Theoretical and Applied Climatology (2025) 156:295
https://doi.org/10.1007/500704-025-05533-9

RESEARCH q

Check for
updates

Climate change impacts on hydrological and meteorological variables
in Diyarbakir Province: trend analysis and machine learning-based
drought forecasting

Ergun Akbas' - Recep Celik? - Musa Esit® - Ibrahim Halil Deger*

Received: 27 March 2025 / Accepted: 29 April 2025
© The Author(s), under exclusive licence to Springer-Verlag GmbH Austria, part of Springer Nature 2025

Abstract

This study examines the effects of climate change using monthly precipitation, evapotranspiration, temperature, relative
humidity, and streamflow data (1963-2021) obtained from meteorological and hydrological stations in the city center of
Diyarbakir. For trend analysis, Mann—Kendall (MK) test, Sen’s Slope Test (SS), and Innovative Polygon Trend Analysis
(IPTA) methods were applied, and the results were compared. The study evaluates the performance of these methods in
different climate variables, showing that statistically significant trends in precipitation, temperature, humidity, evaporation,
and flow variables occur in certain months in Diyarbakir. The findings provide an important data source for water resource
management and drought risk assessments. Additionally, drought analyses were performed using the Standardized Precipi-
tation Index (SPI), Standardized Precipitation-Evapotranspiration Index (SPEI), and Streamflow Drought Index (SDI), and
SDI predictions were made using machine learning techniques such as Multilayer Perceptron (MLP), Linear Regression
(LR), Support Vector Machines (SVM), and Random Forest (RF) algorithms. The algorithm providing the best prediction

performance was determined.

1 Introduction

In recent years, a significant increase in the frequency of
extreme weather events has been observed, with climate
change identified as the primary cause (Bellprat et al. 2019;
Ayugi et al. 2022). According to the Katherine et al. (2023)
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as noted in the IPCC (2013b), the rise in atmospheric tem-
perature has deepened concerns about global warming.
Studies published by the IPCC (2013a, 2014) emphasize the
widespread and varied impacts of climate change across all
geographical regions, including arid, semi-arid, and humid
areas. In this context, a precise understanding of precipita-
tion and temperature mechanisms is crucial for preventing
climate-related disasters and mitigating their adverse effects
(Kesgin et al. 2024).

Drought is a natural disaster characterized by pro-
longed and unusual deficiencies in precipitation (Mohseni
Saravi et al. 2009). It arises when long-term water
demand exceeds the available supply and typically devel-
ops slowly over an extended period (Wilhite et al. 2007,
Dubrovsky et al. 2009). To better understand the impacts
of drought, various meteorological and hydrological
drought indices are used. Indices like the Standardized
Precipitation Index (SPI), the Standardized Precipita-
tion-Evapotranspiration Index (SPEI) and Standardized
Drought Index (SDI) are widely employed to identify and
compare drought events (McKee et al. 1993; Vicente-Ser-
rano et al. 2010; Abro et al. 2022; AghaKouchak et al.
2022). Research consistently shows that droughts are
becoming more frequent and intense, which emphasizes
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the critical need for reliable methods to assess and predict
drought changes and thereby reduce their impact (Adarsh
et al. 2018; Aksoy and Cavus 2022; Avsaroglu and Gumus
2022). Researchers have historically used these indices to
quantify drought duration, intensity, and frequency, exam-
ining their temporal and spatial distribution (Esit et al.
2021; Kundu et al. 2024; Bera and Dutta 2024; Kumar
et al. 2024).

Climate change is driving a rise in the frequency and
intensity of extreme events like droughts, largely through
shifts in global precipitation and temperature. Consequently,
it's critical to analyze meteorological variables using both
traditional Mann—Kendall (MK) and novel techniques, such
as the Innovative Polygon Trend Analysis (IPTA) method
(Sen et al. 2019; Achite et al. 2021; Esit 2022; Qadem and
Tayfur 2024). This trend assessment is essential for effective
drought management and informed decision-making regard-
ing necessary precautions.

To analyze trends in hydro-meteorological data, Sen (2012)
proposed the Innovative Trend Analysis (ITA). To further
validate these trends, the Innovative Trend Significance Test
(ITST) was developed by Sen (2017). Expanding upon these,
Sen et al. (2019) introduced the IPTA, enabling the analysis of
temporal changes within time series. The global adoption of
IPTA is evident in the numerous studies applying it to diverse
hydro-meteorological parameters (Boudiaf et al. 2022; Sezen
2023; Koycegiz and Buyukyildiz 2024; Kartal and Emiroglu
2024). The graphical methods demonstrated superior accuracy
in identifying hidden trends compared to traditional methods,
as shown by a comparative analysis of various hydro-climatic
datasets (Dabanli et al. 2016; Boudiaf et al. 2022; Sezen 2023;
Qadem and Tayfur 2024; San 2025).

