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ARTICLE INFO ABSTRACT
Keywords: Study region: A relatively large area covering east and west Asia, north Africa, and Europe.
Complex Network Study focus: This study examines the complex correlation patterns of high precipitation events in

Event Synchronization

Iran and the rest of the study region. For this purpose, the Complex Networks Theory is used to
Event Coincidence Analysis

find the links between high precipitation events in Iran and the rest of the study area with
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i o different time lags. The work pinpoints persistent teleconnection routes as well as changes in
igh Precipitation Events N A o

Iran these routes, possibly due to global warming. Monthly GPCP precipitation values from 1980 to

2019 are used in the analysis. Precipitation events exceeding the 70th percentile in each grid cell
are identified and analyzed across twenty-one annual sliding windows. The sliding windows
detect the effects of global climate change on the teleconnections of high precipitation events
with different lag times. Event Synchronization (ES) and Event Coincidence Analysis (EC) are
utilized as complementary methods for creating adjacency matrices. Network structures are also
delineated through clustering coefficient as well as betweenness centrality measures.

New hydrological insights for the region: The results of this study demonstrate that with a zero-time
lag, large-scale local precipitation clusters develop synchronously over both eastern and western
Iran. In contrast, when including a 2-3-month delay, precipitation clustering becomes dominant
in southeast Iran. Moreover, the betweenness centrality analysis indicates a shift in critical
moisture transition nodes. These nodes move from synchronous regions in southeast Iran and its
border with Pakistan toward delayed routes passing through northwest Iran, southern India, and
the Yemen-Saudi Arabian border. The combination of ES and lagged EC offers a dual approach for
identifying both synchronous and lagged precipitation teleconnections, thereby providing a
robust opportunity for the seasonal forecasting of high-precipitation events. Identifying zones
with high clustering and centrality across multiple temporal scales yields new insights for
developing effective early flood warning systems and effective mid-term water resources planning
and management.

1. Introduction

High precipitation events in arid and semi-arid regions such as Iran can result in flash floods, land degradation, and infrastructure
and crop land destruction (Katiraie-Boroujerdy et al., 2013). Even a short intense rain in dry regions may overwhelm drainage
infrastructure and increase rapid runoff, enhancing the risk of flooding (Khansalari et al., 2021). Climate change has also exacerbated
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these problems by changing precipitation regimes and increasing the frequency and intensity of extreme events and Iran has not been
an exception (Afsari et al., 2024). Climate change not only has affected water supply systems but also has complicated forecasting and
management of flood events.

High-precipitation events often exhibit long-range teleconnections, meaning precipitation anomalies in one region can significantly
influence processes in distant areas. For a country like Iran, understanding these spatial relationships is critical for improving pre-
diction reliability, guiding early warning systems, and enabling anticipatory water resource management. By accounting for both
localized and tele-connected processes, researchers can achieve a more integral understanding of high-precipitation events. This, in
turn, fosters enhanced preparedness and risk mitigation against flooding.

Significant impacts of climate change on Iran and the neighboring countries in the past and projections of the probable impacts in
the future have been previously studied by many researchers. The recent study by Babaeian et al. (2023) using CMIP6 climate models
confirms that the nation is currently undergoing an undeniable shift in its precipitation regime. Fakour et al. (2025) used
ECMWE-ERADS reanalysis precipitation data during 1941-2020 and detected a significant shift towards more intense and more frequent
high precipitation events in northwest Iran linked to global climate change. Using extreme precipitation indices developed by the
Expert Team on Climate Change Detection and Indices (ETCCDI), Fattahi et al. (2025) investigated the spatiotemporal patterns of
extreme rainfall at 38 synoptic stations across Iran (1990-2020). They found that all extreme indices experienced significant shifts,
primarily during 2000-2010. Mahbod and Rafiee (2021) and Chaparinia et al. (2025) studied the 1992-2022 period and reported a
contrasting declining trend in the frequency of extreme events (above the 90th and 95th percentiles) in northern and western regions of
Iran, particularly along the Caspian Sea shoreline.

Despite all the projections related to increasing trends of extreme precipitation events in most climatological stations in Iran,
available reports and research publications often suggest countrywide increasing dryness trends associate with global climate change.
As an example of the recent studies, Ghazi et al. (2025) provided projections based on CMIP6 models suggesting that percent of the
areas covered by BW (arid desert) and BS (semi-arid steppe) climate categories as classified by Koppen-Geigerdespite will increase in
Iran by the end of the century. The results necessitate better policies for managing and capturing flood surface runoff, which is critical
for mitigating the escalating water scarcity nationwide.

