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Enhanced Drought Vulnerability in the Kizilirmak Basin: Understanding the Influence
of Climate Models

Musa ESIT,l MEHMET ISHAK YUCE,2 IsLam YASA,3 and IsranM HaLL DeEGEr?

Abstract—This research examines how significant atmospheric
fluctuations affect drought conditions, in the Kizilirmak Basin in
Tiirkiye. We studied the impact of climate indices like NAO, Nifio,
AMO, PDO, ONI, and SOI by using the Standardized Precipitation
Evapotranspiration Index (SPEI) as an indicator of drought. The
findings reveal an increase in both the frequency and severity of
droughts after 2015. In the 2000s, short-term droughts lasted from 1
to 3 months. However, after 2020, longer-term droughts lasting
between 6 and 24 months have become more severe. Correlation
and lead-time analyses reveal ENSO indices, particularly Nifio 3.4
and ONI, as primary drivers of drought, with a positive impact. The
SOI emerged as a significant predictor of future drought conditions.
While PDO and AMO influence drought, their effects are less
pronounced. Understanding these complex relationships is crucial
for developing effective regional drought management strategies.

Keywords: Kizilirmak Basin, Drought, SPEI, ENSO, NAO,
AMO, PDO, SOI, Atmospheric oscillations, Climate variability.

1. Introduction

Large-scale and prolonged droughts, the hallmark
of climate extremes, cause enormous €conomic
hardship and trigger water scarcity and food insecu-
rity, with widespread consequences (Abdelkader &
Yerdelen, 2022; Hamal et al., 2021; Ullah et al.,
2023; Wilhite, 2000). This phenomenon usually
appears as extended dry periods based on below-av-
erage precipitation and other thermodynamic factors
(AghaKouchak et al., 2015; Mishra & Singh, 2010).
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It is the most widespread climate extreme, impacting
more people globally than any other, particularly in
semi-arid areas (Afshar et al., 2020; Wilhite, 2005).
Additionally, it significantly impacts agriculture, land
cover, soil moisture levels, and surface and ground-
water resources (Esit et al., 2021; Onate-Valdivieso
et al., 2020). Wilhite and Glantz (1985) categorized
drought into four main types based on how it devel-
ops and impacts various areas: meteorological,
hydrological, agricultural, and socioeconomic.

Different types of drought indicators such, as
those related to agricultural, meteorological, hydro-
logic, and socio-economic factors are commonly used
globally to monitor instances of drought and provide
insights, for minimizing drought risks and managing
their consequences (He et al., 2024; Meresa et al.,
2023; Wang et al., 2023; Yuce et al.,, 2023). The
Standardized Precipitation Index (SPI) by McKee
et al. (1993) is one of the drought measures
researchers use. It’s easy to work with because it
needs rainfall data and can adapt to different periods.
Other common indexes include the Palmer Drought
Severity Index (PDSI) (Palmer, 1965), the Standard-
ized Runoff Index (SRI) (Shukla & Wood, 2008), the
Standardized Soil Moisture Index (SSI) (Hao &
AghaKouchak, 2013), and the Standardized Precipi-
tation Evapotranspiration Index (SPEI) (Vicente-
Serrano et al., 2010). Researchers often employ the
SPEI to assess and forecast droughts on a global scale
(Ghasemi et al., 2021; Karbasi et al., 2022;
Nejadrekabi et al., 2022; Peng et al., 2020). The SPEI
also helps to examine various drought types
(Danandeh Mehr & Vaheddoost, 2020; Gumus, 2023;
Li et al., 2020; Pei et al., 2020).