Developing long-term strategies to address global warm-
ing-induced water scarcity and accurately predict droughts is
essential (Soh et al. 2018; Alahacoon and Edirisinghe 2022).
Drought prediction can be achieved through physical/concep-
tual or data-driven models. While physical/conceptual models
are valuable for understanding catchment dynamics, they face
criticism for their complexity, extensive data requirements,
and challenges in forecasting applications. Machine learning
(ML) has recently become a focal point of research across
diverse fields, including engineering, agriculture, medicine,
marketing, and earth and environmental sciences (Belayneh
et al. 2016; Achite et al. 2022; Firdaus et al. 2023; Tugrul
et al. 2025). Despite the complexity and uncertainty that make
drought forecasting difficult (Durbach et al. 2017), it remains
vital for reducing drought risks. Machine learning (ML) stands
out as a powerful solution because it can operate effectively
even with minimal amounts of data. A considerable amount of
empirical research has been noted to using traditional regres-
sion alongside data-driven techniques with an emphasis on ML
for predicting drought indices (Jehanzaib et al. 2021; Aghel-
pour et al. 2021; Prodhan et al. 2022; Karbasi et al. 2023; Oruc
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et al. 2024; Elbeltagi et al. 2024; Pande et al. 2024; Latifoglu
et al. 2024; Alkubaisi et al. 2024; Tugrul and Hinis 2025).

In this study, the effects of climate change were exam-
ined using meteorological and hydrological data from
Diyarbakir province. Diyarbakir, one of the prominent
provinces in the Southeastern Anatolia Region of Turkey,
stands out for its rich water resources and biodiversity.
Ensuring the sustainable preservation of water resources
and accurately predicting climate-induced disasters and
taking necessary precautions are of great importance in
this region. Traditional methods such as the MK test and
Sen’s Slope Test (SS), along with the Innovative approach
IPTA method, were applied for trend analysis. Ultimately,
drought analyses were conducted using the SPI, SPEI,
and SDI. Furthermore, machine learning algorithms
were employed to predict the SDI, aiming to contribute
to the management of climate change-induced trends and
drought risk in Diyarbakir.

2 Methodology
2.1 Mann-Kendall (MK) test

The Mann—Kendall test (Mann 1945; Kendall 1975) is a non-
parametric and distribution-free method widely used for trend
analysis in hydro-meteorological time series. This test detects
increasing or decreasing trends by calculating the Z,x value,
as shown in Eq. 4. Positive Zy, values indicate an increas-
ing trend, while negative values indicate a decreasing trend.
If |Zy| > |Zo/2|, the trend is considered statistically signifi-
cant. This method is commonly applied with a 95% confi-
dence interval to determine strong trends (Saplioglu 2024).
The procedures used to calculate the Mann—Kendall (Z) value
have been extensively discussed in the literature (Ashraf et al.
2021; Esit et al. 2023; Gaddikeri et al. 2024) and were simi-
larly applied in this study. The test statistic S is evaluated as
follows:

n—1 n
S = zkzl Zj:kHsgn(xj - x) 1)

where n indicates the number of the data, t; is represented as
the length of the tied rank group and x; and x show the data
point in years j and k (j > k).

l(xj —-x,)>0
sgn(xj —xk) = O(xj —xk) =0 2)
—l(xj —xk) <0

S D@45 = Y H(t - )2t +5
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2.2 Sen'’s Slope (SS) estimator

The Sen’s Slope Estimator (Sen 1968) is a non-parametric
technique used to determine the slope of a trend in a given
dataset. The slope is calculated as the median of the dif-
ferences in slopes between all data points. Developed by
Sen (1968), this method is particularly suitable for trend
analysis in equally spaced time series. The slope calcula-
tion procedure involves computing the differences between
data pairs, ranking them, and identifying the median value
(Helsel and Hirsch 2002).

0,-0
§=———t 5)
2~ 4
S Suw1 n = even
— 2
Si n=odd ©)
2

2.3 Innovative Polygon Trend Analysis (IPTA)

The Innovative Polygon Trend Analysis (IPTA) method,
developed by Sen et al. (2019), can be applied to daily,
monthly, annual, and seasonal time series. In this study,
monthly time series were utilized. For monthly precipita-
tion data, an n-year series X; to X, was used to construct
the following monthly matrix.

_xl,l Xio - - x1,12_ Upperseries
Xyy Xpp oo - Xopp ' (First Half)
i=12,3,......... ,n/2
3 ; )
ower series
(Secon Half)
_xn,l xn,2 e xn,12_ = I’l/2+ 1,n/2+2, P (]

The monthly dataset was divided into two equal parts,
and the arithmetic mean or standard deviation of each
subset was calculated. Subsequently, the arithmetic mean
or standard deviation of the first subset was plotted on
the x-axis, while the corresponding values of the second
subset were plotted on the y-axis. This representation of
the monthly precipitation data using the IPTA method is
illustrated in Fig. 1 (Ceribasi et al. 2021).
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Fig.1 A schematic representation of Innovative Polygon Trend Anal-
ysis (IPTA)