Over recent years, Complex Networks theory has proved effective in analyzing interrelations among climate indices (Tsonis et al.,
2006) and in identifying spatial correlations of climate variables (Yamasaki et al., 2008; Donges et al., 2009). One of the strong points
of complex networks is that they are not only able to represent direct relations between distinct regions but also can represent concrete
paths through which teleconnections propagate (Zhou et al., 2015). By using sliding windows, changing patterns of temporal vari-
ability are tracked and assessed relative to dynamic complex networks (Radebach et al., 2013; Boers et al., 2015b). Considering the
complex statistical properties of precipitation, studies making use of complex networks have been focused primarily on synchroni-
zations of strong and extreme precipitation episodes, sometimes using event synchronization as a surrogacy measure of similarity
(Malik et al., 2012; Boers et al., 2013; Boers et al., 2015a; Rheinwalt et al., 2016).

Researchers have used different methods for constructing climate networks, of which one of the most common, Event Synchro-
nization (ES), has been used in many applications. Although widespread in its applications, this approach, in its classic mode, only
deals with what happens simultaneously and ignores any possible time gap between events.

There have been a few studies in which climate networks were used to assess spatiotemporal variations and links between extreme
precipitation events. Thomas et al. (2024) combined multifractal analysis and climate networks to analyze patterns of synchronization
among extreme events on multiple time scales. They demonstrated that climate networks based on ES were able to capture and analyze
patterns of concurrent occurrences of extreme rain events in various spatial and temporal contexts. Vallejo-Bernal et al. (2023) used
complex network methods in conjunction with ES analysis to determine instances of strong rain across North America, revealing that
intense atmospheric rivers triggered sequences of extreme precipitations, first along western coasts, then extending towards eastern
regions following delays of up to 12 days. Similarly, Li et al. (2024) used ES-directed climate networks to identify 16 worldwide routes
along which extreme rain propagates. They correlated these routes to regional weather patterns, topography, and Rossby waves’
dynamics. Their analysis emphasized that their proposed methodology was able to reveal spatiotemporal rain patterns as well as
precipitation predictability in Andes and Appalachian regions. Liu et al. (2024) investigated spatiotemporal evolution of monsoonal
rain patterns in China’s eastern regions through a complex network approach. By establishing climate networks—from ES—dissimilar
connectivity patterns among rain regions were revealed, dictated by dynamic atmospheric interactions on a large scale. Their findings
emphasized the ability of network methods to reveal monsoonal precipitations generation mechanisms as well as interregional
linkages.

In summary, these studies confirmed that ES is a powerful tool for locating and analyzing patterns of propagation as well as
synchronization of extreme rain occurrences in various regions. Contrary to this, Event Coincidence (EC) analysis can be used to assess
coincidence between events, like ES but offering a more holistic consideration of time delays. Although being highly useful, there are
relatively few works on its utilization in constructing precipitation networks. Donges et al. (2016) examined statistical relationships
between various events using EC. The authors analyzed the temporal and spatial correlations between flood events and other related
events, creating models to study and predict the behavior of complex natural systems. Their research highlighted the benefits of
applying EC in non-stationary environments, its relevance in analyzing the cumulative impacts of climate variability, and anthro-
pogenic changes to ecological as well as societal systems globally. Wolf et al. (2021) offered a comparative evaluation of ES and EC in
developing functional networks from occurrences of heavy rain in South America. Both methods were applied using equivalent time
delays, operating in similar conditions to enable a fair comparison of spatial-temporal network configurations. The results suggested
that the adapted ES model was better suited to describe immediate versus extended synchrony, while EC was more successful in
outlining propagation paths of rain occurrences due to its ability to account for time delays. ES was therefore found to be more useful in
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analyzing synchrony without delay, while EC was found to be a better approach to study time-delayed relations in rain networks.

Several researchers have investigated variability in rainfall throughout Iran, but they have mostly focused on statistical associations
or large-scale weather regimes alone. They have not taken into account how high rainfall events are interlinked throughout time in
Iran. Previous studies hardly ever addressed how extreme rainfall events throughout dry regions such as Iran and its neighboring
countries are interlinked in both time and space, or how interlinkages are affected by climate change. Also, complex networks,
especially in the time-delayed mode, have not been used to find links between high precipitation events in Iran and its surrounding
areas. To address these gaps, this work investigates interlinkages of Iran’s heavy rainfall events with surrounding regions during the
past four decades. Concretely, this work will learn (i) how heavy rainfall events throughout Iran, as a dry region, are related to such
events in the rest of the study region, (ii) how interlinkages differ for events that occur concurrently and events that are lagged, and (iii)
how climate change has affected interlinkages throughout time.