Climate signals, ocean-atmospheric oscillations,
and atmospheric phenomena like rainfall, streamflow,
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and severe droughts offer many opportunities to study
and forecast droughts and other climate-related risks
(Aghelpour et al., 2023; Mohammadrezaei et al.,
2020). Climate signals, ocean-atmospheric oscilla-
tions, and atmospheric phenomena like rainfall,
streamflow, and severe droughts offer many oppor-
tunities to study and forecast droughts and other
climate-related risks (Aghelpour et al., 2023;
Mohammadrezaei et al., 2020). Teleconnection pat-
tern refers to the interaction between the atmosphere
and the ocean which produce climate links over long
distances. These connections can last from weeks to
decades and allow us to predict climate patterns from
yearly to decades (Mohammadrezaei et al., 2023;
Sureh et al., 2024). So it’s essential to have a deep
understanding of teleconnection patterns and how
they interact with climatological, hydrological, agri-
cultural and biological systems (Manzano et al.,
2019; Molla, 2020; Nourani et al., 2021; Yao et al.,
2019, 2024). Teleconnection patterns which are the
connection between oceanic-atmospheric oscillations
and sea surface temperature (SST) provide prognostic
information and have been associated with drought
scenarios in many places around the world (Murgulet
et al., 2017; Ndehedehe, 2022; Sagarika et al., 2015).
The main forms of natural climate variability are the
Pacific basin fluctuations, namely the Pacific Decadal
Oscillation (PDO) and El Nino-Southern Oscillation
(ENSO), and the Atlantic basin fluctuations, partic-
ularly the Atlantic Multidecadal Oscillation (AMO)
(Chylek et al., 2014; Liu & Di Lorenzo, 2018).
Mohammadrezaei et al. (2020) looked at the rela-
tionship between the Arctic Oscillation (AO) and
drought in Iran. They found a statistically significant
relationship between the AO and drought all over the
country. Also, their study showed a relationship
between the AMO and Nifio (3 + 4) indices and
dryness in the western and northern parts of Iran,
respectively. During an investigation into the rela-
tionship between the North Atlantic Oscillation
(NAO) and winter precipitation in Hungary, Matya-
sovszky (2003) found that the NAO was in its warm
phase (positive) during drought and in its cold phase
(negative) during wet periods. Gu et al. (2024) found
that there was a significant decline in terrestrial water
storage (TWS) over China from 2002 to 2021. The
group of atmospheric circulation indices known as
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the Western Pacific and Indian Ocean (WPIO) has the
most impact on TWS fluctuations. The sea surface
temperature anomalies in the NINO 3.4 region and
the Western Pacific Warm Pool area index had a
significant positive relationship with TWS in south-
ern China. Fan et al. (2024) found that ENSO had the
most impact on drought in the Lancang-Mekong
River Basin. The sensitivity to drought was in the
order of ENSO > AO > NAO > PDO. Zhang et al.
(2024) showed that the hot and dry conditions in
summer in Xinjiang are greatly influenced by the
abnormal sea surface temperatures in the North
Atlantic, namely the tripole pattern. These abnormal
temperatures cause a wave-like pattern that affects
the circulation of the atmosphere in the region.
Rezaei (2023) found that drought in the Middle East
and North Africa (MENA) region is driven by the
Pacific Decadal Oscillation (PDO), El Nifio-Southern
Oscillation (ENSO) and Atlantic Multidecadal
Oscillation (AMO), and the North Atlantic Oscilla-
tion (NAO). The impacts of these oscillations on
drought vary by timescale. Yang et al. (2020) found
that from 1950 to 2016 southwestern Canada got drier
in winter. But across the whole country the fre-
quency, extent and severity of droughts decreased.
These changes were found to be related to changes in
climate indices such as ENSO, PDO, AMO, and AO
over time.

Tirkiye’s geographical location within a semi-
arid climatic zone predisposes it to frequent drought
occurrences. In light of projected climate change
scenarios, particularly those involving extreme tem-
perature distributions, it is anticipated that Tiirkiye
will experience alterations in both the intensity and
temporal extent of drought events (Turan, 2017).
Tiirkes (2020) identified several significant drought
periods in Turkey over the past 40 years, with the
most severe occurring in 1971-1974, 1983-1984,
1989-1990, 1996-2001, and 2007-2008, often
evolving from meteorological to agricultural and
hydrological droughts (Kurnaz, 2014; Tirkes &
Erlat, 2003). In addition, according to NASA Earth
Observatory (2021), Tiirkiye faced extensive severe
drought conditions in early 2021, with Istanbul’s
reservoir levels plummeting to 15-year lows, posing
significant risks to agricultural productivity. Numer-
ous studies have been conducted in Tiirkiye regarding
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teleconnection climate indices and hydrometeoro-
logical parameters. For example, teleconnection of
atmospheric oscillations on streamflow (Kebapcioglu
& Partal, 2024; Sezen, 2024; Yilmaz & Tosunoglu,
2023), precipitation (Baltact et al., 2018; Duzenli
et al,, 2018; Komiisclii & Aksoy, 2024; Tiirkes &
Erlat, 2005), hydrological drought (Tosunoglu et al.,
2023; Vazifehkhah & Kahya, 2019) are investigated.

