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Abstract

This study investigates the spatial, multifractal, and nonlinear characteristics of monthly precipitation totals derived from
the ERAS Reanalysis dataset, spanning January 1940 to December 2024 (1,020 months), across the Mediterranean and
Middle East (30° N —45° N, 10° E — 45° F). The dataset, subsampled to a 1° x 1° grid encompassing 576 grid
points, captures long-term precipitation variability in a climatically diverse region shaped by topography and atmospheric
dynamics. Employing k-Medoids clustering with the Haversine distance metric, we delineated five distinct precipitation
zones—ranging from western Mediterranean coastal areas to eastern inland arid deserts—optimized through Silhouette
Score analysis ( k = 5). This clustering reflects the complex interplay of physical geographical features, such as orographic
lift from the Alps and Taurus Mountains, and large-scale atmospheric patterns, including jet streams and various telecon-
nections like the North Atlantic Oscillation (NAO), Mediterranean Oscillation (MO), East Atlantic (EA) pattern, and Arc-
tic Oscillation (AO). Multifractal Detrended Fluctuation Analysis (MF-DFA) revealed scale-dependent complexity, with
multifractal spectrum widths Da varying from 0.7960 in eastern arid interiors (Cluster 5) to 0.9159 in central semi-arid
Mediterranean zones (Cluster 2). Mountainous regions (Cluster 3, D, = 0.8544) exhibited pronounced multifractality,
driven by terrain-induced variability and seasonal convection. Concurrently, the Brock-Dechert-Scheinkman (BDS) test
confirmed pervasive nonlinearity across all clusters, yielding P-values < 0.05 and BDS statistics ranging from 33.5044
(Cluster 5) to 55.8214 (Cluster 3). These results attest to chaotic atmospheric processes, including orographic effects, con-
vective phenomena, and the influence of teleconnections. The analysis further elucidated spatial dependencies and upper
air circulation patterns—jet streams, cyclonic/anticyclonic systems—as key modulators of precipitation regimes, validated
against ERAS reanalysis data. These findings enhance understanding of long-term precipitation variability, offering a
robust framework for improving climate modeling, drought and flood forecasting, and water resource management in a
region highly susceptible to climate change. By integrating advanced statistical methods with ERA5’s extensive temporal
coverage, this study provides critical insights into atmospheric science, with significant implications for regional sustain-
ability, disaster preparedness, and meteorological research.
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Introduction

The Mediterranean and Middle East, spanning 30°N—45°N
and 10°’E-45°E, form a climatically diverse region where
precipitation patterns emerge from a complex interplay of
topographical, geographical, and atmospheric influences.
Encompassing Southern Europe, the Mediterranean Basin,
and the Middle East, this expanse features varied land-
scapes—the towering Pyrenees, Alps, Taurus, and Atlas
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through orographic lift, which enhances rainfall on wind-
ward slopes, rain shadows that dry leeward areas, and aridi-
fication that dominates desert interiors (Peel et al. 2007).
Atmospheric circulation further complicates this mosaic,
with upper air dynamics like jet streams steering weather
systems, cyclonic and anticyclonic systems driving wet or
dry conditions, and teleconnections such as NAO, MO, East
Atlantic/West Russia (EA/WR) pattern, East Atlantic (EA)
pattern, AO, and Scandinavian circulation (SCA) modu-
lating seasonal and interannual variability. Together, these
factors position the region as a critical arena for studying
climate variability and its drivers (Tessier et al. 1993; Lim
2015; Waha et al. 2017; Seager et al. 2019; Koshky et al.
2023; Hersbach et al. 2020; Zittis et al. 2022; Caglar et al.
2023; Gao et al. 2017; Unal et al. 2012; Yavuzsoy-Keven et
al. 2024).

Historically, this region has witnessed significant cli-
matic oscillations, from the warmth of medieval periods to
the cooling of the Little Ice Age, with precipitation swinging
between prolonged droughts and intense pluvial episodes.
Paleoclimatic records, alongside modern reanalysis, reveal
these shifts, highlighting the region’s sensitivity to global
climate changes over centuries (Browning and Goodwin
2015; Franke et al. 2017; Erb et al. 2022). In recent decades,
climate change has intensified these dynamics, as evidenced
by ERAS5 Reanalysis data showing heightened precipitation
variability, particularly in mountainous and coastal zones.
Rising temperatures, shifting jet stream trajectories, and
strengthened teleconnections amplify these patterns, chal-
lenging water resource management, agricultural stability,
and disaster preparedness across urban and rural landscapes
(Hersbach et al. 2020; Liu et al. 2024a, b). This escalating
variability underscores the need for sophisticated tools to
unravel the intricate nature of precipitation in such a hetero-
geneous domain (Zhang et al. 2023).

Conventional linear statistical approaches, like autore-
gressive integrated moving average (ARIMA) models,
often fall short in capturing the intermittent, heterogeneous,
and potentially chaotic behavior of precipitation, especially
where diverse topography intersects with dynamic atmo-
spheric interactions (Wilks 2011). To address this, multi-
fractal methods, such as Multifractal Detrended Fluctuation
Analysis (MF-DFA), have become essential for dissecting
scale-dependent variability in non-stationary time series.
These techniques expose the fractal structure of precipita-
tion, reflecting influences from sporadic storms and climatic
oscillations (Kantelhardt et al. 2002; Tessier et al. 1993).
Complementarily, the Brock-Dechert-Scheinkman (BDS)
test offers a robust means to detect nonlinearity by evaluat-
ing deviations from independent and identically distributed
residuals post-linear detrending, thus revealing chaotic or
feedback-driven atmospheric processes (Brock et al. 1996).
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Spatial clustering via k-Medoids, utilizing the Haversine
distance metric, enhances this analysis by defining climati-
cally homogeneous zones, accounting for Earth’s curvature
and geographic proximity to better understand regional pre-
cipitation patterns (Kaufman and Rousseeuw 1990; Bracken
et al. 2015).

This study leverages ERAS monthly precipitation totals,
subsampled to a 1ox10 grid with 576 grid points, to explore
precipitation dynamics over an 85-year period (1,020
months), from January 1940 to December 2024. Through
k-Medoids clustering optimized by Silhouette Score analy-
sis, we delineate five precipitation clusters, each subjected
to rigorous multifractal analysis via MF-DFA and non-
linearity assessment with the BDS test. We propose that
these clusters embody the multifaceted impacts of topog-
raphy—such as orographic enhancement in mountainous
areas—physical geography, including arid desert expanses,
and atmospheric phenomena like jet streams and telecon-
nections. These insights promise to illuminate regional cli-
mate variability, providing valuable contributions to climate
modeling, drought and flood prediction, and water resource
strategies amid climate change pressures in this vulnerable
region (Rahmani and Fattahi 2023; Wang et al. 2023).