This study utilizes ES (EC) to find simultaneous (lagged) interlinked high rainfall months in Iran and the rest of the study area.
Using ES and EC together allows for a better understanding of high precipitation behavior, showing both local patterns and tele-
connections. Combining these two methods over a large area that includes Iran, its neighboring countries and extends to Europe and
east Asia makes this study different than similar previously published studies. The proposed approach gives new information about
how high rainfall months are connected over time and space and provides valuable information for early warning systems and seasonal
water resources operation and management.

2. Study area and datasets
2.1. Study area

Geographically, Iran is in the southwest Asia between latitudes 25.06° and 38.47° N and longitudes 44.03° and 63.33° E. The
country is bordered by three major bodies of water: The Caspian Sea in the north, and the Persian Gulf and the Gulf of Oman in the
south. These aquatic bodies are major determiners of the climate of extensive areas of Iran, mostly by influencing evaporation pro-
cesses and the transport of moisture.

The prevailing climatic conditions in Iran are mostly arid and semi-arid, with an average annual precipitation of about 250 mm.
There is, however, considerable climatic diversity. For instance, average annual precipitation is characterized by extreme variations,
ranging from 55 to 1355 mm in different parts of the country. Regions bordering the Caspian Sea, as well as the north and northwestern
parts of Iran, tend to have greater amounts of precipitation on average. On the contrary, the southern, eastern, and central desert
regions receive the lowest annual amounts of precipitation (Ashraf et al., 2014). The interactions between localized climatic processes
and general atmospheric systems show the dynamics involved in the precipitation processes and considerable diversity of seasonal
patterns of rainfall across Iran (Javari, 2016).

The area covered in this study is within the dashed lines shown in Fig. 1.a. This region is selected because it is assumed that most
systems affecting precipitation patterns in Iran are also influential on the precipitation variations in some areas in the selected region.
The map of Iran’s provinces is also shown in Fig. 1.b.

From west, the study area includes the Mediterranean region because the Mediterranean precipitation system is one of the main
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Fig. 1. (a) Study area and (b) Provinces of Iran.
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sources of precipitation in the western and central parts of Iran. This system is important in maintaining the regional hydrological
balance and has significant impacts on the hydrological state of extensive areas in the west, northwest and southwest of Iran during all
seasons (Pourasghar et al., 2012; Heydarizad et al., 2018).

Precipitation in northern Iran is mainly controlled by frontal systems and by sea breezes on the northeast coastal part of the Caspian
Sea (Shestakova and Toropov, 2021). Monsoon systems originated over India and Indian ocean cause floodings in southeast of Iran.
Therefore, the eastern side of the study area is extended to include Indian subcontinent and India ocean. Floodings in southwest of Iran
are also influenced by synoptic systems over Red sea and Sudan (Mohammadi et al., 2022) and systems over Saudi Arabia Peninsula are
also linked to high precipitation events in south of Iran. Therefore, the study area is extended from southwest to cover Red sea and
Sudan and from south to cover Saudi Arabia Peninsula.

2.2. Datasets

The Global Precipitation Climatology Project (GPCP) dataset with spatial resolution of 2.5° x 2.5°, which merges ground and
satellite observations to create trustworthy global precipitation estimates, is used as the source of monthly precipitation in the present
study. GPCP data was utilized in this work due to the following reasons:

e GPCP contains land and ocean, which is extremely useful in this work and permits investigating the pattern shaped both over sea
and land.

e According to some studies, GPCP dataset is a reliable source of data when assessing seasonal precipitation patterns and for seasonal
and monthly climate studies and analyses (Masoodian & Keikhosravi Kiany, 2014).

We also examined other datasets, but given that the study area is relatively large, working with higher resolution datasets was
computationally challenging. Therefore, the moderate spatial resolution of GPCP (2.5° x 2.5°) offered us a practical balance between
capturing essential precipitation patterns and maintaining computational feasibility, making it the most suitable dataset for the
temporal and spatial scale of this study.