However, despite its critical importance, meteo-
rological drought has not been examined in detail
across Tiirkiye, particularly concerning the influence
of large-scale atmospheric oscillation indices. This
significant knowledge gap hinders a comprehensive
understanding of drought dynamics and limits the
efficacy of drought mitigation strategies in the region.
In light of this, the present study aims to fill this void
by investigating the effects of various atmospheric
oscillation indices on drought occurrences within the
Kizilirmak basin, one of Tirkiye’s most vital
hydrological systems. Specifically, this research
seeks to: (1) identify the relationships between major
atmospheric-oceanic teleconnections and drought
periods at multiple temporal scales within the Kizi-
lirmak basin, and (2) analyze how these relationships
vary over different timeframes.

2. Study Area and Data

Kizilirmak Basin is an important water resource in
Tiirkiye. Located between 37°58' to 41°44’ north and
32°48' to 38°22' east, it is 3.5% of Tiirkiye’s total
water (Arslan et al., 2016; Robleh et al., 2024). Its
annual water flow is 6.48 billion m>, the second
biggest water basin in Turkey after the Euphrates.
The basin has undulating topography, more pro-
nounced in northern and eastern parts where the
mountainous landscape prevails. The hydrological
system of the basin is defined by the Kizilirmak River
and its tributaries which form the main water catch-
ment areas (Terzi & Ilker, 2021). Basin covers an
area of 78.180 km2, 3.528.800 ha of which are
alluvial plains which is a significant part of the
basin’s arable land and agricultural potential. The
basin has a continental climate. This climate is
characterized by extreme seasonal changes, winters
with heavy snow and hot summers. Annual

precipitation is between 400 and 600 mm, a moderate
amount that affects the region’s hydrology and
ecosystems (Akturk et al, 2022; Citakoglu &
Minarecioglu, 2021; Deger et al., 2023). The Kizi-
lirmak Basin has a complex hydrological network
with various aquatic ecosystems and anthropogenic
water management structures. Kizilirmak Basin, an
important water resource for Tiirkiye, needs to be
conserved and managed sustainably to be long-term
viable and ecological integrity (Oztiirk et al., 2023).
The distribution of the meteorological stations used
in the basin is given in Fig. 1. Also, Table 1 shows
the information about 14 meteorological stations used
in the study. The longest meteorological record was
measured at stations 17,160 Kirsehir and 17,196
Kayseri, shortest record was measured at station
17,833 Avanos. Data points are taken from different
parts of the basin to make basin-wide generalizations.
Precipitation data, a crucial variable in this study,
were directly obtained from the Turkish General
Directorate of Meteorology (MGM). The MGM
operates a comprehensive network of meteorological
stations across Turkey, ensuring standardized and
quality-controlled data collection. Further details on
the challenges and accuracy considerations in pre-
cipitation measurements, including discussions on
various instrumentation and potential error sources,
can be found in comprehensive reviews such as
Gultepe et al. (2017) and (2019) papers.

3. Methodology

3.1. Standardized Precipitation Evapotranspiration
Index (SPEI)

The Standardized Precipitation Evapotranspira-
tion Index (SPEI) developed by Vicente-Serrano
et al. (2010) is more comprehensive than the
Standardized Precipitation Index (SPI). By including
both precipitation and evapotranspiration, the SPEI
takes into account the temperature impact on drought.
This allows for a more detailed analysis of drought
intensity, duration, and severity at different time
scales and regions (Ghasemi et al., 2021). The SPEI
is calculated based on the non-exceedance probability
of the difference between precipitation and potential
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The geomorphological characteristics of the Kizilirmak Basin and the spatial distribution of monitoring stations within its boundaries

Table 1

The location and recording information of the meteorological stations used in this study

Station Number Station Name Latitude Longitude Altitude Earliest Record Year Latest Record Year
17,074 Kastamonu 41.371 33.7756 800 1951 2020
17,135 Kirikkale 39.843 33.5181 751 1963 2021
17,160 Kirsehir 39.164 34.1561 1007 1951 2021
17,193 Nevsehir 38.616 34.7025 1260 1959 2021
17,196 Kayseri 38.687 35.5 1094 1951 2021
17,618 Devrekani 41.599 33.834 1050 1977 2021
17,648 Ilgaz 40915 33.625 885 1969 2021
17,650 Tosya 41.013 34.036 870 1959 2021
17,732 Cicekdag 39.607 34.4235 900 1971 2021
17,756 Kaman 39.365 33.706 1075 1965 2020
17,802 Pinarbasi 39 36 1542 1963 2021
17,833 Avanos 38.722 34.856 950 1986 2021
17,835 Urgup 38.622 34.9144 1068 1972 2021
17,836 Develi 38.374 35.4797 1204 1965 2021
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evapotranspiration. This difference is then calibrated
using a three-parameter log-logistic probability dis-
tribution function. The use of this distribution is
important because it can handle negative values
which are common in the water balance calculations
of the SPEI methodology. This statistical approach
allows the SPEI to normalize the climatic water
balance over different time scales so that we can
compare different regions and periods (Tirivarombo
et al., 2018; Vicente-Serrano et al., 2010). The SPEI
is calculated by normalizing the climatic water
balance using Log-logistic distribution. In this study,
the Potential Evapotranspiration (PET) is calculated
using the Thornthwaite method (Thornthwaite, 1948).
The main calculation is to find the difference (Di)
between precipitation (P) and PET for a month (i), as
shown in Eq. (2). This approach allows us to have a
standardized representation of water surplus or
deficit, taking into account both water input and
atmospheric water demand. The Thornthwaite
method calculates Potential Evapotranspiration using
temperature as the only input parameter.