2.4 Standardized Precipitation Index (SPI)

The Standardized Precipitation Index (SPI), proposed by
McKee et al. (1993), is a widely used index in drought analy-
sis, assessing how precipitation levels in a given region deviate
from the normal distribution over time. The SPI's popularity
in climate research stems from several key factors, notably its
simplicity and ease of use. As it relies solely on readily acces-
sible precipitation data, researchers across various disciplines
and regions find it highly applicable (Cancelliere et al. 2007,
Akbari et al. 2015). Furthermore, the SPI is recommended by
the World Meteorological Organization (WMO) for global
implementation, as it provides a clear indication of relative
precipitation over specific time intervals (Pei et al. 2020;
Yalcin et al. 2023). The gamma distribution is characterized
by the following frequency or probability density function:

x4 e_%forx >0 8)

X) =
g() 5T
where X represents the precipitation amount, a and f are the
shape and scale parameters respectively, and I'(a) denotes
the gamma function. These parameters can be determined
using Maximum Likelihood Estimation (MLE):

a Ll1+ 1+ﬁ],ﬂ=§,A=(})—zlnm

T 4A 3 n
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where n indicates the number of observations.

The cumulative probability for a recorded precipitation
event in the specified month and time frame for the given loca-
tion is then computed using the selected parameters. Since
the gamma distribution G(x) cannot be defined when monthly
precipitation equals zero (x =0), the cumulative probability is
instead expressed as:

H(x)=q+(1-9)G(x) (10)

where q represents the probability of zero rainfall, and G(x)
denotes the cumulative probability of the incomplete gamma
function. According to McKee et al. (1993), the basin is
categorized into wetness and dryness groups based on SPI
values (Table 1).

2.5 Standardized Precipitation Evapotranspiration
Index (SPEI)

The SPEI, developed by Vicente-Serrano et al. (2010), is
an index used for drought analysis, evaluating the balance
between precipitation and potential evapotranspiration (PET).
This index provides a more comprehensive analysis of water
resources and agriculture, especially in cases where precipi-
tation-based analyses are insufficient. The SPEI is determined
by computing the non-exceedance probability of the differ-
ence between precipitation and potential evapotranspiration.
This difference is then standardized using a three-parameter
log-logistic probability distribution function. This particular
distribution is essential as it can accommodate negative val-
ues, which frequently occur in the water balance calculations
within the SPEI methodology (Vicente-Serrano et al. 2010;
Danandeh Mehr et al. 2020). The SPEI is computed by nor-
malizing the climatic water balance through a Log-logistic
distribution. For this study, the Potential Evapotranspiration
(PET) is calculated using the Thornthwaite method (Thorn-
thwaite 1948). The primary calculation involves determining
the difference (Di) between precipitation (P) and PET for a
given month (i).

PET = 16d<1OTT>a (11

Table 1 The classification of SPI, SPEI, and SDI indices

Category Criterion

SPI, SDI and SPEI > 0.0

—1.0> SPI, SDI and SPEI <0.0
—1.5> SPI, SDI and SPEI < —1
—2.0> SPI, SDI and SPEI <—1.5
SPI, SDI and SPEI < -2.0

Non-Drought
Mild drought
Moderate drought
Severe drought
Extreme drought
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T is the monthly mean temperature (°C), and d, a cor-
rection factor for monthly diurnal duration variations, is
obtained from latitude-specific standard tables.

D, = P, — PET, (12)

The D values are summed across time scales.

k-1

Df =Y P, - (PET), (13)
i—0

where k notes as the aggregation period in months and n is
the calculation month.

2.6 Streamflow Drought Index (SDI)

A hydrological drought is characterized by inadequate
groundwater and surface water supplies, such as river
flows, groundwater levels, and water in lakes and reservoirs.
Assessing this type of drought involves monitoring the water
levels across these sources (Nalbantis and Tsakiris 2009;
Tabari et al. 2013; Jahangir and Yarahmadi 2020). This
study utilizes the standardized streamflow index (SDI) (Nal-
bantis and Tsakiris 2009), which follows a similar concept
to the SPI, to analyze hydrological drought. The flow data in
Eq. 14 is denoted as Qa,b, where k represents the reference
period,"a"indicates the hydrological year, and"b"signifies
the month within a water year. Equation 14 demonstrates
how the SDI method calculates the cumulative flow volume
(Nalbantis 2008).

3k
V=2 0pa=1,2,...b=12,..,12k=1,23,4 (14)
j=1

For the calculations, cumulative discharge volumes were
analyzed across four periods: k= 1 (October-December),
k= 2 (October—-March), k= 3 (October-June), and k= 4
(October-September). The resulting Standardized Drought
Index (SDI) values for each k period of the hydrological
year are as follows:
Va,k - Vk
—a

SDI,,; = =1,2,....k=1,2,3,4 (15)

k

In this equation, S, and V, represent the standard devia-
tion of the cumulative flow rate during the reference period,
represents the average cumulative flow rate during the ref-
erence period, and represents a specific streamflow value.