We used GPCP data in the period of 1980-2019 and selected the 70th percentile to determine high rain events. The reason for
choosing the 70th percentile in this study was that at higher percentages such as 90 %, which is also frequently used in similar studies,
very few links could be detected and it was not possible to assess the temporal changes in the links due to climate change.

3. Methodology

Fig. 2 shows a flowchart summarizing the study process. First, satellite-based precipitation data for the years 1980-2019 for the
study area shown in Fig. 1.a were downloaded. To improve the results, data points with a mean annual precipitation of below 80 mm,
which represent very arid regions, were omitted. In this study, 21 different 20-year sliding windows were considered to examine the
spatiotemporal stability of links between high precipitation events. For each one of the 21 sliding windows -(1980-1999),

Downloading satellite precipitation data
and building 21 20-year sliding windows

Calculation of high precipitation events for each sliding window |

/\

|Apply Event Synchronization (ES) | |App1y Event coincidence method (EC) |
Network analysis and estimation of clustering Network analysis and estimation of clustering
coefficient and betweenness centrality with ES coefficient and betweenness centrality with EC
(No time delay) (2-3 months delay)

= ==

Comparison of ES and EC results |

v

Identification of key regions having statistically correlated

precipitation events with those of Iran

Fig. 2. Flowchart of this study.
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(1981-2000), (1982-2001), ..., (2000-2019)- high precipitation events were identified, then a network was created, and the ES and
EC analyses were performed to examine temporal relationships between high precipitation events. In the ES approach, network
analysis was performed to estimate clustering coefficients and betweenness centrality without considering any time delay, whereas in
the EC approach, the same analysis was conducted with a time delay of 2-3 months. Subsequently, the results obtained from the ES and
EC methods were compared. Finally, key network areas for Iran and areas that had meaningful connections (between high precipi-
tation events) with Iran were identified. A description of the various methods and criteria used in the proposed methodology is
provided in the next sections.

3.1. Concept of Event Synchronization (ES)

ES is a non-linear measure used to assess correlations between time series characterized by events (Quiroga et al., 2002; Malik et al.,
2012; Agarwal et al., 2017). As mentioned in the previous section, the 70th percentile was considered in this study, to define high
precipitation events.

Considereventl (I=1, 2, ..., s;) occurs at time tin cell i (tli) and eventm (m=1, 2, ..., s;) happens at time t in cell j (t',',l). s;and sj refer
to the total number of events that have taken place in cells i and j, respectively. Eq. (1) can be used to compute the minimum temporal
difference between two consecutive events in cells i and j (Wolf et al., 2020):

= min{ty —6 -l b} )2 M

Here the total number of synchronized events with which the event in cell j happens after one in cell i has taken place is computed
(c(ilf)).The parameter Jy, as described in Eqgs. (2) and (3), represents the number of occurrences of an event happening first in cell i
before manifesting in cell j:

Si S

i) =D )

=1 m=1

To avoid counting repeating events in a given time interval, all event pairs are weighted as per the following methodology. It is
worth noting that the dynamical coincidence interval r;}m can also be bound from above, referred to as 7,,;,4x, Which is set to one month
in the no-lag time scenario.

1lifo <t —d <
Jy = %ift;' =4, ®
0.otherwise

The synchronization strength of events (Qy) between the cells i and j is calculated using Eq. (4):

_ c(lf) + ¢l 4
V55,

These calculated values are then normalized to the range of 0-1. The value of 1 in Q; implies that there is ideal synchronization
between two cells while that of 0 in Q; implies the non-existence of synchronization between cells. After synchronization strength
normalization among different cells, the next step involves the construction of a complex network. Any two cells are connected by a
link when normalized strength of synchronization is greater or equal to the predetermined threshold. According to the threshold value
defined, the adjacency matrix is constructed according to Eq. (5) where Qg is the threshold value which is 70 % in this study. The
resulting matrix is known as the adjacency matrix (A;):

. 0
Aij _ { l-lfQij > Qij (5)

Q

0.otherwise

In the ES, one of the main aims is to ensure exact synchronization in event timings in order to keep delays to the bare minimum.
Basic ES systems operate based on predetermined protocols of handling temporal synchronization, thus ensuring that the event
happens almost concurrently or with very minimal delay. These delays are dynamic between two events and are limited by an upper
bound. On the other hand, in the EC model, the perception of synchronized events is possible by considering constant delays. In this
model, events with gaps in between can still be classified as synchronized or nearly simultaneous. The main difference between ES and
EC is based on how one views time delays. ES is defined by the existence of local, dynamic time intervals that quantify the temporal
closeness between successive, related events. In Fig. 3a schematic illustration of ES is shown. EC uses global, fixed time interval known
as AT that may lead to a temporal gap between two concurrent events (7) that are classified as synchronized. Although it is possible to
apply a time gap in event synchronization, in general, this gap does not exist in its formula. However, this time gap is one of the main
parameters in the EC method. (Wolf et al., 2020).
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3.2. Concept of Event Coincidence (EC)