PET = 16d<IOTT) (1)

where; T is the monthly mean temperature (°C), and
d is a correction factor for diurnal duration variation
across months. d is calculated from standard
tables which are calibrated to the latitude of the study
area. | and i are the annual and monthly heat indices
respectively.

D; = P; — PET; (2)

The D values are summed across time scales.
k—1
Di =Y P, — (PET), (3)
i—0

where k is the aggregation period in months and n is
the calculation month. The log-logistic probability
density function is:

ﬂ(x—y)ﬂ*l — WA -2
=2 (5 + (5 )
with a, B, and 7 as scale, shape, and origin parameters

(y > D < o), the probability distribution function
for the D series is:

fx) =

-
a
1+( ) 5)
The SPEI is derived from standardizing F(x)
values using the Abramowitz and Stegun (1968)
method.
Co+ CiW + C,W?

SPEI = W — 5 5 (6)
1+d\W+dyWe +dsW-

W = +/—=2In(P)forP <0.5 (7)

where Cyp=2515517, C; = 0.802853,
d; = 1.432788, d, = 0.189269, d; = 0.001308.

3.2. Pearson Correlation, Cross-Correlation
and Cross-Wavelet Transform (XWT)

Correlation analysis measures the relationship
between variables with a coefficient commonly used
in climate research. This is expressed numerically by
the correlation coefficient which gives a standardised
measure of the strength and direction of the linear
relationship between the variables (Benesty et al.,
2009). The Pearson product-moment correlation
coefficient (PPMCC) was used to look at the
concurrent interdependence between drought indices
and oceanic-atmospheric circulation patterns across
multiple time scales (Yang & Xing, 2022). This
statistical method allows us to quantify the linear
relationships between these climate variables and
assess potential teleconnections and their temporal
variability. Correlations were tested for significance
using a Student’s t-test at a 95% confidence level.
The sample correlation coefficient, r, between X and
Y is:

L YLE-®-T)
VI (6 -X), (v -7

Xi and Yi represent the SPEI and ocean-atmo-
spheric circulation indices, respectively, where i is
the individual data point. X and Y are the mean
values of Xi and Yi. The correlation coefficient, r,
ranges from — 1 to 1. A positive r (r > 0) means
positive correlation, a negative r (r < (0) means

negative correlation (Zhong et al., 2017).

(3)
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Cross-correlation looks at how similar two vari-
ables are over time, considering the time lag between
them. This method shows how one variable correlates
with the past values of another. Unlike simple
correlation, cross-correlation can look at relationships
at different time offsets, before and after, to give a
more complete picture of the relationship between
variables (Qian et al., 2015). The CCF can be
calculated by:

)ﬁ)

K (x,y)
5. 5)+k

=== 9)
the sample covariance is denoted by Ck (x, y), and
the sample mean square deviations, J, and ., are
calculated as follows:

Ck = Ly L — %) (Viek —]ywk)
8= [yt -] (10)
v+k [,, D il ' (Y — yt’+k)2]i

To examine the connection between pairs of time-
domain signals, xn and yn, the Cross Wavelet
Transform (XWT) is employed. This is computed as:

WXY:WXWY* (11)

where * represents complex conjugation, the cross-
wavelet power is defined as the absolute value of
|WXY|. The phase angle, or argument, arg (WX)
indicates the local phase difference between xn and
yn within the time—frequency plane. The theoretical
distribution of cross wavelet power for two time
series with background power spectra Pf and P,f is
detailed in reference Torrence and Compo (1998).
The WCOH, a measure of time—frequency coherence,
is calculated using the method outlined in Torrence

and Webster (1999) )
RZ( ) | ( W" (3))|

©(12).
Sg WX (5)*).S (s WY (s

With S as the snloothing o erator and s as the
scale, WCOH serves as a localized correlation
coefficient in the time—frequency space.