2.7 Support Vector Machine (SVM)

Support Vector Machine (SVM) is a powerful classification
algorithm that uses supervised learning and kernel-based
techniques. Based on a linear prediction approach, SVM has
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the ability to provide multiple prediction results for a given
input (Mokhtarzad et al. 2017; Zhang et al. 2020). Itis a
highly successful method in both binary classification prob-
lems and regression analysis (Ozbeyaz and Soylemez 2020).
The goal is to ensure accurate data parsing during classifica-
tion. This decomposition method employs linear boundaries
and can generate an unlimited number of lines. It utilizes a
margin—a defined range—to determine the optimal sepa-
ration. When establishing this margin, the widest possible
range is taken into account (Zhang et al. 2020; Alkan and
Tombul 2024).

. 1 2
minf(w.5) = (3 ) (16)
yi(wx;+ b) > +1,i =1,...N, a7
N
w; = Zyiaixi’ (18)

where wi represent the weight vector, b shows bias and
xi indicates a point on the hyperplane. The maximal mar-
gin classifier is determined using Lagrange multipliers as
follows:

Lov.b.) = (3) W1 = Zay(3(< x> +b) = 1)
(19

K(x, x1)

The RBF kernel is shown below:
K(x;x;) = exp(=7ll x; = x; I*),7 >0, (20)

where y is the bandwidth parameter of the Gaussian RBF
kernel and lixi—xjlI* represents the squared Euclidean dis-
tance. Following the solution of the dual problem, the deci-
sion function takes the following form

flx) = sgn(Zf.\;laiyiK <X, x;> +b) 1)

Only samples exhibiting non-zero Lagrange multipliers
are included in the solution, and b is calculated based on
the primal—dual relationship (Scholkopf and Smola 2002).
Figure 2 shows the structure of SVM flowchart.

2.8 Multilayer Perceptron (MLP)

The Multilayer Perceptron (MLP) is one of the most
widely used types of networks within Artificial Neural
Networks (ANN). MLP processes data through multiple
layers and delivers effective results, especially in tasks
like classification, regression, and prediction (Prabowo
et al. 2024). MLP excels at solving non-linear problems
(Aghelpour and Varshavian 2021). Calculations are per-
formed using a non-linear activation function, which is
expressed as follows:

AN
SN

Input Data

RBF Method———— > K(x, x)

/

Support Vectors

K(x, xn)

Fig.2 Demonstration of the support vector machine flowchart

Weights
Z (Summatior)—— Output y

e
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y = () wixi +b) = dw'xi+ b 22)

i=1

Here,'w'represents the vector of input weights,'y'represents
the input combination,'y'denotes the bias, and the activation
function is represented by'®'. Figure 3 indicates the Multi-
layer perception model structure.

2.9 Random Forest (RF)

Random Forest is a powerful machine learning model used
for analyzing climate data, such as meteorological varia-
bles like temperature, precipitation, and humidity(Lotfirad
et al. 2021; Elbeltagi et al. 2023). This model helps iden-
tify patterns, trends, and relationships between different
climate variables over time. Random Forest can be trained
to predict extreme weather events, such as hurricanes,
heatwaves, droughts, and heavy rainfall (Breiman 2001).
By analyzing historical climate data and other factors
like sea surface temperatures, atmospheric pressure, and
geographical features, it provides valuable insights into
the likelihood and intensity of such events in the future.
Random Forest models also assess the potential impacts
of climate change on ecosystems, biodiversity, agriculture,
water resources, and human populations.

Fig.3 The architecture of mul-
tilayer perception model

2.10 Evaluation model

To understand the effectiveness of our drought model, we
evaluate its performance by measuring its accuracy and
error. This evaluation is based on 5 specific parameters: R?,
MAE (Mean absolute error), RMSE ((Root Mean Squared
Error), RAE (Relative Absolute Error) and RRSE (The
Root Relative Squared Error). The RMSE typically meas-
ures the differences between samples of data, or all data
values. For each of the distinct samples T, the RMSE of the
predicted values for the dependent variable x, is computed
using variables expected across sample periods (Alkan and
Tombul 2024). MAE measures the difference between pre-
dicted and observed data. Importantly, forecast accuracy
is also linked to how closely the errors correlate with the
actual values. RAE is a statistical measure used to assess
the accuracy of predictive models with numerical data,
common in regression and time series forecasting. RRSE
is a statistical measure used to assess the accuracy of pre-
dictive models, especially in regression and time series
forecasting (Wong et al. 2021).

Input 1

Input 2

Input 3

T 2
RMSE = M (23)
T

» Hidd 1
Output 1

> dden 2

> | 3
Output 2

Input 4
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—-Xx,/
MAE = m u (24)
T
t=1 X

x, —x
o Zhi= 7 05

)y |xt - x|
(26)

Figure 4 shows a comprehensive framework for analyz-
ing climate and drought conditions using both statistical and
machine learning methods. It begins with the collection of
monthly climate data—including precipitation, evapotran-
spiration, temperature, humidity, and streamflow—used to
compute standardized drought indices such as SPI, SPEI,

Data
Collection

v

and SDI. Trend analysis is conducted through the MK,
SS, and IPTA methods to identify statistically significant
changes over time. Concurrently, SDI values are predicted
using machine learning models including MLP, LR, SVM,
and RF. These models are evaluated through performance
comparisons to determine the most accurate prediction
algorithm.