Similar to the ES, assume event[(I=1, 2, ..., s;) occurs at time tin cell iand eventm (m =1, 2, ..., 5;) happens at time t in cell j. s; and
sj refer to the total number of events that have taken place in cells i and j, respectively. EC analysis refers to the evaluation of coin-
cidental occurrences across different types of events. The hypothesis in question maintains that events of type j happen before those of
type i and that there may be the causal effect that occurrences of type j cause occurrences of type i. Additionally, by swapping the labels
of both types i and j, the case where occurrences of category i occur before occurrences of category j can also be examined (Wolf and
Donner, 2021).

Alagged coincidence is detected if the time-delayed event & —7 with 7 > 0 (as the variable representing temporal lag) and the event

th satisfy the following condition:

(—7)— ¢ <AT %)
It should be noted that the analysis of EC can also be done using coincidence intervals which are symmetric with respect to i-events,
thus avoiding the requirement that j-events must precede the occurrence of i-events. The discussion that follows introduces the concept
of the coincidence rate regarding one specific pair of event series.
To estimate the strength of statistical relationships between two time-significant types of occurrences, termed i and j, we define two
different types of coincidence rates that group j-type occurrences as antecedents or facilitators of occurrences of type i. Eq. (8) gives
precursor coincidence rate (Siegmund, 2018):

AT’[ ZG) ZloAT 77 t{n):| (8)

This measure quantifies the fraction of i-type events that are preceded by at least one j-type event. Here, ©(-) shows the Heaviside
function (here defined as ®(x)= 0 for x < 0 and ©(x)= 1 otherwise) and 1) the indicator function of the interval I (defined as 1jx) = 1
for xeI and 1y = 0 otherwise). The Heaviside function ©(-) is used to avoid duplicate counts of events. Eq. (9) gives the trigger
coincidence rate:

r(AT.7) Z@

Jj1

i=1

ZIOAT t -, )} )

This measure quantifies the fraction of j-type events that are followed by at least one resulting i-type event. Distinguishing between
the coincidence of precursor and trigger resulting event series allows one to integrate in the coincidence analysis framework an
essential idea of directionality. Also, the parameter 7 allows one to model lagged dependencies between event series with considerable
accuracy. In this method, similar to the ES method, a threshold is used to construct an adjacency matrix and complex network, which,
like the previous method, is assumed to be 70 %. In Fig. 4a schematic illustration of EC is shown. In this study, the values of  and AT
are considered to be 2 and 1 month, respectively. The selection of a 2-3-month lag period is based on empirical observation. The first
strong teleconnection links affecting precipitation in Iran consistently appeared at this delay in the initial sliding window analysis
(using a threshold of 0.7). Maintaining this lag allows for a focused investigation into the dynamics of moisture transport and the
timing of rainfall patterns across the country. This selection is further supported by Pakdaman et al. (2024) also endorsed this selection.

3.3. Network measurement

Any complex network has inherent topological characteristics defining its connectivity and doubtlessly its processes dynamics
going on it. Thus, network analysis, break-down, and merging are based on network indicators capable of revealing its most usual

i 4 thyy — tf
< b=t e Ll
Time series 7 >
tiy t bl
) ; i U
t,{n — t'fn 1 bins1 — tm
Time series J >
j J J
t;ln—l tm tm+1

Fig. 3. A schematic illustration of ES.
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Fig. 4. A schematic illustration of EC.

properties. Numerous metrics have been proposed to examine network characteristics. Following the related previous studies, this
research is focused on calculating clustering coefficient and betweenness centrality as two of the most fundamental measures in
network analysis (Boers et al., 2013; Jha and Sivakumar, 2017; Deepthiand Sivakumar, 2022; Singhal et al., 2023).

The clustering coefficient (CC;) for grid j represents the probability that two grid points connected to each other are also connected
to a third grid point. In graph theory, this concept describes the extent to which the neighbors of a node approximate a complete graph,
which is a graph in which all nodes are interconnected, also known as a clique.