4. Results
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4.1. Assessment of Drought Occurrence on the Basin

Drought analysis was performed for each mete-
orological station using the SPEI index at 1-, 3-, 6-,
9-, 12-, and 24-month timescales using precipitation
and temperature data from the meteorological sta-
tions. Also, drought duration and severity were
determined using run theory. Run theory provides a
straightforward and efficient approach to detecting
and examining drought events (Deger et al., 2023;
Guerrero-Salazar et al., 1975). Figure 2 shows a time
series at different time scales using all meteorological
stations. In addition, Fig. 3 are generated a heat map
illustrating the basin at various time scales using the
mean SPEI data for the basin.

Historical droughts at different time scales have
been examined when considering the drought risk
assessment in the Kizilirmak Basin as given in both
Fig. 2 and Fig. 3. As seen in both figures, severe
droughts have become more frequent and intense,
particularly since 2015, with previous peaks in the
1950s, 1960s, and 2000s. However, the year of the
highest peaks is better illustrated in Fig. 2. The years
in which the most severe droughts occurred varied
depending on the time scale. For instance, while
severe droughts were observed in the early 2000s for
1- and 3-month time scales, they were more promi-
nent in the years following 2020 for 6-, 9-, 12-, and
24-month time scales. Based on the historical drought
patterns in this particular basin, projections suggest
an increased likelihood of prolonged and intense
drought events from 2020 onward.

Figure 4 presents the results of the wavelet power
spectrum and global wavelet spectrum analyses for
the SPEI at three distinct temporal scales: SPEI 1
(monthly), SPEI 3 (seasonal), and SPEI 12 (annual).
These analyses are based on the mean SPEI values
calculated from all monitoring stations across the
basin. Wavelet analysis serves as a sophisticated
method for examining localized power fluctuations
within time-series data. This technique breaks down
the time series into a time—frequency domain,
enabling the identification of primary variability
patterns and their temporal evolution (Belayneh
et al., 2016; Karbasi et al., 2022). The color scale
represents the strength of the wavelet transform, with
red and yellow indicating areas of higher intensity
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(left panel). Also, Contours delineate areas where the
wavelet power is statistically significant with a 95%
confidence level. Right panel red areas highlight
regions where the wavelet power is significantly
greater than the background noise at the 95%
confidence level. The wavelet power spectrum for
the monthly analysis (SPEI 1) demonstrates pro-
nounced fluctuations at multiple time scales. The

global wavelet spectrum identifies prominent period-
icities that may be related to short-term climate
variability or hydrological phenomena. Seasonal
analysis (SPEI 3) reveals distinct periodicities poten-
tially linked to seasonal and climatic basin influences.
The power spectrum’s significant areas emphasize the
dominant periods of these cycles. The wavelet power
spectrum of the annual analysis (SPEI 12) highlights
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(first row) SPEI 1 (monthly), (second row) SPEI 3 (seasonal), and (third row) SPEI 12 (annual) time scales

long-term climatic influences and patterns within the
basin. Prominent peaks in the global wavelet spec-
trum indicate the importance of multi-year cycles,
potentially linked to large-scale climate drivers, on
the basin’s hydrology.

4.2. Assessment of Atmospheric-Ocean Climate
Indices

This study examined several climate indices,
including the North Atlantic Oscillation (NAO), Nifio
1.2, Nifio 3, Nifno 3.4, Nifio 4, Atlantic Multidecadal

Oscillation (AMO), Pacific Decadal Oscillation
(PDO), Oceanic Nino Index (ONI), and Southern
Oscillation Index (SOI). Figure 5 depicts the time
series of atmospheric and oceanic climate indices
used within the scope of this study. Each index
represents atmospheric or oceanic conditions in a
specific region and illustrates how these conditions
have changed over time. In these graphs, positive and
negative anomalies for each index are represented by
distinct colors (e.g., positive anomalies in orange,
negative anomalies in blue). This allows for a clearer
visualization of the changes in climate indices over
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time and the identification of extreme events. The
climate indices and their associated data sources used
in this research are obtained from the NOAA Physical
Sciences Laboratory (PSL) (link: https://psl.noaa.
gov/data/climateindices/list/). A summary of climate
indices is in Abdelkader and Yerdelen (2022).