3 Study area

Diyarbakir province is located in southeastern Turkey
(Fig. 5), covering an area of 15.272 km®. Influenced by a
continental climate, it experiences hot and dry summers
and cold, rainy winters (Celik 2015). The annual average
temperature is 15.7 °C, with extreme temperatures rang-
ing from a maximum of 45.2 °C to a minimum of-12.2
°C. The total annual precipitation is 496.25 mm, with

Drought
Analysis

I

) Standardized
Standardized Streamflow
Monthly .. Precipitation
- Precipitation L Drought
— Climate Data Evapotranspiration
| {—_Index SP1 Index SDI
Index SPEI l
. . Prediction
Precipitation ] livapotranspiration Temperature | Humidity I Streamflow | using
| | Machine
/ Learning
Support
Multilayer Linear pp
+| Trend ) Vector Random
Perceptron Regression .
Analysis ) Machines Forest R
. MLP )
) SVM

|

Sen's Slope
Test

Mann-
Kendall Test

Analysis
Methods
|

v

Identification
of
Statistically
Significant
Trends

Comparison /
of Trend

/

~\

Innovative
Polygon Performance
Trend Comparison

Analysis

Determination
of Best
Prediction

Algorithm

Fig.4 A flowchart outlining the stages of data analysis and results in this study
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Fig.5 The location of selected stations on the study area

rainfall concentrated mostly in the winter months, while
drought conditions dominate the summer season (Caglak
and Tiirkeg 2023).

The Tigris River is the most important water source
for Diyarbakir, playing a crucial role in irrigation and
potable water supply. Additionally, structures such as the
Hezan Dam and Cat Dam are vital for water resource
management. Other water sources in the region, includ-
ing ponds and streams primarily used for irrigation, are
essential for agricultural activities (Varol et al. 2010).

Monthly data on precipitation, temperature, relative
humidity, evaporation, and flow were obtained from the
Turkish State Meteorological Service and the General
Directorate of State Hydraulic Works. These data cover
meteorological records from 1963 to 2021. Statistical
analyses conducted on this data included calculations for
mean, standard deviation, coefficient of variation (C,),
skewness coefficient (C,), and first-order autocorrelation
coefficient (r). These analyses provide significant insights
into the climatic and hydrological conditions of Diyarbakir.

40°00°E 41°00°E

DIYARBAKIR

17280
“EzsAoo!.
Legend
Value
wm- High : 254
Low:0
A Meteorological Station
Hy drological Station
40°00°E 41°00°E

The related data and statistical summaries are presented
in Table 2.

4 Results

Trend analysis was applied to meteorological and hydrologi-
cal variables in Diyarbakir at a 95% confidence level, and the
results are presented in Fig. 6. For the precipitation variable, an
increasing trend was observed only in June, while no signifi-
cant trends were found in other months. In the temperature and
evaporation variables, increasing trends were observed in June,
August, and October, with no significant changes detected in
the other months. The humidity variable showed a decreasing
trend in June, July, August, and September. Analysis using
Sen’s slope method revealed the highest increasing trend in
evaporation during June and August. For the flow variable, no
significant trend was identified, though a decreasing tendency
was observed, particularly in March, as well as in January,
February, April, June, July, August, and September.

Table 2 Statistical analysis of

X . Station Variables Latitude Longitude Mean SD Cv Cs I,
climate data from Diyarbakir
meteorological station 17,280 Precipitation (mm) 37.9 40.2 49625 1283 025 0.15 101
Temperature (°C) 15.82 0.82 0.05 -042 0.99
Evapotranspiration (mm) 940.65 51.12 0.05 -0.39 0.99
Relative Humidity (%) 54.36 4.75 0.08 04 1
E26 A005  Streamflow (m?/s) 37.8 40.22 67.33 24.67 0.36 1.04 1.02

Mean: annual total mean precipitation, SD standard deviation, Cv coefficient of variance, Cs skewness,

r, kurtosis
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Fig.6 Results of the MK and
SS test for Diyarbakir Province
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The results of the analysis conducted using the Innova-
tive Polygon Trend Analysis (IPTA) method are presented in
Fig. 7. According to the findings, the Mann—Kendall method
identified a significant trend in the precipitation only in June,
whereas the IPTA method revealed trends in all months
except July and August. For temperature and evaporation
variables, the MK method detected increasing trends in June,
August, and October, but the IPTA method identified signifi-
cant tendencies even in months where no trend was found
with the traditional approach. In the case of humidity, both
the MK and IPTA methods showed a decreasing trend in
June, July, August, and September, with the IPTA method
highlighting tendencies even in months without clear trends.
For the flow variable, the MK method did not detect any
significant trends throughout the year, whereas the IPTA
method revealed increasing or decreasing tendencies in all
months. These results demonstrate that the IPTA method
provides higher accuracy in trend detection compared to the
classical MK method.