Suppose that grid point j has k; links, meaning it is connected to k; other nodes. If these other nodes is also interconnected, the total
number of possible links among them is given by @ If the actual number of existing links is L;, the clustering coefficient can be
expressed as:

21,

6= k;(k; — 1)

10

The clustering coefficient of CCj lies between zero and one. If no neighbor of node j’s is interconnected, then CCj = 0. If CCj =1,
then node j’s all neighbor nodes, forming a complete graph, are interconnected. For scenarios in which clustering coefficient lies
between zero and one, CCj is a probability that two neighbors of a node are interconnected. If CCj = 0.5, for example, there is a 50 %
chance that two neighbors of any chosen node are interconnected. To define betweenness centrality, the definitions of path and
shortest path in the context of a network should be first explained. A path may be defined as a series of steps through the links that
comprise the network. The length of a path is in turn defined by the number of links that it includes. The shortest path between two
nodes, labeled as i and j, is defined as the path that includes the minimum number of links. This minimum path is often described as the
distance between nodes i and j. It is essential to note that there may be several minimum paths of the same length between any two
nodes (Posfai and Barabasi, 2016). Therefore, betweenness centrality may be defined as the sum of the proportion of the total number
of minimum paths that cross through a particular grid point and the number of minimum paths between the same pair of nodes:

o;(Lm)
o(lm)

BC = an

JAsAHEV

In Equation (11), ¢j (I, m) is the number of shortest paths between [ and m that pass through j. Physically, BC represents the in-
formation paths

4. Results
4.1. ES Results

The ES method evaluates simultaneous as well as synchronous precipitation variations in several areas ignoring time lags and gaps.
The use of this method is based on its capability in creating a network that allows precipitation interdependence in various areas to be
evaluated.

The results of the current study suggest important variations in the clustering coefficient in various regions of Iran. In central
provinces such as Isfahan and Fars, an important drop in the clustering coefficient in the consecutive sliding windows is found over
time, indicating weaker network interactions and loss of precipitation pattern stability in these regions. This drop is presumably
associated with climatic change as well as the decrease in synchronous precipitation occurrences in these provinces. The northern
region of Iran has also experienced decrease in clustering coefficient values (Fig. 5).

In contrast, Khorasan Razavi and Khorasan Shomali Provinces in northeast of Iran and western Iran had limited changes in the
clustering coefficient, indicating relative stability in precipitation patterns and network interactions in these areas. In these regions,
low variability and temporal stability of the clustering coefficient indicate the continuity and persistence of precipitation spatial
patterns and the conservation of correlation structures among neighboring precipitation points. The stability could also reflect the
absence of serious climatic changes in atmospheric circulation patterns during the study period. Such structural stability in the
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Fig. 5. Clustering coefficient for 21 sliding windows in the no-lag time scenario.
precipitation network makes precipitation behavior more predictable over the long term (Fig. 5).
In the analysis of the betweenness centrality of Iran’s network of precipitation, major alterations were observed in the role of

various points of precipitation over the passage of time. On the initial maps, regions such as Sistan & Baluchestan Province in southeast
have had large betweenness centrality presenting consistent connectedness of precipitation.

8
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The areas, predominantly in eastern Iran, played key roles in the network of precipitation and remained consistent over time. In the
recent maps, alterations in betweenness centrality were observed in numerous regions of Iran. Particularly, Khuzestan province in
southwest, which had an immense impact in the network of precipitation, presented a sharp fall in the betweenness centrality index.
This can be associated with high levels of direct and indirect (climate change) human impacts Nevertheless, Sistan & Baluchestan

1980_1999 1981 2000 1982 2001 1983 2002

1985_2004

1989 2008 1990_2009 1991 2010

1996_2015

0.08 0.10 0.12 0.15 0.18 0.20
Betweenness Centrality

Fig. 6. Betweenness centrality for 21 sliding windows in the no-time-delay scenario.
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Province in southeast has remained as a region with large betweenness centrality, with its network links remaining consistent over
time (Fig. 6).

Betweenness centrality patterns reflect the extent to which various regions can be intermediaries in the regional precipitation
network. Near the eastern border of Iran, the region of Pakistan registers consistently high betweenness centrality, presumably serving
as a conduit for monsoon moisture to southeastern Iran; therefore, a weakening or abrupt change in this region’s precipitation pattern
can significantly disrupt the precipitation connectivity of Iran. Accordingly, some areas around the Mediterranean region demonstrate
variability in betweenness centrality, reflecting that they can possibly impact the precipitation pattern in west of Iran, but the strength
and temporal consistency can be variable over time (Fig. 6).