4.3. Examining the Relationship of Drought
Occurrence to Atmospheric and Oceanic
Climate Indices

We examined correlations between SPEI-12 and
atmosphere-ocean climate indices for simultaneous
and one-year lag periods to assess potential climate-
drought relationships. One-year lag analysis com-
pared the previous year’s climate index values to

current year SPEI-12. Correlation coefficients are
mapped across the region with star (¥*) indicating
statistical significance at the 95% level. Figure 6
reveals that correlation magnitudes are consistently
weak, ranging from approximately -0.15 to +40.15
across all climate indices. NAO, AMO, and SOI
exhibit predominantly negative correlations with
SPEI-12, while Nifio indices (142, 3, 3.4, 4), ONI,
and PDO show positive correlations. However, these
weak correlations indicate that climate modes col-
lectively explain less than 2-3% of SPEI variance in
the basin. The spatial patterns show considerable
heterogeneity, with neighboring stations frequently
displaying contrasting correlation signs and signifi-
cance levels, suggesting that local factors dominate
over large-scale climate influences.
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Figure 7 depicts the spatial correlation between
SPEI-12 and several atmospheric-oceanic climate
indices for a one-year lead time. The SOI indices
exhibit significant correlations across multiple
regions, suggesting robust predictive power for future
drought conditions. The Nino 1 + 2, Nino 3, Nino 4,
and ONI indices demonstrate moderate correlations
with notable spatial patterns, indicating potential
inverse relationships with future drought. While the
NAO index shows weaker but still significant corre-
lations, its predictive capability for drought is less
pronounced. Overall, the SOI emerges as the most

prominent predictor of future drought, while the
AMO, PDO, and particularly Nino 4 exhibit inverse
relationships.

Figure 8 shows cross-correlation plots between
different SPEI timescales (1, 3, 6, 9, 12, and
24 months) and various atmospheric-oceanic climate
indices. The plots also reveal potential lagged
relationships between SPEI and the climate indices.
A positive lag indicates that changes in the climate
index precede changes in SPEI, while a negative lag
suggests the opposite. Drought occurrences are
investigated at different periods such as short-term
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predictions (1-3 months), medium-term predictions
(3-12 months), and  Long-term  predictions
(12-24 months). According to Fig. 8, ENSO-related
indices (Nifio 1 + 2, Nifo 3, Nifio 4, ONI) show the
strongest positive correlations, peaking around
0-5 months lead time at SPEI 1. In addition, PDO
shows a moderate positive correlation, slightly lag-
ging behind (12-month lag) ENSO indices. However,
NAO, SOI, and AMO show weak, mostly negative
correlations.

Compared to the SPEI 1 time scale, the SPEI
3-time scale exhibits stronger and more sustained

positive relationships with ENSO indices and the
ONI. The Nifio 3 and ONI indices show the most
pronounced correlations, closely trailed by Nifio 4
and Nifio 1 4 2. The PDO correlation gets stronger
and more in sync with ENSO at the 3-month scale.
AMO, NAO, and SOI are weak and mostly negative.
ENSO indices and ONI are strongly positive, and the
broader peaks show more persistence at the 6-month
scale. Nifio 3 and ONI are the leading indicators
followed by Nifio 4. PDO correlation gets stronger
and almost matches ENSO indices. AMO is slightly
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better but still weak. NAO and SOI are weak and
mostly negative.

At the SPEI 9-month timescale, ENSO indices,
ONI, and PDO are very highly correlated and
positive, so their influence is strong. The different
Nifio regions are not as distinct, so it’s a more general
ENSO effect. AMO is more correlated and has a
unique pattern, positive at longer lead times. NAO is
still weak but shows some positive values at longer
lead times. SOI is strongly negative, as expected. At
the SPEI 12-month timescale, ENSO indices, ONI,
and PDO are highly correlated and positive, so their
influence is strong. AMO is more correlated and has a
pattern that is negative at both long lead and lag
times. NAO is slightly better but still the weakest
correlated index. SOI is negative and mirrors the
ENSO indices, as expected. At the SPEI 24-month
timescale, ENSO indices (Nifio 3, Nifio 4, and ONI)
are the most highly correlated, especially at
10-20 month lead times. PDO is also positive but
weaker than the ENSO indices. NAO is weak and
mostly negative. The SOI maintains its negative
correlation pattern, as expected given its inverse
relationship with ENSO. Importantly, the AMO
exhibits a consistently negative correlation across
all lead and lag times, a crucial observation previ-
ously overlooked.

