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ABSTRACT

Synchronisation, the tendency of climatic events to occur simultaneously, can arise from small-scale and large-scale atmospheric
dynamics. Climate variables can be synchronised across broad spatial and temporal scales, manifesting as regional, continental
and global teleconnection patterns. In the study, we analysed spatiotemporal patterns of inland extreme precipitation events
(EPEs) and extreme sea surface temperature events (ESSTEs) in the Northern Hemisphere (0°N-60°N) to better understand their
connection. Using gridded monthly gauge- and interpolation-based datasets for precipitation and sea surface temperature from
1930 through 2020, we detected extreme events based on the 95th percentile threshold. We then quantified the synchronisation
between extreme events using the event synchronisation (ES) method and compared our findings to a null model distribution
to ensure that the identified links were non-random. Subsequently, we constructed EPE and ESSTE complex networks and
calculated key network metrics including degree centrality (k), mean geographic distance (MGD) and clustering coefficient (C).
Our results showed that the EPEs and ESSTEs exhibited non-monotonic trends over the past nine decades, with significant
increasing trends after 1980. Key EPE network hubs were detected in Mexico, the African Sahel and parts of Asia, while ESSTE
hubs appeared in the Atlantic Ocean near the UK and US borders, the Pacific Ocean close to East Asia and the Mediterranean
and Red Seas. Analyses of MGD and C revealed that the EPE network had larger MGDs and more intense local clustering in
continental areas (Sahel and East Asia), indicating that EPEs experience teleconnections within these locations even though they
also experience strong local associations. The findings of our EPE network contrast with those of our ESSTE network, which had
lower MGD values and close clustering within specific ocean basins, as expected due to localised ocean-atmosphere coupling.
Our findings suggest that the drivers for extreme climate events are complex and can lead to strong local and global connections.

1 | Introduction processes, among which tropical cyclones play a critical role.

Dare and McBride (2011) reported that 98.3% of tropical cy-
Extreme precipitation events (EPEs) in the Northern clones formed over sea surface temperatures (SSTs) above
Hemisphere are influenced by various climatic and atmospheric 25.5°C, emphasising the importance of oceanic warming in
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cyclone development. Rising SSTs enhance atmospheric mois-
ture through intensified evaporation, amplifying extreme
precipitation globally (Alexander et al. 2009; van der Ent and
Savenije 2013; O'Gorman 2015). As tropical cyclone activity
intensifies in a warming climate (Walsh et al. 2015; Knutson
et al. 2020), extreme weather events are expected to become
more frequent and severe (Kotz et al. 2022; Kunze 2021).
Understanding the spatiotemporal behaviour of these extremes
is therefore of great importance.

Extreme precipitation exhibits strong spatial and temporal
variability (Boers et al. 2019; Oladoja et al. 2025), which is fur-
ther intensified by anthropogenic warming (Trenberth 2011;
Marvel and Bonfils 2013). Numerous studies have demon-
strated positive relationships between SST and precipitation,
as the atmosphere's capacity to retain moisture increases with
temperature (Roxy 2013; Trenberth and Shea 2005; Fowler
et al. 2021). The IPCC (2023) AR6 highlights that global
warming has likely increased both the frequency and inten-
sity of EPEs since the mid-20th century. Regional studies have
reported similar trends, such as intensifying monsoon ex-
tremes in South Asia (Falga and Wang 2022) and strong SST-
precipitation coupling over tropical regions of the Northern
Hemisphere (Ekhtiari et al. 2021).

SST variability strongly modulates global precipitation. For in-
stance, El Nifio- and La Nifia-related SST anomalies affect rain-
fall and river discharge in regions such as Florida (Sun and
Furbish 1997) and South Texas (Murgulet et al. 2017), suggest-
ing that SST anomalies can act as precursors to EPEs. Numerous
studies have explored SST-precipitation relationships (Ting
and Wang 1997; Alexander et al. 2009; He et al. 2018; Yang and
Huang 2023), showing that SST patterns, particularly in the
Pacific, can influence continental rainfall and monsoon systems
(Singh 2001; Barros and Silvestri 2002). Using moisture tracking
algorithms, van der Ent and Savenije (2013) quantified ocean-
to-land moisture transport, confirming the critical role of SST in
modulating inland precipitation. In another study, Hatsuzuka
and Sato (2022) investigated the effect of SST on EPEs in North
Japan using large-ensemble simulations and showed that in
years with higher SSTs over the Sea of Japan, the increased at-
mospheric moisture could increase the extreme precipitation in
the inland area of Hokkaido, depending on weather patterns.
In another study, Kang et al. (2021) analysed an EPE in Korea
that occurred on 13 August 13 2012, with 430mm in less than
12h causing destructive landslides and devastating flash floods.
They noticed that the SST over the Yellow Sea was unusually
1°C higher than the 30-year average during that EPE. In another
study, Dong et al. (2018) addressed the role of SST on extreme
precipitation on the US West Coast during the winter season
(December-February). They found that Pacific SST patterns
could explain about 20% of the variance in West Coast extreme
precipitation, often tied to atmospheric rivers (ARs), narrow cor-
ridors of intense water vapour transport.

Recent analyses (e.g., Kumar et al. 2013; He et al. 2018) demon-
strate that SST-precipitation correlations are typically stronger
over oceans than land, where complex topography and land-
atmosphere feedbacks weaken linear relationships. Tropical
monsoon rainfall, for example, is particularly sensitive to local
SST anomalies (Roxy 2013). Observational records further

indicate upward trends in precipitation and SSTs: land precipi-
tation in the Northern Hemisphere has increased by 1.2%-1.8%
per decade since the 1950s (IPCC SR15), while global extra-
polar SSTs have warmed by about 0.20°C per decade (Lindsey
and Dahlman 2025). These trends have contributed to a
growing frequency of EPEs worldwide (Groisman et al. 2005;
Rummukainen 2012).