The persistent precipitation connections among all 21 sliding windows with no time delay are demonstrated in Fig. 7. These
connections depict similar and consistent patterns of high precipitation events in Iran with those in other parts of the study area. Fig. 8
depicts two maps of major patterns of precipitation before and after 2000. Fig. 8.a depicts patterns existing prior to 2000 disappearing
after the year 2000. They demonstrate how synchronized high precipitation events before 2000 disappeared possibly due to climate
change or shifts in the atmospheric regimes. Fig. 8.b depicts patterns that were not present before 2000 but emerged later. It is worth
mentioning that the year 2000 was selected based on the previous studies indicating significant

hydroclimatic shifts in Iran around this year. As Mansouri Daneshvar et al. (2019) stated within 138-year records, the warmest
years in Iran have occurred since 2000.

4.2. EC results

This section examines the patterns of precipitation in Iran and surrounding regions by measuring events that are associated with
one another after a 2-3-month delay. Contrasted with the ES method that examines precipitation patterns occurring simultaneously,
this method examines how the timing of high precipitation events in a particular region can influence timing in other regions in the
future and therefore, it provides an opportunity for forecasting high precipitation periods. It is worth noting that, in this study, while
examining several delays, we generally concluded that a 2-3-month delay is the minimum delay at which connections can be analyzed
at a threshold of 70 %.

In Iran, particularly in the recent years in the southeastern area (Sistan & Baluchestan Province), high clustering coefficient can be
noticed. The high delayed clustering coefficient in the southeastern area in recent years indicates the presence of coherent spatio-
temporal precipitation clusters. In the neighboring areas, the clustering coefficient in Turkey initially remained high but decreased
gradually and then increased over time. These patterns exhibit climatic changes that have altered the connectivity of precipitation
among regions (Fig. 9).

As shown in Fig. 10, the betweenness centrality estimated for high precipitation events with a 2-3-month time lag highlights

XN — V=

I~

Fig. 7. Stable connections of high precipitation events in Iran in the no-lag time scenario over all sliding windows.
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(@ ()

Fig. 8. Comparison between (a) links that existed in all sliding windows before 2000 and disappeared afterwards and (b) links that existed only
after 2000 (based on ES analysis in the no-lag time scenario).

significant changes in the precipitation network that may influence Iran. In northwestern Iran, betweenness centrality values have
increased in the recent years, reflecting the growing importance of local pathways connecting precipitation clusters within the country.
Additionally, southern India exhibits consistently high betweenness centrality, suggesting a possible role in transmitting delayed
moisture toward Iran. Similarly, fluctuations in Saudi Arabia’s betweenness centrality indicate a potential contribution to moisture
transfer affecting

south and southwest of Iran. Given that high betweenness centrality in a region indicates the intermediary role of that region
between different areas with various precipitation patterns, changes in the points with high betweenness centrality in the delayed
scenario indicate changes in intermediary and vital points over time (Fig. 10).

The stable connections of Iran over 21 different time periods are shown in Fig. 11. These connections are associated with a 2-3-
month time lag, meaning that high precipitation events in Iran occurred 2-3 months after high precipitation events occurred in outside
regions shown in Fig. 11. Most of the detected connections are teleconnections spanning over thousands of kilometers. Most of the links
are with India, the Indian Ocean, the North Atlantic Ocean, and the Mediterranean Sea, highlighting the significant interconnections of
these regions with Iran’s high precipitation periods.

Fig. 12 illustrates the changes in precipitation connections between Iran and other regions over time. In Fig. 12.a, the connections
between high precipitation events in Iran and other regions that have consistently existed before the year 2000 are shown. In these
connections, high precipitation events in external locations occurred 2-3 months prior to those in Iran, indicating an opportunity for
long-lead forecasting. However, in Fig. 12.b, after 2000, these connections disappeared, which can be attributed to global climate
changes and their impact on spatiotemporal patterns of high precipitation events.