Figure 9 illustrates the cross-wavelet transform
(XWT) relationship between the 12-month Standard-
ized Precipitation Evapotranspiration Index (SPEI)
considering mean all stations and various atmo-
spheric-oceanic climate indices. The relationship
between SPEI and large-scale climate indices varies
considerably. SPEI and AMO: A generally weak
coherence characterizes the relationship between
SPEI and the Atlantic Multidecadal Oscillation
(AMO). While some intermittent periods of signifi-
cant coherence exist, they are sporadic. Notably, a
slightly stronger coherence is observed within the
16-32 month band, with prominent periods during
the 1960s and late 1990s to early 2000s. Importantly,
the phase relationship between these two indices is
predominantly negative, as indicated by leftward-
pointing arrows, implying that they tend to move in
opposite directions. SPEI and NAO: In contrast to
the AMO, the SPEI exhibits a stronger coherence
with the North Atlantic Oscillation (NAO), especially
at longer time scales between 32 and 64 months.
Significant coherence is evident across much of the
time series for periods exceeding 32 months. Unlike
the SPEI-AMO relationship, the SPEI and NAO tend
to be in phase, as shown by rightward-pointing
arrows, suggesting a positive correlation.
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The relationship between SPEI and the El Nifio-
Southern Oscillation (ENSO) indices is notably
robust. SPEI and Niio indices (1.2, 3.4, 3, 4): All
Nifio indices exhibit strong and persistent coherence
with SPEI, particularly within the 1664 month band.
Significant coherence clusters are evident in the
1960s, 1980s, and 1990s-2000s. A consistently in-
phase relationship between SPEI and these indices is
observed, indicating a strong positive correlation.
SPEI and ONI: Similar to the Nifio indices, the ONI
displays a very strong and persistent coherence with
SPEI across multiple timescales. This relationship is
characterized by a consistent in-phase pattern, signi-
fying a robust positive correlation. SPEI and PDO:
The Pacific Decadal Oscillation (PDO) shows strong
coherence with SPEI, especially at longer periods
(32-64 months). Significant coherence is observed
throughout most of the time series. While the overall
relationship is in phase, some variability in the phase

Fig. 9
Cross-wavelet transform (XWT) between SPEI 12-month time scale and the atmospheric-ocean climate indices

relationship is evident. SPEI and SOI: The Southern
Oscillation Index (SOI) exhibits a strong coherence
with SPEI, particularly within the 16-64 month band.
Significant coherence clusters coincide with those of
the ENSO indices. However, unlike the ENSO
indices and PDO, the SOI is consistently out of
phase with SPEI, indicated by leftward-pointing
arrows, suggesting a negative correlation. This neg-
ative relationship is expected given the inverse
relationship between SOI and ENSO.

5. Discussion

This study investigated the complex interplay
between major atmospheric-oceanic oscillation indi-
ces and drought conditions within Tiirkiye’s vital
Kizilirmak Basin. By employing the SPEI at various
timescales and utilizing both correlation and cross-
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wavelet analyses, this research provides a compre-
hensive understanding of drought dynamics and their
teleconnections in the region.

The observed escalation in the frequency and
intensity of drought events within the Kizilirmak
Basin, particularly the pronounced increase since
2015, signals a critical hydroclimatic vulnerability.
The recurrence of drought peaks in the 1950s, 1960s,
and early 2000s indicates historical variability, yet
the recent shift towards more prolonged durations
(6-24 months) post-2020, following a prevalence of
short-term droughts (1-3 months) in the early 2000s,
suggests a potential long-term drying trend. This
transition is highly concerning as prolonged water
deficits pose significant challenges to the basin’s vital
agricultural sector, reservoir management, and over-
all water security. Our findings are consistent in the
previous researches (Kurnaz, 2014; Tosunoglu et al.,
2023; Tiirkes & Erlat, 2003).

Moderate positive correlations were identified
between SPEI-12 and ENSO indices (Nifio 3.4, ONI)
in the central and southern Kizilirmak Basin, with
Pearson correlation coefficients ranging from 0.05 to
0.15. This suggests that El Nifio conditions, typically
associated with warmer equatorial Pacific Sea surface
temperatures, tend to coincide with wetter periods in
these sub-regions. While these coefficients indicate a
statistically measurable influence, their relatively low
magnitude highlights that ENSO is not the sole,
dominant driver of drought variability in the Kizi-
lirmak Basin but rather contributes as one factor
within a complex system. For example, Singh et al.
(2022) studied the risk of concurrent regional drought
with ENSO variability. Climate indices are also used
in some studies to investigate drought occurrences
(Abiy et al., 2019; Guria et al., 2025; Zeleke et al.,
2022).

Despite revealing significant teleconnections, it is
crucial to acknowledge that the identified correlations
and coherence levels indicate that these large-scale
atmospheric oscillations explain only a portion of the
total drought variability in the Kizilirmak Basin. This
suggests that local and regional factors, such as
topography, land use changes, anthropogenic water
demands, and other mesoscale atmospheric phenom-
ena, likely play equally, if not more, dominant roles
in shaping the basin’s complex drought dynamics.