Figure 8 indicates the trends of meteorological and
hydrological variables in Diyarbakir province were exam-
ined using various methods, followed by drought analysis
using the SPI and SPEI indices over 1-, 3-, 6-, 9-, 12-, and
24-month time scales. Additionally, for the more accurate
12- and 24-month periods, the time-based relationship of
the SDI drought index with the SPI and SPEI indices was
investigated. The corresponding time series are presented
in Fig. 8. During the drought analysis, months with values
below 0 were classified as drought periods, while months
with values above 0 represented wet periods. The SPI

-0.04
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-
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Evapotranspiration a
026 017 023 004 015 001 0.01 &
=
Temperature &
002 001 002 000 003 000 0.00 .
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007 000 000 000 021 003 -004
Flow
008 -030 -021 -0.18 0.18 064 104
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.
Evapotranspiration &
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Temperature E
262 183 226 063 218 025 0.29 -
Precipitation
200 -041 -069 007 089 020 -0.10
Streamflow
008 -106 -106 -121 045 053 053
~ [ » p Z =~
E £ & ¥ 8 ¢ 3%

index calculations used only monthly precipitation data,
whereas the SDI index calculations were based solely on
monthly flow data. For the SPEI index, both precipitation
and temperature data were considered. Analysis of SPI
and SPEI from 1961 to 2021 and SDI from 1980 to 1997
showed similar behavior across all three drought indi-
ces. The relationship between SDI and SPI/SPEI revealed
that hydrological drought tends to follow meteorological
drought. The SPI-12 and SPEI-12 show similar patterns
but SPEI-12 may indicate slightly more severe drought
conditions at times since it accounts for evapotranspira-
tion. The SDI-12 sometimes lags behind the other indices,
which is expected as hydrological drought often follows
meteorological drought (measured by SPI/SPEI). When
SDI-12 values are lower than SPI-12/SPEI-12, it suggests
that streamflow response to precipitation deficits is more
pronounced.

Figure 9 presents the correlations between the SPI and
SPEI drought indices for Diyarbakir province. In short-term
time scales (1-3 months), the correlation ranges between
61 and 74%. A particularly low correlation of 61% was
observed at the 1-month time scale, indicating a weak
relationship between SPI and SPEI in the short term. This
low correlation is attributed to the inclusion of additional
variables like temperature and evapotranspiration in the
SPEI index. During periods of significant temperature fluc-
tuations, the relationship between SPI and SPEI becomes
weaker. At the 3-month time scale, the correlation increases
to 74%, reflecting the stabilization of short-term precipita-
tion and humidity deficits.
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Fig.9 Correlations between
drought indices
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In medium-term time scales (6—9—12 months), the cor-
relation ranges between 87 and 90%. Specifically, a correla-
tion of 87% was observed at the 6-month scale, 89% at the
9-month scale, and 90% at the 12-month scale, indicating
the strongest relationship between SPI and SPEI during this
period. The stronger correlation observed in the medium
term is due to the balanced alignment of factors such as
precipitation, temperature, and evapotranspiration.

In the long-term (24-month) time scale, the correlation
decreases to 84%. Although the 12-month scale reaches
a peak correlation of 90%, the 24-month period shows a
decline to 84%. This reduction is attributed to the increasing
impact of temperature over longer durations and the growing
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effects of evaporation losses on soil moisture and ground-
water levels. Since SPI only considers precipitation data,
while SPEI incorporates both precipitation and temperature
data, the results differ more significantly over extended time
scales.

The relationship between the SDI drought index and
SPI and SPEI indices was also analyzed across similar
time scales. In the 1- and 3-month time scales, the cor-
relation ranged between 15 and 20%, while the 6-month
time scale showed a correlation of approximately 30%.
The correlation increased to 40% at the 9- and 12-month
time scales and reached 45% at the 24-month scale. When
examining the relationship between SPI, SPEI, and SDI,
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Table 3 Number of q.rought SPI
occurrences across different
time-scale drought indices SPI'1 SPI 3 SPI 6 SP19 SPI 12 SPI 24
Mild drought 221 237 234 236 224 217
Moderate drought 49 62 51 47 54 65
Severe drought 26 24 31 30 27 28
Extreme drought 14 23 30 32 40 40
Non-Drought 398 362 362 363 363 358
SPEI
SPEI 1 SPEI 3 SPEI 6 SPEI 9 SPEI 12 SPEI 24
Mild drought 249 255 234 238 228 248
Moderate drought 70 69 70 61 64 55
Severe drought 28 28 34 37 37 44
Extreme drought 15 13 13 13 14 10
Non-Drought 346 341 352 351 354 328
SDI
SDI 1 SDI 3 SDI 6 SDI9 SDI 12 SDI 24
Mild drought 79 83 87 92 97 75
Moderate drought 21 19 20 12 9 25
Severe drought 5 6 3 5 8 3
Extreme drought 6 6 5 5 2 0
Non-Drought 105 100 96 94 89 90
Non-Drought I — Non-Drought T
Extreme drought = Extreme drought i
g ]
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Fig. 10 Distribution of drought occurrences by different categories
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the highest correlation of 35% was observed between SDI
3 and SPI 6-SPEI 6. No strong correlation was observed
in other time intervals. These findings indicate that the
relationship between SDI and SPI/SPEI varies depending
on the time scale and that each index exhibits different
relationships over varying periods.