Traditional statistical approaches, such as empirical orthogo-
nal function (EOF) analysis, have been widely used to exam-
ine spatiotemporal variations in climatic variables (Hannachi
et al. 2009), but they often struggle to capture nonlinear and
propagating features. In contrast, complex network theory
provides an effective framework to analyse large-scale climate
systems and their teleconnections (Boers et al. 2014; Ludescher
et al. 2021; Fan et al. 2021). Network-based analyses have un-
covered major climate patterns, including El Nifio/Southern
Oscillation (ENSO), Pacific Decadal Oscillation (PDO) and
Indian Ocean Dipole (IOD), as well as long-range telecon-
nections that are not easily detectable by correlation or EOF
methods (Agarwal et al. 2019; Boers et al. 2019). These studies
demonstrate the potential of complex networks for identifying
synchronisation, propagation and predictability in climate sys-
tems. For example, Ludescher et al. (2021) successfully applied
complex network analysis to forecast events such as El Nifio epi-
sodes, Amazon droughts and Indian monsoon extremes.

Despite recent advances, many aspects of ocean-atmosphere
coupling, particularly those involving extreme SST variations
and their influence on precipitation extremes, remain poorly
understood. Ekhtiari et al. (2019, 2021) analysed coupled SST-
precipitation networks at the global scale, but their focus in-
cluded all events rather than extremes, and their datasets were
limited in spatial and temporal resolution. Similarly, although
numerous studies have independently investigated SST (Novi
et al. 2021; Zhao et al. 2023) and precipitation (Boers et al. 2019;
Gupta et al. 2022) networks, most prior SST-related research
has emphasised all events (e.g., Ekhtiari et al. 2019, 2021) rather
than extremes and has often relied on lower-resolution datasets
and shorter temporal coverage. Moreover, spatiotemporal anal-
ysis of extreme SSTs using complex network theory has been
very limited, with Benedetti-Cecchi (2021) examining marine
heatwaves using daily SST data and network theory to identify
synchronisation and tipping points, but considering only SST.
Together, these gaps underscore the need to explore extreme
SST and precipitation events jointly.

Understanding the spatiotemporal relationships between EPEs
and extreme sea surface temperature events (ESSTEs) is cru-
cial because extremes in oceanic and atmospheric systems are
often interlinked through large-scale teleconnection patterns.
Identifying these relationships can improve our understanding
of how extreme SST anomalies influence or synchronise with
extreme precipitation across regions, thereby offering insights
into the mechanisms driving compound and cascading climatic
hazards. Building on this motivation, the main objectives of this
study are to: (1) uncover spatiotemporal relationships of EPEs
and ESSTEs; (2) demonstrate the capability of complex network
theory to identify synchronisation structures; and (3) integrate
our findings into a broader climatological framework, particu-
larly in the context of atmospheric teleconnections and hubs.
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2 | Materials and Methods
2.1 | Data

The monthly SST data used in this study were collected from
Berkeley Earth's Global Gridded Temperature database, which
consists of approximately 16,000 grids (known as nodes within
complex network theory) globally, with a resolution of 1°x1°
and a temporal range of 1850-2020. The monthly precipitation
data were collected from the Global Precipitation Climatology
Center (GPCC) database and include data from 1891 to 2020
with a 1°x1° resolution. These two databases were selected
because they share overlapping time frames, spatial resolution
(1°x1°) and monthly reporting frequency. Our pre-processing
analyses showed large amounts of either incomplete or unreli-
able data in the interpolated monthly precipitation data before
1930. Certain data were missing for multiple years, or repeated
interpolated data that were shared from node to node over large
spatiotemporal extents. Thus, the data were trimmed to the
years 1930 through 2020, which time span held more reliable
data. After pre-processing, we ended with 8516 and 13,083 grid
points for the precipitation and SST networks, respectively, in
the Northern Hemisphere.

Flooding in coastal areas in the United States and China occurs
during the hurricane/typhoon season. Based on NOAA's Tropical
Cyclone Climatology report (https://www.nhc.noaa.gov/climo/),
most hurricanes in the Northern Hemisphere happen from June
to November. Paprotny et al. (2018) analysed flood events that oc-
curred across Europe between 1870 and 2016 using the HANZE
database, which includes records of flash, river and coastal
floods (see their fig. 2). In southern Europe, flash floods were the
dominant flood events, with peak occurrences observed between
September and November. In contrast, central and western
Europe experienced a higher frequency of river floods compared
to flash floods, with associated flood losses predominantly con-
centrated between June and August. We, therefore, analysed the
precipitation and SST data from June to November (hereafter
JJASON) and restricted our data analysis to this 6-month period.

2.2 | Extreme Precipitation and SST Events

There are various methods, such as extreme value theory
(Buishand 1989), to identify extreme events in time series.
However, for the sake of simplicity, we applied the threshold
approach. More specifically, we assumed that precipitation and
SST events with values above the 95th percentile for all months
were extremes at each node. Using the 95th percentile threshold,
we constructed the extreme precipitation and SST events (EPEs
and ESSTESs) series composed of zeros and ones representing
non-extreme and extreme events, respectively. This is because
our focus was on the number of extreme events and their syn-
chronisations, not their magnitudes.

2.3 | Complex Network Theory

We constructed climate networks in which nodes represented
geographic locations (or grid points) and were connected to each
other via links (also known as edges). In the following sections,

we explain how the similarities between any two extreme event
series were determined and how the similarity and adjacency
matrices were created.

2.3.1 | Event Synchronisation (ES)

To calculate the level of similarity between two extreme event
series and measure the synchronisation of extreme events be-
tween the nodes, we used the ES method (Quiroga et al. 2002).
The degree of similarity between any pair of grid points was com-
puted by counting the number of synchronised events for each
pair and using the time delay Aiﬂ,n that meets the condition of

|A’,;Ln <1, ,and |A’,;’l’n < Tmax A pand 7,3, are defined as
j 4 _ 4l
Am,n - tn tm (1)
ij _— = Ll Ll JJ JJ
Tm,n - 2 X min {Am,m—l’ Am,m+1’ An,n—l’ An,n-%—l } (2)

where ri‘,{,n is the local time scale, which may change depend-

ing on extreme events. Within the ES method, 7z, constrains
Ai‘,{,n to maintain realistic synchronisation between events (Boers
et al. 2014). We set 7, =0 to analyse the EPEs and ESSTEs oc-
curring within the same month in the Northern Hemisphere.
Using the ES values, the similarity matrix containing the degree
of synchronisation among the nodes was then created.