Pure Appl. Geophys.

This study utilized SPEI as a robust drought
indicator, considering both precipitation and evapo-
transpiration; however, the availability of long-term,
spatially dense climate data for all variables remains
a challenge in some regions. Future research could
benefit from integrating higher-resolution gridded
datasets or reanalysis products to capture finer spatial
variations in drought patterns and teleconnection
impacts. Furthermore, while this study focused on the
direct statistical relationships, future work could
explore the physical mechanisms through which these
teleconnections influence regional atmospheric cir-
culation and moisture transport specifically over
Tiirkiye, potentially using atmospheric modeling or
more sophisticated causal inference techniques.
Investigating the combined or compound effects of
multiple teleconnections, as well as their interactions
with climate change projections, would also provide a
more holistic understanding for long-term drought
preparedness and water resource planning in the
Kizilirmak Basin.

6. Conclusion

This study investigated the impact of major
atmospheric oscillations on drought conditions within
Tirkiye’s critical Kizilirmak Basin. Specifically, the
influence of the North Atlantic Oscillation (NAO),
Nifno indices (1.2, 3, 3.4, and 4), Atlantic Mul-
tidecadal Oscillation (AMO), Pacific Decadal
Oscillation (PDO), Oceanic Nifio Index (ONI), and
Southern Oscillation Index (SOI) on drought events
was examined. The Standardized Precipitation
Evapotranspiration Index (SPEI) served as a drought
indicator. Our findings are given as follows:

Analysis of historical drought patterns revealed an
alarming trend of increased frequency and intensity,
particularly since 2015, with recurring peaks in the
1950s, 1960s, and early 2000s. While short-term
droughts (1-3 months) were prevalent in the early
2000s, longer-term droughts (6—24 months) intensi-
fied post-2020. These findings emphasize a growing
risk of prolonged and severe droughts in the Kizi-
lirmak Basin.

Moderate positive correlations were observed
between SPEI-12 and ENSO indices (Nifio 3.4, ONI)
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at the same year, particularly in central and southern
regions. For instance, the Pearson correlation coeffi-
cient for SPEI-12 and Nifio 3.4 ranged from 0.05 to
0.15 across relevant sub-regions, suggesting a mea-
surable but limited influence on drought occurrence.
In contrast, NAO, AMO, and SOI exhibited negative
correlations with SPEI-12. For example, NAO
showed correlation coefficients between — 0.05
and — 0.15, indicating associations with wetter con-
ditions. PDO and other Nifio indices also influenced
drought patterns, but their impact was less pro-
nounced compared to Nifio 3.4 and ONI. Lead-time
analysis identified SOI as the most consistent pre-
dictor of SPEI-12, with significant correlations (e.g.,
correlation coefficients up to 0.05 to 0.15) across
multiple regions.

Comparative analysis reveals a complex interplay
of atmospheric-oceanic indices influencing SPEI
variability across timescales. ENSO indices, particu-
larly Nifio 3 and ONI, dominate short-term SPEI
fluctuations, while the PDO’s influence grows with
timescale. The medium-term sees comparable
impacts from ENSO and PDO, with the AMO’s role
gradually increasing. Over the long term, AMO
emerges as a weak driver, though ENSO and PDO
remain influential. The NAO consistently exhibits
weak correlations, suggesting a limited direct impact
on SPEI in the region. The SOI maintains a consistent
inverse relationship with ENSO indices across all
timescales. As the timescale extends, correlation
patterns become smoother and more persistent,
reflecting the cumulative effects of climate processes.

ENSO-related indices (Nifio3.4, Nifio3, Nifio4,
and ONI) emerged as the primary drivers of SPEI-12
variability, demonstrating strong and consistent
coherence (particularly within the 16-64-month
band). A predominantly in-phase relationship indi-
cates that El Nifo conditions are associated with
wetter periods, while La Nifla events correspond to
drier conditions. The PDO also significantly influ-
ences SPEI-12 (especially at 32—-64-month periods),
exhibiting strong coherence. In contrast, the SOI,
while strongly correlated, is inversely related to
SPEI-12. The NAO shows moderate coherence,
especially at longer timescales, with a generally
positive impact on SPEI-12, whereas the AMO’s
influence is weaker. Most indices exhibit strongest

coherence at interannual to multi-year timescales
(16-64 months), with varying degrees of influence
across different decades.
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