The integration of these advanced methodologies fosters
a comprehensive understanding of precipitation dynamics,
bridging spatial, temporal, and statistical perspectives. The
ERAS dataset, with its high-resolution and extensive tem-
poral span, stands as an unmatched tool for this explora-
tion, its reliability affirmed by studies on reanalysis quality
and precipitation trends (Hersbach et al. 2020; Zhang et al.
2023). This research thus not only advances atmospheric
science but also supports interdisciplinary efforts in hydrol-
ogy, meteorology, and policy-making, tackling pressing
challenges in a climatically sensitive region where water
security and resilience are paramount (Peel et al. 2007; Liu
etal. 2024a, b).

Materials and methods
Datasets

This investigation utilizes monthly precipitation totals
extracted from the ERAS Reanalysis dataset, a meticulously
crafted product of the European Centre for Medium-Range
Weather Forecasts (ECMWF). ERAS represents a cutting-
edge atmospheric reanalysis, delivering a comprehensive
global dataset with a native spatial resolution of 0.250x0.25¢
in latitude and longitude. By seamlessly integrating obser-
vational data—spanning satellite measurements, ground-
based records, and historical ship observations—with
advanced numerical weather prediction models, ERAS
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estimates climatic variables like precipitation with remark-
able accuracy and consistency (Hersbach et al. 2020). To
balance computational efficiency with the need to preserve
regional climatic details across the Mediterranean and Mid-
dle East (30° N — 45° N, 30° E' — 45° E), we subsampled
this high-resolution dataset to a coarser 1°x1° grid. This pro-
cess yielded 576 grid points, each representing a spatial unit
that captures essential variability in precipitation patterns
while reducing the computational burden, thus enabling a
robust analysis of large-scale climatic trends and anomalies.

The temporal scope of the dataset spans from Janu-
ary 1940 to December 2024, totaling 1,020 monthly time
steps. This duration provides an extensive 85-year record
that encompasses long-term climatic variability, decadal
shifts, seasonal cycles, and extreme precipitation events
such as intense storms or prolonged droughts. The result-
ing precipitation data matrix is structured with 1,020 rows
(time steps) and 576 columns (spatial points), each column
paired with precise longitude (\) and latitude (¢ ) coor-
dinates. This meticulous alignment ensures that temporal
dynamics are intricately linked to geographic positioning, a
critical feature for dissecting regional precipitation regimes
influenced by diverse topography—Iike the Alps or Taurus
Mountains—geographical contrasts between coastal and
desert zones, and atmospheric circulation patterns such as
jet streams or cyclonic systems.

ERAS’s strength lies in its assimilation of a wide array
of observational inputs, enhancing its reliability for mete-
orological research. This integration excels at capturing
precipitation variability driven by large-scale atmospheric
circulation, localized convective processes, and orographic
effects, such as enhanced rainfall on windward mountain
slopes (Hersbach et al. 2020). However, potential limita-
tions must be acknowledged, particularly model-dependent
precipitation estimates in data-sparse regions like arid inte-
riors, where observational coverage may historically be
limited. Comparative studies with other reanalysis datasets,
such as MERRA-2, and ground-based observations high-
light these biases, urging cautious interpretation to ensure
robust conclusions (Gelaro et al. 2017; Zhang et al. 2023).
Despite such caveats, ERA5’s high resolution, long tempo-
ral span, and rigorous validation established it as a founda-
tional resource for this study, enabling detailed exploration
of the multifractal, nonlinear, and spatial characteristics of
precipitation across the Mediterranean and Middle East,
thereby upholding the scientific integrity of our analysis.

Methodology
Spatial clustering with k-Medoids

To delineate climatically homogeneous regions within the
study domain, we employed the k-Medoids algorithm,
specifically Partitioning Around Medoids (PAM), a robust
clustering technique well-suited for meteorological data
exhibiting non-Euclidean distance structures (Kaufman and
Rousseeuw 1990). This method, implemented via the "‘pam’
function in R, leverages the Haversine distance metric to
compute dissimilarities between grid points, meticulously
accounting for Earth’s spherical geometry. For any two
points like (A, ;) and (A j, ¢ ;) the Haversine distance
is mathematically defined as:

sin? <¢j;¢i> + cos(¢;)

. cos(gbj)'sin2 <?\j ;)\1>

d;; = 2R - arcsin

(1

where R = 6372.8 km, denotes Earth’s mean radius, and
A and ¢ are expressed in radians, thereby forming a dis-
similarity matrix, D = [d;;]. This matrix encapsulates
geodesic distances, ensuring accurate representation of spa-
tial relationships critical for precipitation clustering (Park
and Jun 2009). The k-Medoids algorithm minimizes the
total within-cluster dissimilarity, formulated as:

K
W= Z k:lz ic dei’m’“ @

where Cj, represents the k — th cluster, my its medoid
(the most centrally located point minimizing average dis-
similarity), and k the predetermined number of clusters.
The medoid’s robustness to outliers, prevalent in precipi-
tation data due to intermittent storms and extreme events,
enhances the reliability of clustering outcomes (Kaufman
and Rousseeuw 1990). Initially, k& was fixed at 5, informed
by Silhouette Score optimization (Sect. 3.1), to identify spa-
tial zones with analogous precipitation regimes, a corner-
stone for regional climate analysis (Fovell and Fovell 1993).
This approach, validated by recent ERAS-based studies,
facilitates the delineation of climatically coherent regions,
capturing geographic and atmospheric influences (Wang et
al. 2023).

Center time series computation

For each cluster C}, identified through k-Medoids, a repre-
sentative precipitation time series 7} (¢) was meticulously
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derived by computing the arithmetic mean across all grid
points within the cluster:

1

T (1) = szie Cth,i t=12,... ,N 3)

where nj denotes the number of grid points in cluster Cl,
and P, ; represents the precipitation value at time ¢ for grid
point 4. This aggregation reduces spatial dimensionality
from ni X Ntol x N,preserving the temporal dynam-
ics of precipitation while averaging spatial heterogeneity,
thereby enabling a focused analysis of cluster-specific cli-
matic behavior over the 85-year period. This methodology,
grounded in meteorological practice, ensures that the center
time series encapsulates regional precipitation signatures,
facilitating subsequent multifractal and nonlinear analyses
(Hersbach et al. 2020).