Equations (1) and (2) are general formulations that define the ES
metric and are not dependent on the temporal resolution of the
data. Whether the input data are at daily or monthly resolution,
these equations remain valid, as they describe the synchronisa-
tion between events irrespective of the specific time step used.

2.3.2 | Adjacency Matrix

To establish statistically meaningful links among the nodes and
accurately compute the adjacency matrix composed of zeros (no
links) and ones (representing links), we used a null-model dis-
tribution. To minimise the bias associated with random links,
we shuffled each extreme event series 1000 times and then cal-
culated the ES value via the ES method. Next, the distribution
of the calculated ES values was analysed at each node. For this
purpose, we determined the 99.5th percentile threshold for each
pair of nodes and computed the corresponding ES value, that is,
ES’ If the ES value determined based on the original (un-

shltlhfrtelsgd) extreme event series was greater than the Esgmh, then
a link was established between those two nodes and the corre-
sponding element in the adjacency matrix was set equal to one.
This approach was used to maintain quality control and establish
only connections not caused by coincidence or by inherent biases

caused by event rate differences in the nodes time series.

2.4 | Network Measures

In this section, we briefly describe several network measures,
that is, degree centrality (k), mean geographical distance (MGD)
and clustering coefficient (C), commonly used in the com-
plex network literature (Donges et al. 2009; Jamali et al. 2023;
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https://www.nhc.noaa.gov/climo/

Feldhoff et al. 2014), and explain how we use them to analyse
the spatiotemporal patterns of the EPEs and ESSTEs.

2.41 | Degree

The degree of node i (k;) represents the number of connections
that it has with other nodes. In other words, k; indicates the mag-
nitude of connectivity. This metric measures the importance of
a node within the network structure. Specifically, in our con-
text, it reflects the level of association between extreme events
occurring at a particular node and those at other nodes. To gain
insights into the propagation dynamics within the constructed
networks, we calculated k; as follows:

N
k; = Z =1 Agj) 3

where N represents the total number of nodes in the network. In
Equation (3), A ; denotes an entry of the adjacency matrix—equal
to1ifnodesiandjare connected (i.e., their extreme events are syn-
chronised), and 0 otherwise—such that the sum is a count of how
many significant associations node i has. Nodes with high degrees
are called hubs. In climate networks, nodes with high degrees rep-
resent important locations for propagation or teleconnection.

2.4.2 | MGD

The MGD quantifies the average spatial separation between
a node and its connected neighbours. This metric assesses
whether a node's extreme patterns are more closely aligned with
nearby regions or with distant areas. A higher MGD suggests
that the node is involved in teleconnections, long-distance cli-
mate interactions, while a lower MGD indicates influence con-
fined to local geographic regions. The MGD is given by

n
1
MGD; = 1= ¥ DypAq @
ij=1

where Dy ;, is the geographic distance between nodes i and j and
A j denotes the set of neighbours of node i. We used the MGD,
along with our other network measures, to determine the locali-
ties of influence among the nodes.

2.4.3 | Clustering Coefficient

The clustering coefficient (C;) provides insights into the extent to
which neighbours of a specific node are interconnected, offering
a measure of local link density. It measures how many nodes
that share links with a specified node are connected. The value
of C; is determined as follows:

2L,

Tl Y

where L; is the number of links among k neighbours of node i.
The C; ranges between 0, indicating no connections among the

neighbours of node i, and 1, signifying that all neighbours of node
i are interconnected. C; may be used as a measure of spatial co-
herency for the occurrence of our ESSTEs and EPEs. C; values
approaching 0 in a location are interpreted as having low spatial
coherency, meaning any event which occurs at a given node would
likely not have a significant effect on the surrounding nodes.
Conversely, a high C; approaching the value of 1 is interpreted as
having a high degree of spatial coherency and means that local
events are likely to have some influence on connected nodes.

2.5 | Spatial Boundary Effect

At spatial scales smaller than the global (e.g., national, continental
or semi-global), the accuracy of climate networks can be affected
by boundary limitations. Nodes located near the edges of the study
domain may have potential physical or climatic connections with
nodes outside the defined boundary; however, such connections
are not captured in the network due to the imposed spatial lim-
its of the study area. For example, in our analysis, nodes situated
near the equator could have real-world connections to nodes in
the Southern Hemisphere, but these cross-boundary links are
excluded, which may bias the characterisation of our ESSTE and
EPE networks. To minimise such boundary effects, we applied a
surrogate-based method proposed and successfully evaluated by
Rheinwalt et al. (2012). This approach involves correcting network
measures by normalising each node's value against the expected
value obtained from surrogate networks. In this context, surrogate
networks are randomised versions of the original network that
preserve its overall structure (e.g., the number of nodes and links)
but randomise the associated values or weights.

We generated an ensemble of 1000 surrogate networks by
maintaining the original network topology while shuffling its
values. For each grid point i, we then calculated the arithmetic
mean of each network measure across the ensemble, denoted
as (Mr). The corrected measure was then obtained by sub-
tracting this surrogate average from the original value, that is,
as follows:

M =M, — (M®"). Finally, to enable consistent comparison
across all grid points, the corrected measures were rescaled
using min-max normalisation to map their values onto the in-
terval [0,1]. This procedure effectively reduces biases associated
with boundary effects and provides a more accurate representa-
tion of node-level dynamics within the network.

3 | Results and Discussion

In this section, we present the results of the synchronisation of
EPEs and ESSTEs in the Northern Hemisphere. We also discuss
the mechanisms that drive continental and global-scale syn-
chronisation among EPEs and ESSTE:s.