The number of drought occurrences of varying severity in
Diyarbakir is presented in Table 3 for SPI and SPEI and SDI.
The percentage distribution of these occurrences is illustrated in
Fig. 10. For the SPI drought index, mild drought is more com-
mon in the short term (1-3 months) and decreases as the time
scale increases. The number of moderate droughts fluctuates
over different time scales but generally remains stable. Severe
droughts show little variation over time, with the highest occur-
rences observed at 6-month and 9-month time scales. Extreme
drought tends to increase with longer time scales, reaching its
peak levels at 12-month and 24-month scales. Non-drought
periods are observed at high rates across all time scales.

For the SPEI drought index, mild drought is more prev-
alent in the short term but decreases over longer periods.
Moderate droughts show a slight decrease as the time scale
increases. Severe droughts increase over longer periods,
reaching their highest levels at the 24-month time scale.
Extreme drought is more frequent in the short term but
shows a declining trend over time. Non-drought periods are
generally observed at higher rates across all time scales.

For the SDI drought index, mild drought is common in the
short term but shows a decreasing trend over time. Moderate
droughts stabilize around the 6-month period but are observed
at higher rates over the long term. Severe droughts are less
frequent and typically occur at 12-month and 24-month time
scales. Although extreme drought is more common in the short
term, it is rarely observed over the long term. Non-drought peri-
ods are more frequently observed at 1- to 6-month time scales.

Finally, the explanatory power of the SDI index was
investigated using methods such as Linear Regression (LR),
Support Vector Machines (SVM), Random Forest (RF), and
Multilayer Perceptron (MLP), where SPI and SPEI indices at
different time scales were treated as dependent variables, and
the SDI index was treated as the independent variable. The
results obtained from this analysis are presented in Table 4.

Different methods were used to predict the SDI drought
index, with the highest R? value achieved using the Random
Forest algorithm. The model’s dataset consisted of 193 sam-
ples and included three variables: SDI 24, SPI 24, and SPEI
24. A tenfold cross-validation technique was employed to
evaluate the model's performance. The Random Forest algo-
rithm was implemented as an ensemble model composed of
100 decision trees. Model performance was assessed using
the following metrics: correlation coefficient, Mean Abso-
lute Error (MAE), Root Mean Squared Error (RMSE), Rela-
tive Absolute Error (RAE), and Root Relative Squared Error
(RRSE). The results demonstrated that the Random Forest
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model is a reliable and effective tool for predicting the SDI
drought index.

The R? value represents the linear relationship between
the predicted and actual values. A high value of 0.8322 indi-
cates a strong correlation established by the model.

Mean Absolute Error (MAE): MAE measures the average
deviation of the model's predictions from the actual values. The
model’s average prediction error was approximately 0.36 units.
Lower MAE values indicate better predictive performance.

Root Mean Squared Error (RMSE): RMSE is calculated
by taking the square root of the average squared errors.
Since it penalizes larger errors more heavily, RMSE values
are generally higher than MAE. An RMSE value of 0.5547
shows that the model maintains a relatively low error level.

Relative Absolute Error (RAE): RAE expresses the mod-
el's MAE as a percentage relative to a simple average model.
The model outperforms the average model by approximately
55%. Lower RAE values indicate better model performance.

Table 4 Data results of the models used in the study

Model LR SVM RF MLP

SDI 1=SPI 1+ SPEI 1 R2 035 030 019 02
MAE 075 076 084 0.79
RMSE 093 0.95 1 1

RAE 934 95 105 99
RRSE 929 94 104 101
SDI 3= SPI 3+ SPEI 3 R2 048 048 033 041
MAE 071 072 0.82 0.75
RMSE 087 087 1 0.94
RAE 90 90 103 94
RRSE 86 87 100 93
SDI 6= SPI 6+ SPEI 6 R2 059 058 062 049
MAE 065 0.67 0.64 0.7
RMSE 08 082 038 0.8
RAE 82 84 81 88
RRSE 80 81 80 88
SDI 9= SPI9 +SPEI 9 R2 0.61 061 058 0.52
MAE 063 063 065 0.69
RMSE 0.78 0.8 0.83 0.87
RAE 79 79 80 85
RRSE 78 79 82 87
SDI 12 =SPI 12 +SPEI 12 R2 063 063 067 058
MAE 061 061 054 0.66
RMSE 0.77 0.78 0.74 0.83
RAE 76 76 67 81
RRSE 76 71 74 83
SDI 24 =SPI124 +SPEI24 R2 0.67 0.67 0.83 058
MAE 055 054 035 07
RMSE 073 0.74 055 0.8
RAE 69 68 44 88
RRSE 73 74 55 87
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Root Relative Squared Error (RRSE): This metric uses
RMSE to express the model’s error rate relative to the stand-
ard deviation of the dataset. The model's error rate corre-
sponds to 55.30% of the dataset’s variability. Lower RRSE
values reflect better model performance.

