into the 
frequency domain to detect dominant cycles, (2) analyzing 
trends in the frequency of drought events across the study 
period, and (3) comparing trends across the three defined 
periods (1975–1990, 1991–2005, 2006–2021) to assess tem-
poral shifts. This approach enables a nuanced understanding 
of drought dynamics, revealing both short-term fluctuations 
and long-term trends. Figure 3 illustrates the operational 
framework of the Frequency Innovative Trend Analysis 
(FITA) method.

Homogeneity tests

Detecting trends and ensuring data homogeneity in long-
term hydrological and meteorological records pose signifi-
cant challenges for drought monitoring and climate analy-
sis. Over the 1975–2021 period, datasets like Precipitation, 
Temperature, and Flowstream often exhibit non-stationari-
ties due to climate variability, human interventions (dams, 
land use changes), and data inconsistencies (station reloca-
tions, instrument upgrades).

This section evaluates the homogeneity of Precipitation, 
Temperature, and Flowstream data across three periods 
(1975–1990, 1991–2005, 2006–2021) using robust statistical 
tests. The Levene and Mann–Whitney U tests were applied 
to Precipitation and Temperature, while the Kruskal–Wal-
lis and Dunn’s post hoc tests were used for Flowstream to 
identify significant temporal shifts.

Levene’s test

Levene’s test, a statistical method, evaluates the homogene-
ity of variances among multiple groups by determining if the 
variances of various samples are equal, a critical assumption 
for parametric tests such as ANOVA. Notably, this test is 
independent of sample variances, making it relatively insen-
sitive to outliers (Levene 1960).

For a dataset divided into k groups, each with ni observa-
tions, the test statistic is computed as:

where, N, is the total number of observations across all 
groups; k, is the number of groups; Zij =

||
|
Xij − Ẋi

||
|
 , is the 

absolute deviation from the group median (for a robust ver-
sion) or mean (original version); Zi , is the mean of Zij within 
group i; Z.. , is the overall mean of Zij across all groups.

If the test statistic W is significant (p value < chosen alpha 
level, typically 0.05), the assumption of equal variances is 
violated.

(9)W =
(N − K)

K − 1
×

∑k

i=1
ni
�
Zi − Z..

�2

∑k

i=1

∑ni
j=1

�
Zij − Zi

�2

Mann Whitney U test

The Mann–Whitney U test, also known as the Wilcoxon 
rank-sum test, serves as a nonparametric counterpart to the 
student’s t-test, comparing the means of two independent 
groups without assuming a normal distribution of the data 
(Hart 2001; Sheskin 2007). For two independent samples, 
X (with size n1) and Y (with size n2), the U statistic is 
calculated as follows:

where, R1 , is the sum of the ranks assigned to the observa-
tions in sample X.

A second U statistic is calculated similarly for sample 
Y:

The smaller of U1 and U2 is typically used as the test 
statistic.

The p value linked to the U statistic reflects the likelihood 
of obtaining the observed result if the null hypothesis—that 
both groups share the same distribution—holds true. A low 
p value (p < 0.05) indicates strong evidence to reject the 
null hypothesis, pointing to a notable difference between 
the groups (Sheskin 2007; Krzywinski and Altman 2014).

Kruskal–Wallis and Dunn’s post hoc tests

The Kruskal–Wallis test is a non-parametric statistical 
method used to compare the distributions of three or more 
independent groups when the data do not meet the assump-
tions of normality required for a one-way ANOVA. Pro-
posed by Kruskal and Wallis (1952), the test extends the 
Mann–Whitney U test to multiple groups, evaluating the null 
hypothesis that all groups have identical distributions against 
the alternative that at least one group differs. It operates 
by ranking all observations across groups, calculating the 
mean rank for each group, and computing a test statistic (H) 
based on the differences in mean ranks, adjusted for sam-
ple sizes. The H statistic follows a chi-square distribution, 
and a p value ≤ 0.05 typically indicates significant differ-
ences among groups. When the Kruskal–Wallis test rejects 
the null hypothesis, Dunn’s post hoc test is often applied to 
identify which specific pairs of groups differ. Introduced by 
Dunn (1964), this test performs pairwise comparisons using 
rank sums, adjusting for multiple comparisons to control the 
family-wise error rate, commonly with the Bonferroni cor-
rection (Bewick et al. 2004; Kim 2014).