3.1 | Precipitation and SST Data Analyses
The spatial distribution of the average monthly precipitation

and SST as well as their 95th percentiles are shown in Figure 1
for the JJASON. As shown in Figure 1a,b, in general, the results
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Mean Precipitation and SST (1930-2020)
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FIGURE1 | (a) Average monthly precipitation and SST (top) and (b) the 95th percentile for precipitation and SST (bottom) within the Northern

Hemisphere for the data from 1930 to 2020.

are consistent with previous studies that reported similarities
between mean and 95th percentile maps for various climate
networks (Jamali et al. 2023; Oladoja et al. 2025; Bosikun
et al. 2025). Figure 1b shows regions with the highest thresholds
for the SST (i.e., 95th percentiles exceeding 27.5°C) including
the Gulf of Mexico, the western Atlantic Ocean adjacent to the
US southeast, the Red Sea, Gulf of Aden, Persian Gulf, Gulf of
Oman, Bay of Bengal South China Sea and the Philippine Sea
in the western Pacific Ocean near southeastern China. These re-
gions correspond to common pathways of tropical cyclones and
hurricanes in the Northern Hemisphere, generally occurring
between 5°N and 30°N, as reported by the National Hurricane
Center (https://www.nhc.noaa.gov/climo/). More specifically,
Atlantic hurricanes predominantly develop and propagate across
the Atlantic Ocean, the Caribbean Sea and the Gulf of Mexico
(Garner et al. 2021).

Regions with 95th percentiles exceeding 27.5°C (Figure 1b)
satisfy the minimum requirement for tropical cyclone forma-
tion. Dare and McBride (2011) collected 6-hourly data from the
National Oceanic and Atmospheric Administration/National
Climatic Data Center (NOAA/NCDC) SST dataset and anal-
ysed all tropical cyclone formations within 35° latitude of the

equator during the period 1981-2008. Their results showed
that 98.3% of tropical cyclones formed at SST values exceed-
ing 25.5°C, indicating a robust empirical threshold for cyclone
genesis. They also found that this temperature threshold was
not sensitive to the specific maximum wind speed criterion
used to define formation. However, it is notably influenced
by short-term SST fluctuations occurring during the develop-
ment phase.

Figure 1b also presents the spatial distribution of the 95th
percentile of monthly precipitation. Regions exhibiting the
highest thresholds (exceeding 450mm) include southern and
southeastern US, southern Mexico, northern portions of South
America and several West African countries, that is, Senegal,
Gambia, Guinea, Sierra Leone, Liberia and Nigeria. In Asia,
areas with similarly high precipitation thresholds encompass
the Himalayan region, eastern India, Bangladesh, Vietnam and
northern Malaysia. The exceptionally high monthly precipita-
tion thresholds in these regions are strongly associated with the
timing and dynamics of seasonal monsoons (Kane 1999; Malik
et al. 2010; Boers et al. 2013; Cui et al. 2019; Strnad et al. 2025)
as well as tropical cyclones and hurricanes (Terry and Kim 2015;
Mullens 2021).
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FIGURE 3 | Node-based trends in the (a) EPEs and (b) ESSTEs within the study area of 0°N-60°N and using the linear trend for the years 1980-
2020. Blue dots represent a statistically significant increase in trend, while the orange dots denote the opposite. Grey dots represent no significant

change.

percentage of EPEs. Our ESSTE results (Figure 2b) align with
recent findings from the Copernicus Climate Change Service
(Copernicus Climate Change Service 2023), which reported
record-breaking SST anomalies in the North Atlantic that have
contributed to extreme marine heatwaves in recent years. These
increasing ESSTEs reflect broader trends of rising ocean tem-
peratures, which may influence the frequency and intensity of
EPEs. We should also note that the trend of global mean surface
temperature was not monotonic in the 20th century: it increased
from the early 1900s to the 1940s, declined slightly during the
mid-century, and then rose sharply from the mid-1970s onward
(Thompson et al. 2010).

To detect which regions in the Northern Hemisphere have been
significantly impacted by extreme events over time, we further
analysed the number of extreme events at each node and their
trends via linear regression. For this purpose, we plotted the
number of extreme events against the year, fit a linear regression
to the data from 1980 to 2020 at each node and then investigated
whether the slope was significantly positive or negative at the 5%
significance level.

Results for the EPEs are presented in Figure 3a in which nodes
with statistically significant positive slopes are shown via the
blue dots, while those with statistically significant negative
slopes are shown via the orange dots. The black dots represent
the nodes with statistically non-significant (zero) slopes. Blue
dots in Figure 3a refer to some regions in Russia, western China,
Pakistan, Afghanistan, Saudi Arabia, Iran, Turkey and in Asia,
Niger, Mali, Ethiopia and Somalia in Africa, Ukraine and Spain
in Europe, Mexico, Texas (USA) and North and North East of
Canada in North America. The results of our statistical analy-
sis shown in Figure 3a are consistent with some recent severe
floods around the world, such as Pakistan (Shehzad 2023), Texas
(Green et al. 2025) and western China (Wang et al. 2025). For

instance, Zittis et al. (2022) argued that extreme precipitation
and flood events in the Middle East are because greenhouse
gas emissions in this region are rising rapidly and exceeding
those of the European Union. They noticed that the region has
experienced accelerated warming compared to other inhabited
areas, particularly in recent decades, with an average increase
of approximately 0.45°C per decade. Additionally, evident shifts
in the hydrological cycle and increasing occurrences of extreme
weather events pose major societal challenges, including more
intense rainfall events capable of triggering flash floods (Zittis
et al. 2022).

As shown in Figure 3b, numerous regions in the seas and oceans
in the Northern Hemisphere have significantly positive increas-
ing trends in the number of ESSTEs, particularly in the Pacific
Ocean, Indian Ocean and Atlantic Ocean. Our results are in ac-
cord with those reported by Merchant et al. (2025), who found
that the global mean SST increased from 0.06 K per decade during
1985-1989 to 0.27K per decade between 2019 and 2023, which
indicates a more than fourfold acceleration in ocean warming.

There is strong evidence showing that across various temporal
scales extreme SST anomalies in the oceans can trigger extreme
inland precipitation events through mechanisms involving
moisture transport, teleconnections, and altered atmospheric
circulation. Various studies show that Atlantic SST anomalies
are one of the most important mechanisms for precipitation
and extreme precipitation in Eurasia (Bothe et al. 2011; Zhang
et al. 2020).

