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Extreme aerosol pollution events impact climate, air quality, and human health, yet their global
synchronization patterns and driving mechanisms remain poorly understood. Here, we construct
event synchronization networks to examine both near-field transmission and teleconnection of
extreme aerosol pollution events. We find a marked increase in asymmetry within near-field event
synchronization networks over recent decades, especially in the Northern Hemisphere, driven by
intensified source-sink relationships in high-emission regions. Teleconnection patterns are shaped by
Rossby wave activity, making high-aerosol regions increasingly sensitive to atmospheric variability
and more susceptible to synchronized extreme events. We find a shift in high teleconnection activity
from North America and Europe to Central and East Asia. While major volcanic eruptions can
temporarily boost global aerosol synchronization, long-term trends are dominated by anthropogenic
forcing. These findings reveal clear anthropogenic fingerprints of extreme aerosol pollution events at a
planetary scale, linking regions of intense industrial activity to distant pollution impacts.

Aerosols consist of diverse liquid and solid particles that originate primary
from both anthropogenic sources (traffic emissions, industrial processes,
residential emissions) and natural sources (dust, sea salt, fungals, volcano
eruptions) and combined sources (biomass burning, secondary aerosols)' ™.
They are a significant air pollution, posing serious risks to human health.
The World Health Organization estimates that exposure to aerosol pollu-
tion contributes to 4.2 million premature deaths annually”.

As a crucial component of the Earth’s system, aerosols also play a
profound role in climate dynamics™. They influence global climate patterns,
and past events suggest that aerosols may have contributed to significant
climatic shifts. A recent study showed that dust aerosols could have a major
contribution on the Cretaceous-Paleogene Extinction event’. The impact of
aerosols on current climate, however, is complex and multifaceted. While
some aerosols (i.e. sulfur/sulfate aerosols) contribute to the slowing down of
global warming, some species of aerosol (i.e. black carbon) can also produce
warming effects’’. Aerosol forcing has been linked to large-scale hemi-
spheric climate shifts, influencing precipitation patterns and tropical
cyclone activity''. Aerosols affect the climate, but the climate, in turn, shapes

the formation, transport, and deposition of aerosols, creating a complex
feedback loop. Climate-driven changes in temperature, humidity, and wind
patterns can alter the distribution, pathways, and atmospheric lifetime of
aerosols'” ™", In some cases, aerosols are transported across thousands of
kilometers through atmospheric rivers, delivering particles to distant
regions and affecting environments far from their origin'*™"".

Atmospheric teleconnections further influence aerosol concentrations
by shaping large-scale wind and pressure patterns'**. Studies indicate, for
instance, that winter particulate pollution in North China is strongly affected
by teleconnections and Rossby wave activity’", while tropical climate
variations modulate air pollution across East Asia”’. In Europe, reductions in
anthropogenic aerosols have impacted weather patterns with consequences
for particulate pollution levels as far as North China, underscoring the global
reach of teleconnections™. In regions with strongly enhanced anthropogenic
emissions, extreme aerosol pollution events are increasingly frequent,
amplifying the need to understand aerosol transmission and teleconnection
mechanisms. Such understanding is crucial to improve predictive models for
long-range aerosol pollution and climate change.
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To address the complex behavior in the earth system, recent studies
have turned to machine learning and data-driven approaches, which excel at
identifying hidden patterns in large datasets™”’. Among them, complex
network theory has emerged as a particularly promising tool, with appli-
cations spanning diverse complex systems over the past two decades”” . In
climate science, network-based approaches have been employed to forecast
climate phenomena™ " and to trace pathways of teleconnected elements™*.
Networks, composed of nodes and links that represent regions and their
interconnections, provide a robust framework for analyzing intricate rela-
tionships through mesoscopic network metrics™. For analyzing point-like
time series, such as extreme events, event synchronization (ES) networks
have demonstrated particular efficacy in capturing the dynamic behavior of
extreme events’’. These networks have been instrumental in predicting
extreme floods™, as well as uncovering synchronized patterns and propa-
gation pathways of extreme rainfall and associated teleconnections***".