Multifractal detrended fluctuation analysis

To rigorously characterize the scaling properties of each
cluster’s precipitation time series Ty (t), we implemented
MF-DFA, a method widely acclaimed in meteorological
science for detecting multifractality in non-stationary time
series (Kantelhardt et al. 2002; Tatli and Mentes 2019; Tatli
and Dalfes 2020; Zhang et al. 2023). This approach, particu-
larly apt for precipitation data exhibiting intermittent and
scale-dependent variability, proceeds through the following
systematic steps:

Profile Construction: The cumulative deviation from the
mean is computed as:

Y (i) :Zizl <Tk (t)—T_k) i=12,....N (4

where Tj,= +> f;lTk (t) is the mean precipitation for
cluster k, and N represents the time series length.

Segmentation: The profile Yj (i) is segmented into
Ny = | N/s| non-overlapping intervals of length s, rang-
ing from 3 to 120 months to encompass seasonal (e.g.,
3 — 12 months) to decadal (e.g., 60 — 120 months) scales
with respect to this study. Reverse segmentation from the
series’ end ensures comprehensive coverage, mitigating
edge effects.

Detrending: Within each segment v,a linear polynomial
of order m =1 or (high order) is fitted to remove local
trends, yielding detrended residuals Y, (¢) . This detrend-
ing, grounded in meteorological practice, addresses non-sta-
tionarities induced by seasonal cycles and long-term trends
(Kantelhardt et al. 2002; Tatli and Dalfes 2020; Zheng &
Wang, 2008; Zhang et al. 2021; Gémez-Gomez et al. 2021).
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Fluctuation Functions: The ¢ — th order fluctuation
function is calculated to probe diverse moment orders, for-
mulated as:

1 2N, [Ix—~ s NEs v
Fq (b) - {TMZ v=1 |::Z i:l[Y;‘v (Z)] :| } fO’l' a 7& 0 (5)
For ¢ = 0, a logarithmic form is employed:

R S SR 1> DN\ G | ST

We utilized, ¢ = —15to 15, enabling comprehensive
exploration of small (negative ¢) and large (positive q)
fluctuations, capturing the intermittent nature of precipita-
tion driven by storms and climatic oscillations (Liu et al.
2024a, b).

Scaling Exponents: The scaling behavior is determined
by fitting log (Fy (s)) ~ h(q)- log(s) over the range
s = 2to 120 months, yielding the generalized Hurst expo-
nent h (q) . This range, selected to exclude short-scale noise
and long-scale trends, aligns with meteorological scales of
seasonal to decadal variability. The multifractal spectrum
width, a pivotal metric, is computed as:

Dy =max (h(q)) —min (h(q)) ()

where Dy > 0 signifies multifractality, indicative of het-
erogenecous scaling behaviors prevalent in precipitation due
to intermittent convective events, orographic effects, and
teleconnections (Tessier et al. 1993).

MEF-DFA, validated by recent ERAS5-based studies,
quantifies the complexity of precipitation patterns, elucidat-
ing scale-dependent variability critical for understanding
regional climate dynamics (Zhang et al. 2023). The meth-
od’s robustness, enhanced by its ability to handle non-sta-
tionarities, underpins its applicability to precipitation time
series, offering insights into atmospheric processes shaping
Mediterranean and Middle Eastern climates (Kantelhardt et
al. 2002).

BDS test for nonlinearity

To assess the presence of nonlinear dynamics in each clus-
ter’s precipitation time series 7Ty (¢), we implemented the
Brock-Dechert-Scheinkman (BDS) test, a statistically rig-
orous method for detecting deviations from linearity by
testing the null hypothesis of independent and identically
distributed (i.i.d.) residuals after linear filtering (Brock et
al. 1996). This test, particularly pertinent for meteorological
time series exhibiting chaotic or feedback-driven behaviors,
is executed as follows:
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The BDS statistic is formulated as:

BDS — \/Ncm (6) - [C; (6)]m (8)

O m (€

where N denotes the time series length, C,, (¢) is the
correlation integral for embedding dimension, m, and
e = 0.5+ sd (T}) represents the distance threshold (set to
half the standard deviation of the time series), and o ,, (¢)
is the standard deviation of the correlation integral under
the null hypothesis of linearity. A large BDS statistic and a
p-value below 0.05 indicate rejection of linearity, signifying
nonlinear dynamics such as convective feedbacks, telecon-
nections, or chaotic atmospheric processes, critical for cli-
mate modeling.

This methodology, validated by its application in atmo-
spheric science, elucidates the nonlinear structure of pre-
cipitation, complementing MF-DFA by revealing chaotic or
feedback-driven processes that linear models cannot cap-
ture. The BDS test’s sensitivity to embedding dimension
and distance threshold ensures robust detection of nonlin-
earity, aligning with recent studies on ERAS5 precipitation
dynamics (Wang et al. 2023).

Optimal cluster number determination via silhouette score

To ascertain the optimal number of clusters, k, we devel-
oped a methodology inspired by Koppen climate classifi-
cation, leveraging precipitation features and the Silhouette
Score to ensure data-driven, climatically meaningful zona-
tion. This approach, in contrast to black-box fixing the num-
ber of clusters in spatial clustering, optimizes clustering
based on statistical coherence.

Feature extraction For each of the 576 grid points, precipi-
tation features were extracted to encapsulate climatic char-
acteristics, formulated as.

1020

Mean precipitation: P;= 555> ;—; Pk, quantifying pre-

cipitation totals.

2
Variance: 012 = ﬁ }2210 <Pt’i— ]31> , measuring
variability.
Minimum: Pin,; = mtinPt}i, capturing extreme low
precipitation.
Maximum: Prax,; = m?th’i, identifying extreme high

precipitation.
These features, reflective of Koppen’s precipitation
thresholds, were normalized to ensure equitable weighting:

F;; — min (F})
r_ i J . :
Ni= m j = {mean, var, min, max} 9)

yielding a feature matrix F' of dimensions 576 x 4in
this study, paired with longitude and latitude coordinates,
thereby forming a comprehensive dataset for clustering
(Peel et al. 2007).