3.3 | Network Measures

In the following sections, we present the results of complex net-
work theory and more specifically, network measures obtained
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the same for both, ranging from 0 to 1.

by analysing the EPEs and ESSTEs within the Northern
Hemisphere during the defined months of JJASON. Recall
that all network measures were adjusted to account for spatial
boundary effects, subsequently normalised and rescaled to the
interval [0,1]. Moreover, 7,,,, Was set to 0, implying that the anal-
ysis focused exclusively on extreme events occurring synchro-
nously within the same month. Therefore, those synchronous
events that happened at greater time scales (i.e., more than a
month) were not analysed in this study.

3.3.1 | Degree

The quantity k is a fundamental measure that quantifies the
importance of a node based on the number of its direct con-
nections to other nodes in a network. A node with high degree
has many direct connections (known as hub or super node),
while a node with low degree has few connections and there-
fore is isolated.

Figure 4 presents the degree values for both the EPE and ESSTE
networks constructed using 7, = 0. Ascan be seen, high degree
values are observed in both networks. Recall that regions with
high degrees (known as hubs) indicate locations where EPEs or
ESSTESs occur synchronously with many other locations.

Hubs within the EPE network include northwestern Mexico, US
West Coast, the southwestern coast of India, central to eastern
China and Mongolia, as well as some regions in southeastern
Russia and northern Kazakhstan. We also observed high k val-
ues in the African Sahel, a semiarid region extending from the
Atlantic Ocean to the Red Sea, encompassing countries such as
Senegal, Mali, Niger, Chad and Sudan. This region, acting as a
transitional zone between the Sahara Desert and more fertile
savannas, is characterised by a harsh climate with seasonal
rainfall and sparse vegetation. The Sahel is remarkably dry and
arid, where minimal precipitation is evenly distributed across
vast continental areas with rare small-scale extreme events. The
low precipitation gradient here leads to high connectivity across
large spatial scales. Hubs detected in the Sahel (Figure 4) are

consistent with those reported by Scarsoglio et al. (2013), who
used monthly precipitation data from 1941 to 2020 in the GPCC
database. More specifically, they constructed the complex net-
work using the precipitation data (not extreme values) and re-
ported high degrees in Sahel, eastern Australia and northern
Europe (see their fig. 2).

The African Sahel is close to the equator, the lower boundary
in our study. Our results, however, are consistent with those of
Scarsoglio et al. (2013) who analysed the precipitation data at
the global scale. This clearly shows that the spatial boundary
effects were minimised in our study. This means that the ap-
proach developed by Rheinwalt et al. (2012) was effective and
accurate for our case.

Figure 4 also shows the hubs in the ESSTEs network detected
in the Atlantic and Pacific Oceans between 30°N and 60°N.
More specifically, we observed hubs off the eastern coast of the
United States, surrounding the United Kingdom, in the Baltic
Sea, in the Mediterranean and Red Seas, the Sea of Japan, the
East China Sea and the Sea of Okhotsk. Climatologically, the
high k values in regions like northwestern Mexico, the south-
western coast of India, north-northeastern China and Mongolia
likely result from orographic effects and monsoonal dynam-
ics. Orography enhances localised convection and, together
with large-scale atmospheric flows, modulates teleconnections
(Adam et al. 2006; Shige and Kummerow 2016). In Africa,
the extensive band of high k values suggests that the African
Easterly Jet and associated regional teleconnections (e.g., ENSO
and IOD) are key drivers of synchronous precipitation extremes
(Nicholson 2013). Along the eastern coast of the United States,
the United Kingdom and adjacent seas, high k hubs coincide
with major oceanic boundary current systems such as the Gulf
Stream and Kuroshio Current, which anchor persistent SST
anomalies and influence teleconnections (Deser et al. 2010;
NOAA Climate.gov).

Mondal et al. (2020) and Jamali et al. (2023) analysed daily
precipitation data, constructed EPE networks and reported
hubs in the northeastern and northern parts of the CONUS for
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FIGURE5 | Mean geographical distance (MGD) histogram for the (a) EPE and (b) ESSTE networks.

June-July-August. Here, however, we did not detect any hub in
such regions of the United States. This might be because our net-
work was constructed based on monthly precipitation data and
associated extreme values, while both Mondal et al. (2020) and
Jamali et al. (2023) analysed daily-based data. This also means
EPEs in northeastern and northern CONUS are probably syn-
chronised at shorter time scales (daily instead of monthly).

A distinguishing feature of this study is its focus on ESSTEs
rather than on general SST variability, which has been the pri-
mary emphasis of most prior studies. For example, Tantet and
Dijkstra (2014) constructed a climate network from monthly
SST anomalies in the HadISST dataset (1870-2011) at 2° resolu-
tion, analysing all fluctuations rather than specifically extreme
events. Their network, built using Pearson correlation, covered
grid points from 50°S to 80°N (6280 points) and identified hubs
in the Indian Ocean (particularly South Asia), across the equa-
torial Pacific and along the Pacific coast of North America (see
their fig. 1). Notably, in contrast to our findings, their SST-based
network shows only moderate to weak hubs in several regions
where we detect strong ESSTE hubs, except for East Asia, where
both studies show similar patterns. These differences likely
reflect both the definition of events (extremes versus monthly
variability) and the distinct correlation approaches employed
(linear versus nonlinear). For instance, regions characterised
by frequent but moderate SST fluctuations may appear as hubs
in SST-anomaly networks but not when only extreme anomalies
are considered.

3.3.2 | MGD

To investigate teleconnections within the EPE and ESSTE net-
works and assess differences in synchronisation structures, we
calculated the MGD values and analysed their histograms de-
picted in Figure 5.