(10)U1 = n1n2 +
n1
(
n1 + 1

)

2
− R1

(11)U2 = n1n2 +
n2
(
n2 + 1

)

2
− R2
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Fig. 3   Frequency and Innovative Trend Analysis (FITA and ITA) of SPI12, RDI12, and SDI12 for 10 Stations in Northeastern Algeria (1975–2021)
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Results

FITA and temporal variability of drought indices

The FITA analysis of SPI12, RDI12, and SDI12 from 1975 
to 2021 shows varying drought trends across northeastern 
Algeria. Figure 3 reveals a downward trend in sorted DI 
values from 1975–1998 to 1999–2021, with points below 
the 1:1 line. Inland stations like Khenchela and Oum El 
Bouaghi report 100% decreasing SPI12, while coastal sta-
tions like El Kalla show 100% increasing SPI12 and Zer-
daza Dam 95.65% increasing SPI12. Medjaz Amar exhib-
its 100% increasing SDI12 and 82.61% decreasing RDI12.

Boxplots in Fig. 4 compare precipitation, temperature, 
and streamflow variations over the three defined time 
periods.

The boxplots reveal distinct patterns Precipitation 
exhibits high variability across all stations (Annaba, Zer-
daza Dam, Khenchela), with medians generally decreasing 
from 1975–1990 to 2006–2021, particularly at stations like 
Souk Ahras and Oum-El Bouaghi, where the 2006–2021 
period shows a tighter interquartile range and more fre-
quent low outliers, indicating reduced rainfall and poten-
tial drought intensification.

Temperature boxplots show a consistent upward shift in 
medians across all stations (Chafia Dam, Medjaz Amar), 
with the 2006–2021 period displaying higher medians 
(for example, 20 °C at Annaba) compared to 1975–1990 
(18 °C), alongside increased variability and high outli-
ers, reflecting warming trends that exacerbate drought 
conditions.

Flowstream data indicate significant variability, espe-
cially at Zerdaza Dam and Medjaz Amar, where medians 
drop sharply in 1991–2005 and 2006–2021 compared to 
1975–1990, with numerous low outliers in the latter period 

suggesting reduced streamflow and heightened drought 
severity.

Homogeneity analysis

Homogeneity tests were conducted to assess the consistency 
of Precipitation, Temperature, and Flowstream data across 
the three periods (1975–1990, 1991–2005, 2006–2021) for 
all stations in northeastern Algeria, using a significance 
threshold of p ≤ 0.05 as reported in Table 2.

For Precipitation, the Levene test revealed that most sta-
tions exhibit homogeneous variance (Annaba, p = 0.7145; 
Zerdaza Dam, p = 0.252), indicating stable data consist-
ency over time. However, Khenchela (p = 0.0005), Oum 
El Bouaghi (p = 0.0), and Souk Ahras (p = 0.0045) were 
found to be inhomogeneous, suggesting significant variance 
changes.

Subsequent Mann–Whitney U tests on these sta-
tions showed no significant distributional differences 
between periods (Khenchela: p = 0.9408 for 1975–1990 vs 
1991–2005), indicating that the inhomogeneity is primar-
ily due to variance shifts rather than changes in the overall 
distribution.

For Temperature, the Levene test indicated homogene-
ity across most stations (Annaba, p = 0.3642; Medjaz Amar, 
p = 0.8382), except for Chafia Dam (p = 0.0471), which was 
inhomogeneous. However, Mann–Whitney U tests for Cha-
fia Dam revealed no significant distributional differences 
(p = 0.2653 for 1975–1990 vs 1991–2005; p = 0.1651 for 
1991–2005 vs 2006–2021), suggesting that the inhomoge-
neity is also driven by variance changes rather than distri-
butional shifts.