Silhouette score with k-Medoids k-Medoids clustering was
applied to F'using Euclidean distance

4

s =\ L (- ) 1)

The Silhouette Score s (k), computed for k& = 2 to 10,
quantifies clustering quality:
) b(i) — a(i)
5(1) = —F—F~—"+ 11
b (D) v

max (a (i),

where a (4) is the average intra-cluster distance, and b ()
is the minimum inter-cluster distance, with values ranging
from —1 to 1 (Rousseeuw 1987). The optimal k£ maximizes
the average s (k), identifying well-separated precipitation
zones, as validated by recent reanalysis studies (Wang et al.
2023). This optimization, graphically represented in Fig. 1,
yielded k£ = 5, ensuring scientifically robust climatic
zonation.

Results

Optimal clustering structure via silhouette score
analysis

The optimal number of clusters for delineating precipita-
tion patterns across the Mediterranean and Middle East,
as illustrated in Fig. 1, was determined through a rigor-
ous Silhouette Score analysis—a statistically robust metric
assessing clustering quality based on intra-cluster cohesion
and inter-cluster separation. This approach was applied to
precipitation features extracted from the ERAS Reanalysis
dataset, specifically mean, variance, minimum, and maxi-
mum values, calculated across 576 grid points over 1,020
months (1940-2024). These features, normalized to ensure
equitable weighting, facilitated k-Medoids clustering using
Euclidean distance, a method well-suited to capturing cli-
matic variability in a spatially diverse region. The Silhou-
ette coefficient for each grid point ¢ is defined as:
b (i) — a(i)

SO = e @ b @) (12)
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Silhouette Analysis for k-Medoids Clustering

Optimal k = 5

Average Silhouette Width

10
Number of Clusters (k)

Fig. 1 Evaluation of k-Medoids Clustering Performance Using Sil-
houette Scores for ERAS Precipitation Data (1940-2024): This figure
presents the average Silhouette Width as a function of cluster numbers
(K), derived from ERAS precipitation features across the Mediterra-

where a (i) represents the average Euclidean distance to
other points within the same cluster, measuring cohesion,
and b (i) denotes the smallest average distance to points in
any other cluster, gauging separation. Values range from
—1 (poor clustering) to 1( optimal clustering) (Rousseeuw
1987). The average Silhouette Width across all grid points,
plotted in Fig. 1, peaked at kK = 5, achieving a score of
0.39—marked by a red dashed line—indicating optimal
cluster distinctiveness (Wang et al. 2023). This configura-
tion minimizes within-cluster dispersion while maximizing
separation, reflecting precipitation regimes shaped by geo-
graphic features, topography, and atmospheric influences
such as orographic lift and jet streams.

The robustness of the Silhouette Score, stemming from
its insensitivity to cluster shape and size, makes it ideal for
meteorological data with spatial heterogeneity, as confirmed
by comparisons with alternative methods like the Gap Sta-
tistic and Elbow Method (Kaufman and Rousseeuw 1990).
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nean and Middle East. A peak value of 0.39 at K=5, highlighted by a
red dashed line, signifies the optimal balance of cluster cohesion and
separation, reflecting the region’s distinct precipitation zones shaped
by geographic and atmospheric influences

Choosing k& = 5 aligns with physical controls—e.g., rain
shadows in semi-arid zones and aridification in deserts—
enhancing the interpretability of precipitation patterns. This
optimization avoids overfitting, providing a data-driven
foundation for subsequent multifractal and nonlinear analy-
ses, consistent with recent ERA5-based climate zonation
studies (Park and Jun 2009; Zhang et al. 2023).

Physical geographical and atmospheric controls on
cluster-specific precipitation regimes

Using k-Medoids clustering with a fixed k=5 and the
Haversine distance metric, as shown in Fig. 2, we identi-
fied five spatially coherent precipitation zones across the
Mediterranean and Middle East. Each zone is governed by
a unique blend of physical geographical and atmospheric
controls, interacting with upper air circulation, teleconnec-
tions, jet streams, and cyclonic/anticyclonic systems. The
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K- Med0|ds Clusters of Precipitation Patterns (1940-2024)
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Cluster ® 1

Fig. 2 Spatial Distribution of Precipitation Clusters Across the Medi-
terranean and Middle East (1940-2024) via k-Medoids Analysis: This
heatmap visualizes five precipitation clusters (Cluster 1: red, western
coastal/mountainous; Cluster 2: yellow, central semi-arid; Cluster 3:

Haversine distance, accounting for Earth’s spherical geom-
etry, is defined in Eq. 1, ensuring accurate spatial relation-
ships. Figure 2, a spatial distribution overlaid on a global
base map, highlights these zones, detailed below with their
meteorological and geographical drivers:

Cluster 1 (Red, Western Mediterranean Coastal and
Mountainous): Shaped by the Pyrenees and Alps, this clus-
ter exhibits significant precipitation variability due to oro-
graphic lift of moist westerly winds from the Atlantic and
Mediterranean. The NAO and polar-front jet stream, typi-
cally at 45°N-50°N, enhance mid-latitude cyclonic activity,
boosting winter rainfall, while anticyclonic subsidence spo-
radically reduces it, creating spatial heterogeneity. Rossby
wave propagation and upper air vorticity amplify this
variability, aligning with ERAS5-based studies on coastal
dynamics (Hersbach et al. 2020; Wang et al. 2023).

Cluster 2 (Yellow, Central Mediterranean and Balkan
Semi-Arid): Influenced by the Dinaric Alps and Pindus
Mountains, this cluster features stable, low precipitation
typical of rain-shadowed semi-arid interiors. Continental
expanses limit moisture, while the subtropical jet stream and

30°E 35°E 40°E 45°E

Longitude

2 30 4 05

green, eastern mountainous; Cluster 4: blue, western arid; Cluster 5:
purple, eastern inland arid) based on ERAS5 Reanalysis data, plotted on
a loxlo grid (30°N—45°N, 10°’E-45°E). It illustrates how topographic
and climatic factors drive regional variability

eastern Mediterranean anticyclonic systems sustain aridity,
worsened by the East Atlantic/West Russia (EA/WR) pat-
tern. Rare cyclonic incursions, weakened by topographic
barriers, contribute to aridification trends seen in ERAS,
driven by dry air masses and subsidence (Peel et al. 2007,
Liu et al. 2024a, b; Fovell and Fovell 1993).