We identified hemispheric-scale teleconnections in the ESSTE
network by analysing the histogram of MGD. The histogram
exhibits multiple peaks, including one around ~6000km and a

secondary peak at larger distances (approximately 10,500 km;
Figure 5b), indicating the presence of long-range teleconnec-
tions connecting distant nodes. In contrast, the EPE network
(Figure 5a) showed no such secondary peak, likely due to the
strong spatial localisation of EPEs. This pattern supports prior
observations that SST anomalies may drive regional climate
variability, but do not always translate into extreme precipitation
teleconnections at monthly resolution (Dittus et al. 2018; Kumar
et al. 2013; Alexander et al. 2009). To study marine heatwaves at
the global scale, Benedetti-Cecchi (2021) computed the distance
of marine heatwaves synchronisation, analysed its distribution
and found a shift from regional to large-scale patterns around
3600km (see his fig. 5), which is shorter than 10,500km found
in this study. This is probably because Benedetti-Cecchi (2021)
analysed daily SST, while we investigated monthly SST data.

We should point out that teleconnections have been previously
uncovered in EPE networks at the national (Jamali et al. 2023),
continental (Oladoja et al. 2025) and global (Boers et al. 2019)
scales. For instance, Boers et al. (2019) identified robust global
teleconnections using daily precipitation data, highlighting the
critical role of high temporal resolution. In contrast, our use
of monthly data facilitates long-term structural analysis but
may limit the ability to capture fine-scale linkages associated
with EPEs.

MGD quantifies the average physical (or geographic) distance
between directly connected nodes in a network. High MGD val-
ues indicate that connected nodes in a network are, on average,
far apart, meaning that the network is spatially extensive, and
interactions span large areas. In Figure 6, we show the spatial
variation of MGDs within the Northern Hemisphere (0°N-60°N)
for both EPE and ESSTE networks using z,,,, = 0. For the EPEs
network, we found high MGD values in northwestern Mexico
extending through Arizona, New Mexico and into Colorado—
with isolated high values on the East Coast (North Carolina
and West Virginia). Interestingly, Jamali et al. (2023), who ana-
lysed daily precipitation data and studied EPEs across CONUS,
also reported high MGDs in California and Arizona during
June-July-August (see their fig. 5). Consistencies between our

International Journal of Climatology, 2026

9o0f 17

85U8017 SUOWILIOD BAIEaID 3|t (dde au) Aq peussnob afe Ssoile VO ‘8sn JO SNl 10} ARIq1T8UIIUO /8|1 UO (SUORIPUOD-PUR-SWLBIW0D A8 | IMAeIq 1 BUI|UO//SdNY) SUORIPUOD PUe Swis 1 8y} 89S *[9202/€0/G2] U A%iq18uluo A8|IM ‘Z49 Wepsiod Wniuez-zioyweH Aq 8TZ0L 90/Z00T OT/10p/woo A8 | Aleiq Ul juo SialLL//sdny wolj pepeoumod ‘g ‘920z ‘8800L60T



monthly-based analyses and their daily-based ones indicate that
EPEs in California and Arizona show similar synchronisation
patterns across daily and monthly temporal resolutions.

We also observed regions with high MGD values extended from
southern Mexico up to the entire Pacific Coast of the United
States and Canada. Some high MGDs were also detected in
British Columbia and throughout Manitoba in Canada. The
northern part of South America also showed high MGDs, par-
ticularly in Venezuela. This pattern of high MGD values may be
explained by a combination of factors: (1) monsoonal moisture
transport from Mexico and the Gulf of California into the United
States, (2) ARs enhancing the EPEs on the Pacific Coast, (3) me-
soscale and synoptic-scale circulations from the North Tropical
Atlantic and Caribbean Low-Level Jet to Venezuela (Adams and
Comrie 1997; Dettinger 2011; Tim and de Bravo Guenni 2015).

For the African Sahel, we found intermediate MGDs (Figure 6).
Given that this region had high k values (shown in Figure 4),
the intermediate MGDs indicate local and regional connections.
In the south of the Sahel, we found high MGDs, dominantly in
Nigeria, Cameroon and Ethiopia. Schlueter et al. (2019) investi-
gated the effect of tropical waves in northern tropical Africa and
compared the impact of six wave types on precipitation during
the transition and full monsoon seasons. They found that low-
frequency waves (i.e., Madden-Julian Oscillation and equatorial
Rossby waves) dominated the 7- to 20-day time scale and ex-
plained about up to one-third of precipitation variability. These
waves are large-scale atmospheric phenomena that propagate
over vast spatial domains, often spanning thousands of kilome-
tres, and are most probably responsible for the high MGD values
observed in this study.

Within Eurasia, we see high MGDs in Austria, Romania, the
Caucasus (around Georgia), Kyrgyzstan, Tajikistan, East India,
southeastern China and North Korea. The observed high MGDs
in such regions can be attributed to several climatic and topo-
graphical factors that influence precipitation patterns over
extensive areas. Within South and East Asia, long-range con-
nections are made via the western North Pacific-North America

pattern, which includes the Western Pacific Subtropical High (Ha
et al. 2017). The orographic effect of the Caucasus Mountains,
along with the climatological influence from the Siberian High,
creates a disconnect between the precipitation experienced
in the nearby countries and the source of the precipitation, as
found by Forte et al. (2016). Similar phenomena have been found
to influence Austria via the Alps, and precipitation shadows
have been found to cause discontinuities in precipitation mea-
surements in the Carpathian Mountains surrounding Romania
(Isotta et al. 2013; Kozak et al. 2019).

The nature of MGD suggests that nodes within the darker regions
are influenced by teleconnection to another non-local node and
have a high likelihood of being involved in the spatially distant
propagation of atmospheric conditions. Conversely, locations
within the map that exhibit a lighter colouring are indicative of
local influence. For the ESSTESs network, the MGD values were
very high (normalised MGD > 0.8) in the areas from 0°N to 7°N
and from 180°W to 150°W, from 0°N to 15°N and from 120°W to
90°W, near the equator from about 50°W to 40°W, and from 0°N
to 7°N and from 140°E to 150°E (Figure 6). We also identified
regions with relatively high MGDs near 30°N, extending across
the Atlantic Ocean (90°W-0°W) between Central America and
North Africa, and across the Pacific Ocean from approximately
120°E to 150°W. Interestingly, these regions align closely with
the typical pathways of tropical cyclones, including hurricanes
and typhoons. In the Atlantic, such systems often originate off
the coast of West Africa, propagate westward across the ocean,
and then curve northeastward towards North America. In the
Pacific, they generally move westward, impacting East and
Southeast Asia, and occasionally recurve northward. The align-
ment between these cyclone tracks and areas of elevated MGD
suggests that this network-based metric is capable of capturing
the dominant pathways along which large-scale atmospheric
phenomena propagate.