In contrast, Flowstream data exhibited significant 
inhomogeneity across all stations, as determined by the 
Kruskal–Wallis test (p ≤ 0.0103 for Zerdaza Dam, Bekouche 

Fig. 4   Temporal Variability of Precipitation, Temperature, and Flowstream Across Stations in Northeastern Algeria (1975–2021)
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Lakhdar, Chafia Dam, and Medjaz Amar), indicating sub-
stantial distributional differences over time.

Frome Table 3, Dunn’s post hoc tests with Bonferroni 
correction further highlighted specific period shifts: Zer-
daza Dam and Medjaz Amar showed near-significant or 
significant differences across all period pairs (Zerdaza 
Dam: p = 0.0527 for 1975–1990 vs 1991–2005, p = 0.05 
for 1975–1990 vs 2006–2021; Medjaz Amar: p = 0.05 
for 1975–1990 vs 1991–2005, p = 0.0503 for 1975–1990 
vs 2006–2021), suggesting consistent temporal shifts in 
flowstream behavior. Bekouche Lakhdar and Chafia Dam 
exhibited significant shifts primarily between 1975–1990 

and 2006–2021 (Bekouche Lakhdar: p = 0.05113; Cha-
fia Dam: p = 0.063), with less pronounced differences in 
other pairs (Bekouche Lakhdar: p = 1.0 for 1975–1990 
vs 1991–2005; Chafia Dam: p = 0.438 for 1991–2005 vs 
2006–2021).

These Flowstream results are visualized in Fig. 5, a heat-
map displaying the Kruskal–Wallis and Dunn’s post hoc p 
values, where lower p values (red shades) indicate signifi-
cant differences, particularly for Zerdaza Dam and Medjaz 
Amar across all periods, and for Bekouche Lakhdar and 
Chafia Dam between the earliest and latest periods. These 
findings underscore the varying degrees of data consistency 

Table 2   Homogeneity test results for precipitation, temperature, and flowstream across stations in Northeastern Algeria (1975–2021)

Variable Station Levene p value Homogeneity MW p value (1975–1990 
vs 1991–2005)

MW p value (1991–
2005 vs 2006–2021)

Precipitation Annaba 0.7145 Homogeneous – –
Precipitation Zerdaza Dam 0.2520 Homogeneous – –
Precipitation Bekouche Lakhdar 0.3364 Homogeneous – –
Precipitation Chafia Dam 0.8922 Homogeneous – –
Precipitation Medjaz Amar 0.6600 Homogeneous – –
Precipitation El kalla 0.4139 Homogeneous – –
Precipitation Khenchela 0.0005 Inhomogeneous 0.9408 0.4044
Precipitation Oum El Bouaghi 0.0000 Inhomogeneous 0.9329 0.5827
Precipitation Souk Ahras 0.0045 Inhomogeneous 0.3074 0.1429
Precipitation Tebessa 0.1018 Homogeneous – –
Temperature Annaba 0.3642 Homogeneous – –
Temperature Zerdaza Dam 0.5081 Homogeneous – –
Temperature Bekouche Lakhdar 0.5079 Homogeneous – –
Temperature Chafia Dam 0.0471 Inhomogeneous 0.2653 0.1651
Temperature Medjaz Amar 0.8382 Homogeneous – –
Temperature El kalla 0.5966 Homogeneous – –
Temperature Khenchela 0.7394 Homogeneous – –
Temperature Oum El Bouaghi 0.8502 Homogeneous – –
Temperature Souk Ahras 0.6204 Homogeneous – –
Temperature Tebessa 0.7416 Homogeneous – –
Flowstream Zerdaza Dam 0.0000 Inhomogeneous 0.0025 0.0007
Flowstream Bekouche Lakhdar 0.7456 Homogeneous – –
Flowstream Chafia Dam 0.1222 Homogeneous – –
Flowstream Medjaz Amar 0.0255 Inhomogeneous 0.0000 0.0259

Table 3   Kruskal–Wallis and Dunn’s post hoc test results for flowstream homogeneity across stations in northeastern Algeria (1975–2021)