5. Discussion

The findings of this research identified that there is a decrease in clustering coefficient of central Iran in the no-delay case, possibly
reflecting disrupted synchronization of high-rainfall events because of the recent climatic variations and the growing irregularity of
rainfalls. This is consistent with previous studies showing that central and southern regions of Iran have experienced decreased rainfall
coherence along with increased variability (Fattahi et al., 2025). However, southeast Iran (specifically Sistan & Baluchestan Province)
retained relatively higher clustering and betweenness measures. Previous studies (Khoddam et al., 2015; Mahoutchi et al., 2023) have
emphasized on the influence of the monsoon systems originating from India on the precipitation of the Sistan & Baluchestan Province
which can also be interpreted as the higher connectivity of high precipitation events in this part of Iran and those of India and Indian
Ocean shown by the stable connections in Fig. 11. Since clustering and betweenness measures in the no lag scenario retained relatively
consistent in the study period, no significant change in the near future in the synchronized precipitation events between these two
regions is expected.

The high betweenness centrality values found over Saudi Arabia in the lagged case imply possible intermediary functions in the
transfer of atmospheric moisture and the control of delayed precipitation over south and southwest of Iran. This result agrees with the
previous studies showing probable moisture transfer from subtropical pressure belt from Saudi Arabia towards Iran (Lashkari and
Mohamadi, 2015). Such teleconnections, determined on the basis of EC analysis, suggest potential for development of prediction
models for high precipitation events over south of Iran with 2-3-month lead times.

Despite the robust methodological framework, a few limitations should be noted. The GPCP dataset (2.5° x2.5° resolution) may not
adequately capture localized precipitation variability, particularly over mountainous terrains such as the Zagros and Alborz ranges.
Additionally, the 1980-2019 period, though long, may not fully encompass multi-decadal variability or extreme events beyond this
window. Other drivers, such as local convective processes, Mediterranean moisture influx, or regional circulation patterns, might

11
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1981-2000 1982 2001 1983 2002

0.8

Clustering Coefficient
Fig. 9. Clustering coefficient for 21 sliding windows in a 2-3-month lag time scenario.
contribute to observed connections.
Some possible applications of key findings of this study are listed in Table 1 which can also be considered as subjects for future

studies. Together, ES and EC synthesis provides an integrated framework for development of early warning system for high precipi-
tation periods. This study demonstrated the relevance of methodological pluralism in climate studies and network analyses.
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0.03 0.05 0.08 0.10
Betweenness Centrality
Fig. 10. Betweenness centrality for 21 sliding windows in a 2-3-month delay scenario.

6. Conclusions

This study used synchronization (ES) and event coincidence analysis (EC) to investigate the spatiotemporal relationships of high
precipitation events in Iran and surrounding areas. Applying a 2-3-month lag revealed new patterns of delayed precipitation effects
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Fig. 12. Comparison between (a) links that existed in all sliding windows before 2000 and disappeared afterwards and (b) links that existed only
after 2000 (based on EC analysis in the 2-3-month lag time scenario).

that could not be detected by synchrony analysis.

Southeastern Iran often has high clustering and betweenness centrality when there is no delay, showing that it has strong local
synchronization of heavy rainfall events. In the 2-3-month lag scenario, northwestern Iran, southern India, and sometimes the
Yemen-Saudi Arabia border has shown high betweenness centrality. This suggests that these areas play an important role in moving
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Table 1
Some applications of key regions in the precipitation network.
Region Major findings Possible applications of the findings
Indian Ocean & Southern India High CC (EC) & High BC (EC)  Forecasting high precipitation months with 2-3-months lead time in southeast Iran
Turkey & Mediterranean Sea High CC (EC) Forecasting high precipitation months in west of Iran with 2-3-month lead time
Border of Yemen an Saudi Arabia ~ High BC (EC) Forecasting high precipitation months with 2-3-month lead time in south and southwest of
Iran

atmospheric moisture and affecting delayed heavy rainfall events in Iran.

The results obtained in this study provided useful implications for policymakers and the research community. Areas with high
clustering coefficient and betweenness centrality in time-lagged scenarios, such as the Indian Ocean and southern India, can be suitable
candidates for selecting points to predict high precipitation events in Iran with a lead time of 2-3 months. This is very important in
flood prevention, risk reduction, and water resources management.

Future studies could employ higher-resolution datasets and integrate regional climate model simulations to validate and extend
these network-based findings. Applying multi-scale temporal lags (e.g., seasonal or annual) and including additional climatic variables
like sea surface temperature, geopotential height, or soil moisture could provide deeper insight into the mechanisms governing
precipitation teleconnections. The stable connections identified here could be incorporated into predictive frameworks for flood
forecasting, drought preparedness, and climate resilience planning. Strengthening these analyses with finer spatial and temporal
granularity will enhance the predictive and operational value of network-based hydrological studies across arid and semi-arid regions.
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