Climatologically for ESSTEs, the low MGD values in some re-
gions (Figure 6) imply that the ESSTESs are predominantly con-
trolled by localised oceanic processes, such as coastal upwelling,
thermocline adjustments and air-sea interactions. However, the
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FIGURE 6 | Mean geographic distance, corrected for spatial boundary effects, within the Northern Hemisphere for the EPEs and ESSTEs from
1930 to 2020. Results for EPEs are shown with warm tones (bottom colour bar), while for ESSTEs with cool tones (top colour bar). The numerical
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higher MGD exceptions indicate regions where remote climatic
drivers (e.g., ENSO or the Western Pacific Warm Pool) impose
long-range synchronisation patterns on the SST extremes.
Overall, these MGD findings reflect the dual influence of local
and distant drivers in both precipitation and SST extremes.
Ocean currents play a crucial role in redistributing heat and
moisture globally.

3.3.3 | Clustering Coefficient

Clustering Coefficient provides insight into how tightly knit a
group of nodes is, reflecting the local cohesion within the net-
work. A node with a high C value has strong local interconnec-
tivity (Mondal et al. 2020). The spatial variation of the C in the
Northern Hemisphere for the JJASON with 7., = 0 months are
shown in Figure 7 for both EPE and ESSTE networks.

Within the EPE network, North America contains mostly low to
moderate C values, with small patches of high C in the Pacific
Northwest, and in localised areas of western and eastern Texas,
Alabama, Maryland and New Hampshire (Figure 7). The US
Northwest frequently experiences ARs that make landfall and
often result in heavy precipitation across coastal and mountain-
ous terrain. This creates strong local coherence, leading to ele-
vated clustering in climate networks. Zhang and Villarini (2018)
showed that the Pacific-Japan teleconnections and the East
Asian Subtropical Jet were strongly linked to the total frequency
of ARs that made landfall along the western United States, a
significantly stronger association than other previously exam-
ined climate modes (e.g., PDO and ENSO). In a recent study,
Slinskey et al. (2023) reported that significant AR clusters fre-
quently impact the northern Coastal Range of California and the
Sierra Nevada. They found that clusters typically last for about
2weeks, consist of four to five individual AR events per clus-
ter and contribute to more than 85% of the total AR occurrence
along the California Coastal Range.

In Africa, moderate to high C values extend from western
West Africa through central Africa and into the eastern coast
of Northern Africa, with specific regions (e.g., western Sahara,

Niger and Chad) exhibiting very high local clustering. This pat-
tern of high local cohesion continues to the north and east into
the Middle East and Kazakhstan. Mathon et al. (2002) analysed
mesoscale convective system rainfall in the Sahel and found
that a subpopulation of mesoscale convective systems called
organised convective systems accounted for nearly 90% of the
seasonal precipitation in this region.

Climatologically, high C values in Africa suggest that strong
local interactions—driven by the African Easterly Jet, surface
heating and convective processes—result in closely linked
precipitation patterns (Nicholson 2013; Cook 1999). In North
America, moderate C values in the Pacific Northwest and the
East Coast indicate that, while there is some degree of local syn-
chronisation, these areas are less influenced by robust local pro-
cesses and may instead be impacted by larger-scale phenomena.
Notably, Bracken et al. (2015) observed in the Pacific Northwest
that the moderate clustering reflects a balance between local
convective dynamics and remote influences, such as those mod-
ulated by ENSO conditions.

In the Tropical Pacific (180°W-75°W), high C values indicate
that the localised dynamics of SSTs—driven by thermocline
interactions and ENSO feedback mechanisms—reinforce syn-
chronous variability over relatively compact areas (Giannakis
and Slawinska 2018). Similarly high values are found south of
Greenland, south of West Africa and from western India to east
of Vietnam. Similarly, regions south of Greenland and West
Africa exhibit high SST clustering, reflecting localised ocean-
atmosphere coupling that shapes regional climate extremes
(Deser et al. 2010).

While low C values imply a reliance on broad teleconnections for
synchronising extreme events, high C values are characteristic of
areas where local interactions dominate the response to climatic
forcing. Our findings align with the growing body of evidence from
CMIP6-based studies regarding the improved coupling between
SST and precipitation at monthly scales. Yang and Huang (2023)
applied EOF analysis to Coupled Model Intercomparison Project
Phase 6 (CMIP6) datasets and reported enhanced SST—precip-
itation coupling over ocean basins compared to earlier model
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FIGURE 7 | Clustering coefficient, corrected for spatial boundary effects, within the Northern Hemisphere for the EPEs and ESSTESs from 1930
to 2020. Results for the EPEs are shown with warm tones (bottom colour bar), while for the ESSTEs with cool tones (top colour bar). The numerical

scale is the same for both, ranging from 0 to 1.
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generations. Their monthly-resolution EOF framework mirrors
our ESSTE network methodology, which also seeks to detect co-
herent SST-driven precipitation signals through spatiotemporal
synchronisation. This consistency suggests that ESSTE networks
not only capture known SST—precipitation coupling features
but also offer a robust, network-based alternative for analysing
such teleconnections.

3.4 | Connection Between EPE and ESSTE
Networks

A clear connection exists between the spatial patterns of the EPE
and ESSTE networks, reflecting the coupled nature of ocean-
atmosphere interactions in the climate system. Although EPEs
and ESSTEs were separately analysed in this study, their spatial
distributions and network characteristics suggest underlying
linkages mediated by large-scale climatic drivers. For instance,
regions identified as ESSTE hubs in the Atlantic and Pacific
Oceans (Figure 4) align with areas of high MGD (Figure 6) that
correspond to major oceanic currents and pathways of tropical
cyclones. These oceanic regions are well known to influence
continental precipitation extremes through enhanced moisture
transport, atmospheric circulation anomalies and teleconnection
patterns, such as the ENSO, PDO and IOD.