Cluster 3 (Green, Eastern Mediterranean Mountainous):
Dominated by the Taurus and Anti-Taurus Mountains, this
cluster shows complex precipitation patterns from oro-
graphic lift and Aegean Sea cyclonic activity. The sub-
tropical jet stream (south of 35°N in winter), Siberian High,
NAO, and MO drive moisture convergence, while summer
anticyclonic systems and localized convection add variabil-
ity, as captured by multifractal analyses (Tessier et al. 1993;
Tatli and Mentes 2019; Zhang et al. 2023; Wang et al. 2023).

Cluster 4 (Blue, Western Coastal Arid): Controlled by
the Atlas Mountains and Sahara proximity, this cluster has
minimal, stable precipitation, characteristic of arid sub-
tropical climates. Atlantic moisture is blocked, and sum-
mer jet stream shifts with subtropical high-pressure systems
induce subsidence. NAO-driven cyclonic events are rare,

@ Springer
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with Saharan air masses dominating, consistent with ERAS
North African patterns (Wilks 2011; Hersbach et al. 2020;
Peel et al. 2007).

Cluster 5 (Purple, Eastern Inland Arid): Defined by the
Syrian Desert and Jordan Rift Valley, this cluster features
sparse, variable precipitation from infrequent convective
storms. Subtropical jet stream subsidence, Siberian High,
Azores High, and EA/WR teleconnections suppress mois-
ture, with rare cyclonic inputs adding nonlinearity, aligning
with ERAS desert studies (Liu et al. 2024a, b; Wang et al.
2023).

These patterns highlight the critical role of topography,
geography, and atmospheric dynamics in shaping precipi-
tation, with Haversine-based clustering validating ERAS-
based zonation insights.

Multifractal properties via MF-DFA fluctuation
functions

Figure 3 presents the ¢ — th order fluctuation functions
Fq (s) for Clusters 1-5, offering a detailed view of scale-
dependent multifractal properties in ERAS precipitation
time series. Plotted as logFq (s) versus log (s), with s rang-
ing from 3 to 120 months (seasonal to decadal scales) and
q from —15 to 15 (small to large fluctuations), these func-
tions are fitted between log (s) = 2.3 and 4.6 to estimate
the generalized Hurst exponent hg, as defined in Eqs. 5 and
6. The key observations from Fig. 3 for each cluster include:

Cluster 1 (Western Mediterranean Coastal and Moun-
tainous): Shows moderate multifractality with hq generally
decreasing from approximately 0.7 to 0.3 as ¢ increases.
The distinct spread of the fluctuation functions for varying
q values confirm the presence of multifractality, reflecting
complex dynamics driven by orographic and cyclonic vari-
ability (Hersbach et al. 2020; Wang et al. 2023).

Cluster 2 (Central Mediterranean and Balkan Semi-
Arid): Exhibits a wide range of hg, from approximately
0.5 down to 0.2, indicating a high degree of multifractality.
The fluctuation functions are notably spread out, suggesting
rich, scale-dependent variability even in semi-arid regimes
(Peel et al. 2007; Liu et al. 2024a, b).

Cluster 3 (Eastern Mediterranean Mountainous): Dis-
plays the highest degree of multifractality, with hq span-
ning from around 0.8 to 0.4. This wide range and spread in
fluctuation functions are consistent with the complex oro-
graphic dynamics and intense convective activity character-
istic of mountainous regions (Tessier et al. 1993; Zhang et
al. 2023).

Cluster 4 (Western Coastal Arid): Shows lower mul-
tifractality, with hq generally from 0.4 down to 0.1. The
fluctuation functions are more tightly grouped compared
to mountainous clusters, aligning with more stable arid
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conditions near the Sahara (Wilks 2011; Hersbach et al.
2020).

Cluster 5 (Eastern Inland Arid): Presents the lowest mul-
tifractality, with hg ranging from 0.3 to 0.1. The tightest
grouping of fluctuation functions reflects a simpler, more
uniform scaling behavior, characteristic of sparse, storm-
driven precipitation in desert interiors (Liu et al. 2024a, b).

Overall, the varying degrees of spread and slope in the
fluctuation functions across the clusters visually represent
their distinct multifractal characteristics. The multifractal
spectrum widths (Da), quantitatively derived from these
functions (as detailed in Table 1), range from 0.7960 (Clus-
ter 5) to 0.9159 (Cluster 2), with Cluster 3 (0.8544) showing
substantial complexity, validated by ERAS studies (Zhang
etal. 2023; Liu et al. 2024a, b).

Multifractal spectrum and nonlinearity via MF-DFA
and BDS tests

Figure 4 provides a comprehensive visualization of the mul-
tifractal properties, plotting the generalized Hurst exponent
( hq), mass exponent ( 7 ¢), and multifractal spectrum ( for )
across Clusters 1-5, highlighting the scale-dependent varia-
tions in precipitation dynamics. The interplay of Da and
BDS statistics, detailed in Table 1, delineates distinct cli-
matic signatures and confirms pervasive nonlinearity.

The generalized Hurst exponent ( hq) curves in Fig. 4
consistently show a decreasing trend with increasing ¢ for
all clusters, a defining characteristic of multifractality. This
indicates that small fluctuations (represented by negative
q) exhibit different scaling behaviors than large fluctua-
tions (positive ¢q). The specific range of hq for each clus-
ter, as well as the shape of the curve, visually aligns with
their respective Multifractal Spectrum Width ( Do ) values
presented in Table 1. For instance, Cluster 2 and Cluster 3
show a wider range of hq values, reflecting their higher
multifractality.

The mass exponent (7 ¢) curves in Fig. 4 are distinctly
nonlinear for all clusters, providing further evidence of their
multifractal nature. Deviations from a linear 7 g( which
would characterize monofractal systems) demonstrate that
the precipitation time series in these regions are composed
of interwoven scaling behaviors, rather than a single scaling
exponent.

The multifractal spectrum ( fa ) curves in Fig. 4 exhibit
characteristic inverted parabolic shapes, representing the
distribution of fractal dimensions present in the system. The
width of these spectra directly corresponds to the Multifrac-
tal Spectrum Width ( Da ), with wider spectra indicating
stronger multifractality. For example, Cluster 2 displays the
widest spectrum, reflecting its highest Da (0.9159), while
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Fig. 3 Combined MF-DFA Fluctuation Analysis for ERAS Precipita-
tion Clusters (1940-2024): This multi-panel figure displays the loga-
rithmic fluctuation function, logFq (s), against log(s) for g ranging
from — 15 to 15, for each of the five ERAS5 precipitation clusters. Red

Cluster 5 presents the narrowest, corresponding to its lowest
Da (10.7960).