Variable Station Kruskal–Wal-
lis p value

Homogeneity Post hoc (1975–1990 
vs 1991–2005)

Post hoc (1975–1990 
vs 2006–2021)

Post hoc (1991–
2005 vs 2006–
2021)

Flowstream Zerdaza Dam 0.0000 Inhomogeneous 0.0527 0.05000 0.0507
Flowstream Bekouche Lakhdar 0.0103 Inhomogeneous 1.0000 0.05113 0.0880
Flowstream Chafia Dam 0.0088 Inhomogeneous 0.3304 0.063 0.4380
Flowstream Medjaz Amar 0.0000 Inhomogeneous 0.05000 0.0503 0.0817
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across the parameters, with Flowstream showing the most 
pronounced temporal instability.

Trend frequencies and ITA slopes

Table 4 lists FITA derived trend frequencies and ITA slopes. 
Khenchela shows 100% decreasing SPI12 (ITA slope: 
− 0.846) and RDI12 (ITA slope: − 0.792). El Kalla exhib-
its 100% increasing SPI12 (ITA slope: 1.160) and 95.65% 
increasing RDI12. Medjaz Amar has 100% increasing SDI12 
(ITA slope: 0.797) and 82.61% decreasing RDI12 (ITA 
slope: − 1.294). Zerdaza Dam reports 95.65% increasing 
SPI12 (ITA slope: 0.596) and 86.96% increasing RDI12.

Discussion

The results of this paper all align with the observed patterns 
of drought across northeastern Algeria from 1975 to 2021, 
as analyzed through the methodologies outlined. Inland sta-
tions such as Khenchela (100% decreasing SPI12, ITA slope: 
− 0.846) and Oum El Bouaghi (100% decreasing SPI12, ITA 
slope: − 0.864) exhibit persistent meteorological drought, 

corroborated by declining Precipitation medians shown in 
Fig. 4. In contrast, stations like El Kalla (100% increasing 
SPI12, ITA slope: 1.160) and Zerdaza Dam (95.65% increas-
ing SPI12, ITA slope: 0.596) show wetter conditions, likely 
influenced by proximity to the Mediterranean Sea, which 
may mitigate regional precipitation declines. At Medjaz 
Amar, mixed trends (100% increasing SDI12, ITA slope: 
0.797; 82.61% decreasing RDI12, ITA slope: − 1.294) indi-
cate streamflow recovery alongside worsening agricultural 
drought, a pattern effectively captured by the ITA-FITA 
methodology’s ability to detect spatial and sectoral vari-
ability, as depicted in Fig. 3.

The homogeneity analysis (Tables 2 and 3) supports 
the observed significant Flowstream inhomogeneity 
(Kruskal–Wallis p ≤ 0.0103), with notable shifts at Zer-
daza Dam (p = 0.05 for 1975–1990 vs. 2006–2021) and 
Medjaz Amar, attributable to dam operations and a docu-
mented 16–43% rainfall decline (Taibi et al. 2013). Pre-
cipitation and Temperature data remain largely homogene-
ous (e.g., Annaba, p = 0.7145), ensuring the reliability of 
SPI12 and RDI12 trends, though Khenchela’s variance shift 
(p = 0.0005) aligns with its sustained drought conditions, 
reinforcing the analysis’s validity.

Fig. 5   Flowstream homogeneity: Kruskal-Walis and Dunn’s Post Hoc p values
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Hydrological changes, visualized in the heatmap (Fig. 5), 
point to significant impacts from anthropogenic activities, 
particularly dam operations at Zerdaza and Chafia Dams, 
which regulate flow for irrigation and water supply. Climatic 
factors, including a rainfall reduction in northern Algeria 
and increased evaporation due to rising temperatures (Fig. 2: 
medians of 20 °C in 2006–2021 vs. 18 °C in 1975–1990), 
further diminish natural streamflow. El Kalla and Zerdaza 
Dam’s positive SPI12 trends suggest wetter conditions, pos-
sibly buffered by Mediterranean influences, while Khenchela 
and Oum El Bouaghi’s negative SPI12 trends (slopes of 
− 0.846 and − 0.864) indicate prolonged moderate to severe 
drought (SPI12 likely below − 1), consistent with a 20–30% 
rainfall decrease over the twentieth century (Mrad et al. 
2018). Figure 4’s boxplots, showing Khenchela’s Precipita-
tion medians dropping with frequent low outliers near zero, 
support this pattern.