The error graphs obtained from the models used in the
study are presented in Fig. 11. When examining the error
graphs in the article, the differences in the prediction per-
formance of the machine learning algorithms used become
clearly evident. The Random Forest (RF) algorithm dem-
onstrated the best performance with low Mean Absolute
Error (MAE) and Root Mean Squared Error (RMSE) values.
The low error rates of the RF model indicate its ability to
successfully capture patterns in the dataset and accurately
model the relationships between complex climate variables.

On the other hand, higher error values were observed in
the Linear Regression (LR) and Support Vector Machines
(SVM) models. This can be attributed to the insufficient
flexibility of these algorithms, particularly with high-
dimensional and non-linear data. Although the Multilayer
Perceptron (MLP) model is capable of recognizing non-
linear relationships, it faced some challenges in adequately
generalizing the dataset, reflected in its higher error values.

Based on these error graphs, it can be concluded that the
RF algorithm is the most reliable method for predictions
involving climate data and should be the preferred model
for drought forecasting related to climate change. Addition-
ally, analyzing the error graphs of different models provides

valuable insights for model selection and optimization
processes.

Figure 12 provides a detailed comparison of four machine
learning models (LR, MLP, RF, and SVM) with actual data
using four distinct visualization methods. Looking at the top
left, the Taylor diagram shows how well each model correlates
with observed data. The MLP (Multi-Layer Perceptron) appears
to have the highest correlation (closest to the"Observed"point
on the x-axis), followed by RF (Random Forest), while LR
(Linear Regression) and SVM (Support Vector Machine) show
lower correlations. The violin plot (top right) reveals the dis-
tribution of values across models. The actual data (red) shows
a peaked distribution with some outliers at both ends. The RF
model (blue) most closely matches the actual data's shape and
range, while SVM (purple) has a narrower distribution, sug-
gesting it might be underfitting some extreme values. The CDF
plot (bottom left) confirms this pattern—the SVM line (purple)
diverges most from the actual data line (red), particularly at the
lower end of values. The RF and MLP models track the actual
data CDF more closely throughout the distribution. Finally, the
PDF plot (bottom right) shows density distributions. The RF
model appears to best capture the actual data's slight right skew
and overall shape, though it might slightly underestimate the
peak density around zero.

Overall, the Random Forest (RF) model seems to be per-
forming best at capturing the distribution characteristics of
the actual data, with MLP showing strong correlation but
perhaps not matching the full distribution as well. The SVM
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model appears to be the weakest performer, particularly at
capturing the extremes of the distribution.

5 Conclusion
This study comprehensively analyzes the impacts of cli-

mate change on hydrological and meteorological vari-
ables in Diyarbakir. Traditional and innovative trend
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analysis methods, including the MK, SS, and the IPTA, were
employed to examine long-term changes in precipitation,
temperature, humidity, evaporation, and flow data. The find-
ings demonstrate the superior trend detection capacity of the
IPTA method compared to classical methods.

The comparative analysis between the Mann—Kend-
all (MK) and Innovative Polygon Trend Analysis (IPTA)
methods reveals that [IPTA demonstrates superior sensi-
tivity in detecting climate variable trends. While the MK

Violin Plot - ML_Model_Results

@ & Q
N N

%
e
2

PDF - ML_Model_Results

06

04

Density

02

0.0

Value

Fig. 12 A comprehensive comparison of four machine learning models (LR, MLP, RF, and SVM) against actual data through four different visu-

alization techniques
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method identified limited significant trends across the ana-
lyzed parameters (precipitation, temperature, evaporation,
humidity, and flow), IPTA consistently detected meaningful
tendencies in most months for all variables. Our results are
convenient with the literatures (Robleh et al. 2024; Berhail
and Katipoglu 2024; Gul et al. 2025; Yuce et al. 2025).

For drought analysis, various indices such as the SPI,
SPEI, and SDI were used. Analyses conducted across 1-,
3-, 6-,9-, 12-, and 24-month time scales revealed variations
in drought trends over different periods. Stronger correla-
tions between SPI, SPEI, and SDI were observed, particu-
larly over long-term time scales. In Diyarbakir, short-term
mild droughts are common across all indices, while long-
term extreme droughts are more prevalent for SPI. Moderate
droughts show varied trends depending on the index and
timescale. Non-drought periods are generally frequent across
all indices and timescales.

In machine learning-based analyses, SDI was predicted
using MLP, LR, SVM, and RF algorithms. The study con-
cluded that the Random Forest algorithm, utilizing SDI
24, SPI 24, and SPEI 24 as input variables and evaluated
through tenfold cross-validation, demonstrated the highest
accuracy (R*= 0.8322 and low error metrics) in predicting
the SDI drought index compared to Linear Regression, Sup-
port Vector Machines, and Multilayer Perceptron models,
making it the preferred method for climate-related drought
forecasting.

In conclusion, this study provides a comprehensive
assessment of climate change impacts in Diyarbakir, high-
lighting the effectiveness of both traditional trend analysis
methods and machine learning algorithms. The findings
offer valuable data for the sustainable management of water
resources and drought risk reduction in the region. The high
accuracy provided by machine learning algorithms paves the
way for more widespread use of these techniques in future
studies. These results serve as a guide for policymakers in
developing local and national water management policies,
climate adaptation strategies, and risk management plans.
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