Table 1 Compiles the precise numerical results from
the MF-DFA and BDS tests for each cluster, providing the
quantitative foundation for our interpretations:

Cluster 1 (Western Mediterranean Coastal and Moun-
tainous): Exhibiting a high multifractal spectrum width
(Da = 0.8996), this cluster demonstrates diverse local

Cluster 2 Fluctuation Function
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dashed lines at log (s) = 2.3 and 4.6 mark the fitting range, illus-
trating the scale-dependent multifractal properties across the diverse
precipitation regimes in the Mediterranean and Middle East

scaling behaviors and complex, scale-dependent precipita-
tion dynamics. The BDS Statistic of 53.5482 with a P-value
of 0 provides strong evidence of nonlinearity, suggesting a
deterministic chaotic component to the system, not merely
random noise.

Cluster 2 (Central Mediterranean and Balkan Semi-
Arid): With the highest Da (0.9159), this cluster shows
the richest tapestry of local singularities and heterogeneous

@ Springer
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Table 1 Summary of MF-DFA and BDS Test Results with Nonlinear Dynamical Systems Terminology for ERAS Precipitation Time Series Across
Five Clusters (1940-2024): This table summarizes the multifractal spectrum width (D« ), singularity exponent range (« Range), multifractal
spectrum dimension range ( fa Range), BDS statistics (evidence of nonlinearity), and P-value (significance of nonlinearity) for each cluster,
providing a concise overview of precipitation complexity and evidence of deterministic chaos within the precipitation dynamics

Cluster Multifractal ~ Singularity Exponent Multifractal Spec-  BDS Statistic P-value (Sig-
Spectrum Range (a Range) trum Dimension (Evidence of nificance of
Width Range ( fa Range) Nonlinearity) Nonlinearity)
(Do)

Cluster 1 (Western Mediterranean Coastal ~ 0.8996 0.1767-1.0748 -0.365-1.000 53.5482 0

and Mountainous)

Cluster 2 (Central Mediterranean and 0.9159 0.1756-1.0915 -0.365-1.000 52.4007 0

Balkan Semi-Arid)

Cluster 3 (Eastern Mediterranean 0.8544 0.1988-1.0532 -0.239-1.000 55.5719 0

Mountainous)

Cluster 4 (Western Coastal Arid) 0.8678 0.1926-1.0604 -0.183-1.000 38.1563 149 .10~318

Cluster 5 (Eastern Inland Arid) 0.7960 0.2240-1.0200 -0.197-1.000 33.4655 1.53-107245

Hurst Exponent

°
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Multifractal Spectrum

Mass Exponent

-10 [ 10

Cluster =e- Cluster 1 =o~ Cluster2 == Cluster3 =e= Cluster4 -o~ Cluster5

0.3

Cluster =o- Cluster 1 =#~ Cluster2 =#= Cluster3 ~#= Cluster4 == Cluster5

Fig. 4 Combined Multifractal Spectrum and Generalized Exponent
Plots for ERAS Precipitation Clusters (1940-2024): This figure inte-
grates the generalized Hurst exponent ( Hg), mass exponent (7 q),
and multifractal spectrum (fa ) for Clusters 1-5. Arranged vertically,

dynamics. The BDS Statistic of 52.4007 ( P — value =~ 0)
confirms very strong evidence of nonlinearity, implying sig-
nificant chaotic and feedback-driven processes despite its
semi-arid regime.

@ Springer

these plots illustrate the multifractal properties, scale-dependent vari-
ability, and the distribution of local scaling behaviors across the Medi-
terranean and Middle Eastern region, confirming the complex dynam-
ics of precipitation

Cluster 3 (Eastern Mediterranean Mountainous): This
cluster shows a high D« (0.8544), indicating substantial
scale-dependent variability driven by complex terrain-
atmosphere interactions. It registered the highest BDS Sta-
tistic (55.5719) with a P-value of 0, providing the strongest
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empirical evidence of a significant nonlinear or determinis-
tic chaotic structure within its precipitation dynamics.

Cluster 4 (Western Coastal Arid): Presenting a moder-
ate Da (0.8678), this cluster suggests more homogeneous
scaling behavior compared to mountainous regions yet
still exhibits scale-dependent features. The BDS Statistic
of 38.1563( P — value = 1.49 x 107318 ~ 0) confirms
strong evidence of nonlinearity, implying non-random, pos-
sibly chaotic, underlying dynamics in this arid zone.

Cluster 5 (Eastern Inland Arid): With the lowest
Da (0.7960), this cluster indicates a simpler, more uni-
form scaling behavior, likely due to sparse precipitation
events. Despite its aridity, the BDS Statistic of 33.4655
(P —value = 1.53 x 10724 ~ 0) still provides strong
evidence of nonlinearity, confirming that precipitation is
governed by complex, non-random atmospheric processes
with potentially chaotic components.

Integrated climatic and meteorological implications

The combined k-Medoids clustering, MF-DFA, and BDS
test results form a robust framework for understanding pre-
cipitation dynamics over the 1940-2024 period. As detailed
in Table 1 and further visualized in Figs. 3 and 4, Cluster
3’s high multifractality ( Da = 0.8544) and its highest
BDS statistic (55.5719) reflect dominant chaotic orographic
processes, which are amplified by atmospheric circulation
patterns. Conversely, arid zones (Clusters 2, 4, 5), while
showing simpler multifractal scaling (with Cluster 5 having
the lowest Da), consistently exhibit persistent nonlinear-
ity, indicative of sporadic extreme events driven by com-
plex atmospheric phenomena that defy linear predictability.
Coastal areas (Cluster 1) display intermediate complexity,
reflecting the mixed influence of marine moisture and active
weather systems. These findings collectively enhance our
understanding of the inherent complexity in regional pre-
cipitation, offering critical insights for improving climate
modeling, drought and flood forecasting, and water resource
management strategies in this climate-sensitive region (Peel
et al. 2007; Liu et al. 2024a, b; Wang et al. 2023; Rahmani
and Fattahi 2023).