RDI12 trends underscore temperature’s aggravating role. 
At Chafia Dam, a 69.57% decrease in RDI12 (ITA slope: 
− 0.708), despite an 82.61% increase in SPI12 (ITA slope: 
0.947), highlights how elevated temperatures (medians ris-
ing from 18 to 20 °C) boost evapotranspiration, intensify-
ing agricultural drought. Similarly, Medjaz Amar’s 82.61% 
RDI12 decrease (ITA slope: − 1.294) contrasts with a 100% 
SDI12 increase (ITA slope: 0.797), indicating that stream-
flow improvements do not offset agricultural water deficits. 

These ITA slopes-negative for Khenchela (− 0.846 for 
SPI12, − 0.792 for RDI12) and positive for Medjaz Amar’s 
SDI12 (0.797)—quantify the divergent hydrological and 
agricultural trends with precision.

These patterns align with regional climate dynamics, as 
Essa et al. (2023) note a pronounced drought intensification 
in the southern Mediterranean, particularly in North Africa. 
Mrad et al. (2018) further confirm a north-to-south rainfall 
gradient in Algeria, amplifying aridity concerns. Anthro-
pogenic influences, including dam operations and land use 
changes, significantly alter the hydrological balance, as evi-
denced by Hassini et al. (2011), Meddi (2013), Balah and 
Amarchi (2016), and Kourat and Medjerab (2016). How-
ever, the increasing trends at El Kalla and Zerdaza Dam 
suggest localized resilience, potentially due to microclimatic 
factors or effective water management, warranting further 
investigation.

The environmental consequences are significant. At 
Khenchela, the 100% decreasing SPI12 trend reduces 
groundwater recharge, threatening the Chott Melghir wet-
land—a critical biodiversity hotspot (AMARD 2014)—and 
heightens desertification risks, with Denidina et al. (2020) 
reporting vegetation cover loss in southern Algerian steppes. 
Haied et al. (2023) document similar drought severity in 
semi-arid Algeria, where groundwater declines (e.g., 41% 
over 17 years in Morocco’s Haouz Plain) stress ecosystems. 

Table 4   FITA-derived trend 
frequencies for SPI12, RDI12, 
and SDI12 across stations in 
northeastern Algeria (1975–
2021)

Station Index Increasing (%) Decreasing (%) No trend (%) Years

Zerdaza Dam SPI12 95,65 4,35 0 1975–2021
Zerdaza Dam RDI12 86,96 13,04 0 1975–2021
Bekouche Lakhdar SPI12 95,65 4,35 0 1975–2021
Bekouche Lakhdar RDI12 91,3 8,7 0 1975–2021
Bekouche Lakhdar SDI12 91,3 8,7 0 1975–2021
Chafia Dam SPI12 82,61 17,39 0 1975–2021
Chafia Dam RDI12 30,43 69,57 0 1975–2021
Chafia Dam SDI12 86,96 13,04 0 1975–2021
Medjaz Amar SPI12 60,87 39,13 0 1975–2021
Medjaz Amar RDI12 17,39 82,61 0 1975–2021
Medjaz Amar SDI12 100 0 0 1975–2021
Annaba SPI12 65,22 34,78 0 1975–2021
Annaba RDI12 30,43 69,57 0 1975–2021
El kalla SPI12 100 0 0 1975–2021
El kalla RDI12 95,65 4,35 0 1975–2021
Khenchela SPI12 0 100 0 1975–2021
Khenchela RDI12 0 100 0 1975–2021
Oum El Bouaghi SPI12 0 100 0 1975–2021
Oum El Bouaghi RDI12 0 100 0 1975–2021
Souk Ahras SPI12 65,22 34,78 0 1975–2021
Souk Ahras RDI12 39,13 60,87 0 1975–2021
Tebessa SPI12 78,26 21,74 0 1975–2021
Tebessa RDI12 56,52 43,48 0 1975–2021
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Wetter conditions at Zerdaza Dam, reflected by its SPI12 
increase, may lead to soil erosion and sedimentation, reduc-
ing reservoir capacity and disrupting aquatic ecosystems, as 
indicated by Fig. 4’s Flowstream decline. Rising tempera-
tures exacerbate these issues, particularly at Medjaz Amar, 
where agricultural drought intensifies despite streamflow 
gains.