The hemispheric-scale teleconnections detected in the ESSTE
network (Figure 5b) indicate that extreme SST anomalies can
exert far-reaching influences, potentially preconditioning atmo-
spheric moisture and convective instability over adjacent con-
tinents where EPE hubs were found (e.g., western India, East
Asia and the Sahel). Conversely, strong EPE hubs in monsoon-
dominated regions (Figure 4) coincide geographically with
coastal areas adjacent to warm SST extremes, suggesting that
feedback mechanisms, such as latent heat release during ex-
treme precipitation, may amplify or sustain local SST anomalies.
These reciprocal interactions imply that ESSTEs can modulate
the occurrence and spatial coherence of EPEs through dynamic
and thermodynamic linkages, even though such cross-domain
connections were not explicitly modelled in the present work.

While our current analysis treated the EPE and ESSTE networks
independently, the observed spatial and teleconnection consis-
tencies underscore the potential value of developing a network of
networks framework in future studies. Such an approach would
allow explicit quantification of inter-network linkages, identify-
ing how nodes in the ESSTE network influence or are influenced
by nodes in the EPE network through shared atmospheric path-
ways. Extending the synchronisation analysis to include lagged
relationships and multi-layer coupling would provide deeper
insight into how oceanic extremes drive terrestrial precipitation
extremes, thereby advancing the predictive capability of complex
network analysis for hydroclimatic extremes.

4 | Conclusion

In this study, we explored the use of complex network theory
to analyse the spatiotemporal patterns of EPEs and ESSTEs
from the equator to 60°N latitude in the Northern Hemisphere.
Extreme values of precipitation and SST events were determined

by the 95th percentile threshold at each node. The ES method
was used to calculate the similarity between the extreme event
series, and the EPEs and ESSTEs complex networks were con-
structed by setting 7,,,, =0 months. We then calculated the
network measures, that is, degree (k), MGD and clustering co-
efficient (C), all corrected for the spatial boundary effects. Hubs
of extreme precipitation were discovered in Mexico, the African
Sahel and in several locations in Asia. The MGD results for the
EPEs network indicated that the following locations participated
in geographically distant connections: Pacific North America,
US East Coast, Venezuela, western-central and eastern Africa,
Georgia, Kyrgyzstan, East India, Vietnam and southwestern
China. The MGD values within the ESSTEs network were gen-
erally low, with exceptions off the southern Coast of Mexico,
the eastern Coast of the French Guiana and sparsely from about
140°E to 165°E and 0°N to 15°N. Within the EPE network, spa-
tial coherence, determined through clustering coefficient calcu-
lations, was the strongest across Africa and into the Middle East,
with some moderately high to high values in the northwestern
and northeastern United States and the United Kingdom. The
C values obtained from the ESSTEs network were the highest
in regions dominated by strong ocean-atmosphere interactions,
including the Indian Ocean, East China Sea, Sea of Japan and
appearing south of Mexico in a spatial pattern that contrasts with
our MGD values. This relationship suggests that, while some ex-
treme events propagate over large distances, others remain con-
strained by strong localised influences. These findings reinforce
the ability of complex network theory to identify both regional
and global synchronisation structures within climate extremes.
By quantifying connectivity, spatial extent and clustering of ex-
treme events, we demonstrated how network measures provide
insight into the mechanisms governing climate variability. Our
results further illustrate the contrast between terrestrial and
marine extremes, where precipitation hubs are strongly tied to
atmospheric circulation and orographic effects, while SST hubs
align with major ocean currents and teleconnections. This dis-
tinction underscores the necessity of integrating both terrestrial
and oceanic influences when modelling extreme climate events.
Contrasting our results of terrestrial and marine extremes offers
valuable insight for future improvements to predictive climato-
logical models and strategies for regional adaptation.

A limitation of the present study is that the EPE and ESSTE net-
works were constructed and analysed independently, without
explicitly quantifying the cross-network interactions between oce-
anic and terrestrial extremes. While this approach provides valu-
able insights into the internal synchronisation structures of each
network, it does not capture potential feedbacks or teleconnec-
tions between extreme SST anomalies and precipitation extremes
over land. Future research should therefore focus on developing
a network of networks framework that integrates both EPE and
ESSTE systems. Such an approach would enable a more compre-
hensive understanding of the coupled dynamics between oceanic
and atmospheric extremes, shedding light on how ESSTEs may
trigger, synchronise with, or modulate EPEs across regions.
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Appendix A

Explanation of White Nodes in MGD and Clustering Coefficient
Maps

In Figures 6 and 7, certain nodes located in Africa, Saudi Arabia and
Afghanistan appear as white areas in the MGD and clustering coefficient
maps. To investigate this, we conducted additional analyses and found

Nodes with All Os in

that these nodes exhibit zero event synchronisation (ES) values in the
ES matrix (Figure A1), indicating no significant links to any other nodes.
Correspondingly, these nodes also have zero k values in the degree central-
ity map (Figure 4). Since both MGD and C are mathematically dependent
on node degree, as described in Equations (4) and (5), a zero degree results
in undefined (NaN) values for these metrics (Figure A2). Consequently, the
affected nodes are rendered as white in the corresponding visualisations.

ES Adjacency Matrix

180° 120°W 60°W 0 60°E 120°E 180°
60°N 60°N
30°N 30°N
0° 0°
30°S 30°S
60°S 4 60°S
| O Nodes with all 0s in ES == ==
180° 120°wW 60°W 0° 60°E 120°E 180°

FIGURE Al | Nodes with zero values in the ES matrix in the Northern Hemisphere. [Colour figure can be viewed at wileyonlinelibrary.com]|

Nodes with NaN or Zero MGD Values
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x NaN MGD -
| e OMGD e L=
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FIGURE A2 | Nodes with either NAN or zero MGD values in the Northern Hemisphere. [Colour figure can be viewed at wileyonlinelibrary.com]
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