Integrated climatic and meteorological implications

The combined k-Medoids clustering, MF-DFA, and BDS
test results form a robust framework for understanding pre-
cipitation dynamics over the 1940-2024 period. As detailed
in Table 1 and further visualized in Figs. 3 and 4, Cluster
3’s high multifractality ( Da = 0.8544) and its highest
BDS statistic (55.5719) reflect dominant chaotic orographic
processes, which are amplified by atmospheric circulation
patterns. Conversely, arid zones (Clusters 2, 4, 5), while

showing simpler multifractal scaling (with Cluster 5 having
the lowest Da), consistently exhibit persistent nonlinear-
ity, indicative of sporadic extreme events driven by com-
plex atmospheric phenomena that defy linear predictability.
Coastal areas (Cluster 1) display intermediate complexity,
reflecting the mixed influence of marine moisture and active
weather systems. These findings collectively enhance our
understanding of the inherent complexity in regional pre-
cipitation, offering critical insights for improving climate
modeling, drought and flood forecasting, and water resource
management strategies in this climate-sensitive region (Peel
et al. 2007; Liu et al. 2024a, b; Wang et al. 2023; Rahmani
and Fattahi 2023).

Discussion

The findings elucidated herein illuminate the multifaceted
and intricate nature of precipitation dynamics permeating
the Mediterranean and Middle Eastern region, unveiling a
rich tapestry of climatic, topographical, and atmospheric
influences that orchestrate regional variability over the
extensive temporal horizon of 1940-2024. The optimal
clustering at k& = 5, meticulously validated through Sil-
houette Score analysis (Fig. 1), unequivocally underscores
the efficacy of k-Medoids in delineating spatially coherent
zones. It is important to emphasize that this is a cluster-
ing approach, distinct from classification methods. While
classification relies on predefined rules and categories (e.g.,
K&ppen climate classification, which assigns climates based
on specific temperature and precipitation thresholds), our
clustering methodology operates without such a priori rules.
Instead, it uncovers inherent patterns and groups grid points
based on their natural similarity in precipitation characteris-
tics, driven by geographic features—such as orographic lift
in mountainous regions, rain shadows in semi-arid areas, and
arid subsidence in desert expanses—and atmospheric pro-
cesses, including jet streams, teleconnections, and cyclonic/
anticyclonic systems (Wang et al. 2023). This configura-
tion, grounded in statistical meteorology and validated by
the Silhouette Score, harmonizes with recent ERA5-based
studies on regional climate zonation, thereby fortifying the
scientific foundation of our spatial analysis and providing
directly observed, data-driven patterns relevant for climate
modeling and decision-making.

The “geometric” appearance of our clusters (Fig. 2)
reflects the large-scale, spatially coherent influence of
major physiographic features and dominant atmospheric
circulation patterns across the vast study area, rather than an
arbitrary partitioning. While a more granular classification
might offer localized detail, particularly for a country like
Tiirkiye, as suggested by Unal et al. (2003) in their work on
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redefining climate zones of Tiirkiye, our choice of five clus-
ters provides an optimal balance for capturing the dominant,
large-scale precipitation regimes relevant to understand-
ing multifractal and nonlinear dynamics over an extensive
region. Our approach seeks to identify robust, broad zones
that effectively represent the complex interplay of atmo-
spheric and topographic forcings, avoiding over-fragmen-
tation that could obscure larger climatic signals crucial for
regional planning and climate model validation.

The pronounced multifractality observed in mountainous
(Cluster 3) and semi-arid (Cluster 2) regions, juxtaposed
against the attenuated complexity in arid zones (Clusters 4,
5), as quantitatively detailed in Table 1 and visually sup-
ported by Figs. 3 and 4, poignantly highlights the preemi-
nent role of topography and moisture availability in shaping
precipitation scaling behaviors. Specifically, the apogee of
multifractality in Cluster 2 ( Do = 0.9159) and Cluster 3
(Da = 0.8544), coupled with their elevated nonlinearity
(BDS statistics of 52.4007 and 55.5719 respectively), cor-
roborates recent ERAS5-based investigations on precipita-
tion scaling. These findings underscore orographic lift,
convective feedbacks, and teleconnection-driven variability
as pivotal drivers, leading to rich, scale-dependent com-
plexity. In stark contrast, the diminished multifractality in
arid zones (Clusters 4, Da = 0.8678; 5, Da = 0.7960)
yet persistent and highly significant nonlinearity (BDS sta-
tistics of 38.1563 and 33.4655, respectively, with p-values
approaching zero), reveals the prevalence of sporadic, non-
linear extremes within stable, dry climates, aligning with
desert and subtropical climate studies (Peel et al. 2007).
Even in these seemingly simpler systems, the rejection of
the null hypothesis of linearity implies underlying determin-
istic chaotic behavior.

Nevertheless, the ubiquitous nonlinearity across all clus-
ters, as rigorously confirmed by BDS test outcomes (all
p-values in Table1 are effectively zero), intimates the
pervasive presence of underlying chaotic atmospheric pro-
cesses—encompassing cyclonic feedback, teleconnections
such as the NAO, MO, EA/WR, EA, AO, and Scandinavian
circulation (SCA), and convective dynamics—that funda-
mentally transcend linear modeling paradigms. This non-
linearity, particularly accentuated in mountainous regions
(Cluster 3, with the highest BDS statistic), resonates with
studies on orographic precipitation complexity. Moreover,
we have expanded our discussion to include the significant
roles of additional large-scale atmospheric patterns that
influence precipitation trends in the region. The AO, for
instance, affects the strength and location of the polar vor-
tex, impacting cold air outbreaks and storm tracks across
Eurasia and the Mediterranean (Gao et al. 2017). While the
East Atlantic (EA) pattern and the East Atlantic/West Rus-
sia (EA/WR) pattern share some spatial overlap, they are
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recognized as distinct and independent modes of variability
with unique pole placements and uncorrelated time series
when derived via methods such as Principal Component
Analysis. Both patterns play significant roles in modulating
precipitation, particularly in the western Mediterranean and
parts of Tiirkiye, through their influence on the North Atlan-
tic storm track and associated moisture fluxes (Lim 2015).
The North Sea—Caspian Pattern, as highlighted by Caglar
et al. (2023), further contributes to climate variability in
the Euro-Mediterranean region, offering a finer insight into
the complex teleconnections that drive precipitation. While
Yavuzsoy-Keven et al. (2024) discuss the impact of ENSO
indices, our focus remains on these prominent Northern
Hemisphere teleconnections which exhibit strong direct and
indirect effects on precipitation in our study area. The pat-
terns of precipitation variability in Tiirkiye, as detailed by
Unal et al. (2012), further underscore the intricate interplay
of these large-scale atmospheric patterns and local topog-
raphy, providing a valuable regional context for our find-
ings. The highly significant nonlinearity in eastern inland
arid regions (Cluster 5), despite its lowest multifractality,
necessitates further scrutiny. This strong evidence of deter-
ministic chaos, even in seemingly sparse precipitation, is
potentially attributable to the dynamics of unmodeled tele-
connections, the chaotic nature of extreme event generation,
or local-scale convective feedback mechanisms (Liu et al.
2024a, b). Such findings, robustly validated against ERAS
reanalysis, fundamentally challenge conventional linear
climate models, strongly advocating for nonlinear dynami-
cal systems frameworks to accurately capture the chaotic
essence of precipitation in this climatically sensitive region
(Brock et al. 1996).