To address these challenges, the recommendation for inte-
grated management strategies, such as rainwater harvesting 
(Guebail et al. 2017), is well-supported by the ITA-FITA 
findings of spatial variability. Implementing early warning 
systems based on SPI12 and SDI12 can enhance resilience, 
mitigating drought impacts on water resources, ecosys-
tems, and land use in this semi-arid region. In summary, 
the ITA-FITA methodology, validated by homogeneity tests 
(Tables 2 and 3) and temporal data (Fig. 4), provides a solid 
foundation for understanding these trends and guiding adap-
tive strategies.

Conclusion

In summary, this investigation underscores the value of eval-
uating drought patterns in northeastern Algeria (1975–2021) 
through the Frequency Innovative Trends and Statistics 
Analysis (FITA) and Innovative Trend Analysis (ITA) 
approaches, implemented across ten stations using SPI12, 
RDI12, and SDI12 indices, uncovering significant ecologi-
cal consequences. These techniques blend frequency assess-
ments of drought intensities within the time series, facilitat-
ing a detailed examination of how drought behaviors shift 
over time and delivering a comprehensive view of diverse 
drought magnitudes.

The principal findings are outlined as follows:

•	 Integrating frequency and drought categorization 
enhances the analysis of drought trends beyond mere 
rises or falls, enabling a precise study of meteorological, 
agricultural, and hydrological drought variations.

•	 The FITA approach successfully identifies both steady 
and fluctuating trends in drought frequency throughout 
the study duration.

•	 The drought classification was enriched with extreme wet 
and dry categories, expanding on established models, to 
more effectively reflect the range of drought and wet 
occurrences.

•	 At Khenchela, FITA results indicated a 100% decreas-
ing SPI12 trend (ITA slope: − 0.846), signaling ongoing 
meteorological drought, whereas El Kalla displayed a 
100% increasing SPI12 trend (ITA slope: 1.160), sug-
gesting wetter conditions.

•	 At Medjaz Amar, FITA highlighted mixed patterns with 
a 100% increasing SDI12 (ITA slope: 0.797) and an 

82.61% decreasing RDI12 (ITA slope: − 1.294), pointing 
to streamflow improvement alongside worsening agricul-
tural drought, driven by elevated temperatures (medians: 
20 °C in 2006–2021 vs. 18 °C in 1975–1990, Fig. 4).

•	 Homogeneity assessment revealed notable Flowstream 
inconsistency (Kruskal–Wallis p ≤ 0.0103) at Zerdaza 
Dam (p = 0.0500 for 1975–1990 vs. 2006–2021) and 
Medjaz Amar, likely due to dam activities and reduced 
rainfall, while Precipitation and Temperature were 
largely consistent (e.g., Annaba: p = 0.7145), though 
Khenchela exhibited variance shifts (p = 0.0005).

These patterns highlight critical ecological effects, includ-
ing diminished groundwater replenishment at Khenchela 
endangering wetlands like Chott Melghir (AMARD 2014), 
heightened desertification risks with vegetation decline in 
southern steppes (Denidina et al. 2020), and potential sedi-
mentation at Zerdaza Dam affecting aquatic habitats. The 
results advocate for holistic management approaches, such 
as rainwater collection (Guebail et al. 2017), and the use of 
these findings in early warning systems to strengthen envi-
ronmental adaptability against growing drought issues in the 
Mediterranean region.
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