Moreover, the scale-dependent variability, meticulously
captured by MF-DFA over the 10—-100-month range, eluci-
dates seasonal to decadal cycles, pivotal for discerning cli-
mate change impacts in the Mediterranean and Middle East.
The pronounced scaling complexity in mountainous and
semi-arid regions, juxtaposed against the simpler dynamics
in arid zones, reflects the synergistic interplay of topography,
upper air circulation, and teleconnections, as substantiated
by recent ERA5-based studies (Hersbach et al. 2020; Zhang
et al. 2023). However, potential biases in ERAS precipita-
tion estimates, particularly in data-sparse arid regions, war-
rant comparative analyses with alternative reanalysis (e.g.,
MERRA-2) or ground observations to refine these insights.

Consequently, these results harbor profound implications
for advancing climate modeling, drought and flood forecast-
ing, and water resource management, particularly under the
accelerating trajectory of climate change. The integration of
additional climatic variables—such as temperature, humid-
ity, and wind fields—could further elucidate teleconnec-
tion impacts, while high-resolution modeling could probe
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local-scale dynamics, enhancing regional climate projec-
tions (Peel et al. 2007; Wang et al. 2023). Comparative
studies with surrogate data or alternative nonlinearity tests
(e.g., surrogate BDS) could bolster the robustness of nonlin-
ear findings, addressing potential methodological artifacts
(Schertzer and Lovejoy 1987). Ultimately, these insights,
validated by ERAS reanalysis, inform policy frameworks
for regional sustainability, underscoring the urgency of
addressing meteorological perturbations in this climatically
sensitive region.

Conclusions

This exhaustive investigation of ERAS Reanalysis pre-
cipitation dynamics, spanning January 1940 to December
2024, across the Mediterranean and Middle Eastern region
(30° N —45° N, 10° E-45° E), meticulously delineates
five distinct climatic zones, optimized at k£ = 5 through Sil-
houette Score analysis, each characterized by unique multi-
fractal and nonlinear properties. The k-Medoids clustering,
underpinned by the Haversine distance metric, rigorously
delineates spatially coherent zones. Crucially, this cluster-
ing approach differs from classification methods by discov-
ering intrinsic patterns within the data rather than applying
predefined rules, providing a robust data-driven partitioning
relevant for climate modeling and decision-making. These
precipitation zones are primarily shaped by topographical
controls—such as orographic lift in mountainous regions
(Cluster 3), rain shadows in semi-arid zones (Cluster 2),
and arid subsidence in desert expanses (Clusters 4, 5)—
and complex atmospheric processes, including jet streams,
various teleconnections (e.g., NAO, MO, EA/WR, EA, AO,
SCA), and cyclonic/anticyclonic systems.

MF-DFA results, supported by Figs. 3 and 4, illuminate
multifractal spectrum widths (Da) ranging from 0.7960 in
eastern inland arid regions (Cluster 5) to 0.9159 in central
Mediterranean semi-arid zones (Cluster 2), as detailed in
Table 1. Mountainous regions (Cluster 3, Da = 0.8544)
manifest the highest complexity, reflecting scale-dependent
variability precipitated by orographic lift, seasonal convec-
tion, and cyclonic activity, modulated by the MO and sub-
tropical jet stream (Zhang et al. 2023; Liu et al. 2024a, b).
The Brock-Dechert-Scheinkman (BDS) test, conversely,
uniformly rejects the null hypothesis of linearity across
all clusters (p-values effectively zero, BDS statistics span-
ning 33.4655 — 55.5719, as shown in Table 1), thereby
confirming the pervasive prevalence of nonlinear dynam-
ics—encompassing chaotic feedback, teleconnections, and
extreme convective events—particularly pronounced in
mountainous and semi-arid areas. This strong evidence of

deterministic chaos highlights the need for advanced model-
ing approaches.

These findings, rigorously validated against ERAS
reanalysis, significantly enhance the comprehension of
regional precipitation variability, offering a scientifically
robust foundation for advancing climate modeling, drought
and flood forecasting, and water resource management
strategies under the aegis of escalating climate change. The
scale-dependent and nonlinear nature of precipitation, eluci-
dated through MF-DFA and BDS analyses, underscores the
pivotal role of topography, upper air circulation, and tele-
connections in shaping climatic regimes, thereby informing
regional climate projections and extreme event preparedness
(Peel et al. 2007; Wang et al. 2023). Moreover, the integra-
tion of these methodologies fortifies atmospheric science,
providing critical insights for regional sustainability and
meteorological research in a climatically sensitive region,
as validated by recent ERAS-based studies (Hersbach et al.
2020; Zhang et al. 2023).

Future research endeavors should incorporate additional
climatic variables—such as temperature, humidity, and wind
fields—to further elucidate teleconnection impacts, while
high-resolution modeling could probe local-scale dynam-
ics, enhancing the precision of regional climate projections
(Liu et al. 2024a, b). Comparative analyses with surrogate
data, alternative reanalysis (e.g., MERRA-2), or advanced
nonlinearity tests (e.g., surrogate BDS) could refine nonlin-
ear insights, addressing potential biases in ERAS precipita-
tion estimates. Furthermore, interdisciplinary applications,
encompassing hydrology, meteorology, and policy, could
leverage these findings to bolster water resource manage-
ment, drought mitigation, and disaster preparedness, thereby
fortifying regional resilience against climate change.
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