In this study, we apply the ES network analysis to global aerosol optical
depth (AOD) reanalysis data to explore the transmission and teleconnection
patterns of extreme aerosol pollution events (EAPEs). By leveraging this
approach, we investigate how transmission and teleconnections of EAPEs
have evolved over recent decades. Our analysis sheds light on the
mechanisms driving these patterns, including the roles of anthropogenic
emissions and natural phenomena such as volcanic eruptions. Additionally,

we assess the impact of climate-induced changes in atmospheric cir culation,
including discuss the activity of Rossby waves, which are critical for main-
taining teleconnection systems.

Results

The ES network of AOD

First, we identify EAPEs globally (Fig. 1a) based on the 90th percentile AOD
threshold (see Methods). Although the 99th percentile is often used to define
extremes, we adopt the 90th percentile to ensure sufficient sample size for
robust network statistics. Regions with higher thresholds, as shown in
Supplementary Fig. Sla, correspond to major aerosol sources. For example,
the Sahara Desert and other arid regions are key sources of primary aerosols,
while South and East Asia exhibit high thresholds due to anthropogenic
emissions contributing to both primary and secondary aerosols. The spatial
distribution of the annual frequency of EAPEs is detailed in the Supple-
mentary Fig. S1b. These events are predominantly frequent in the mid-to-
high latitudes of both hemispheres, driven by aerosol formation and accu-
mulation associated with the weather systems in these regions.

To examine shifts during the studied period, we divide the period
(1980-2022) into two intervals: Period 1 (1980-2000) and Period 2
(2001-2022). During the latter period, anthropogenic aerosol levels exhibit a
significant increase, resulting in a marked rise in the frequency of EAPEs in
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Fig. 1 | Workflow for constructing the ES network of AOD. a Spatial distribution
of the annual frequency of EAPEs. b Example of two AOD time series corresponding
to the red grid point (42.5°N, 115°E) and the blue grid point (47.5°N, 140°E) in (a), the
red and blue shadows represent the EAPEs in the two time series, respectively,t
represents the time at which the event occurs. ES is considered to occur when the
timing of EAPESs at the two grids satisfies the synchronization criterion (see

Methods, Eq. (1)), like ¢} and ¢] in figure. The gray dashed line indicates the AOD
threshold for identifying EAPEs. ¢ PDF of EC values for the real data compared with
the null model. d Examples of PDFs for time delays of synchronization for sym-
metric and asymmetric synchronization links. e Schematic representation of the ES
network, illustrating two types of synchronization links.
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Fig. 2 | Distance-dependent characteristics of links in the ES network. a PDF of
link distances, with the black fitted line with a slope of — 1.67 +0.02. Density plot of
absolute asymmetric coefficients (JAC|) as a function of link distance for (b) the
entire period, (c) Period 1, and (d) Period 2. Pink and gray and orange dashed
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vertical lines represent 1,000 km and 4,000 km, respectively, the orange shaded area
represents the range of 5000-10,000 km. While the green dashed horizontal line
marks |AC| = 0.13, which is the significance level of 0.05.

regions such as South and East Asia (see Supplementary Figs. Slc,d). In
contrast, North America and Europe show a notable decline in the fre-
quency of such events over the past two decades, attributed to industrial
relocation and improved environmental governance™.

Next, we construct the network from EAPE data based on event syn-
chronization. First, we calculate the event synchronization coefficient (EC)
for all grid pairs using Eq. (4) (see Methods). Figure 1b illustrates an example
of event synchronization. After determining the occurrence time of EAPEs,
we no longer consider the AOD values in the time series but instead focus on
whether the timing of extreme events between grid points, we calculate a
dynamic delay based on the time intervals between each target event and its
neighboring events and by defining a maximum allowable time delay to
avoid unreasonable prolonged synchronizations, then compare the mini-
mum of the two delays with the time interval between the target events to
determine whether the target event qualifies as a ES (see Methods, Eq. (2)).
Furthermore, in order to quantify the degree of event synchronization
between two grid points by calculating their rate of ES, we define and
calculate the event synchronization coefficient (EC) for all grid pairs using
Eq. (4) (see Methods). The probability density functions (PDFs) of EC
values for the real data and the null model are presented in Fig. 1c, revealing
a fat-tailed distribution for the real EC values. We define the significance
threshold A as the 99.5th percentile of the null model distribution to identify
significant synchronizations as links in the ES network (see Methods).
Additionally, the PDF of time delays for synchronization allows us to assess
the asymmetry of each link. Figure 1d gives examples of symmetric and
asymmetric synchronization links. Asymmetric links indicate a directional
flow between locations, often driven by non-equilibrium transmission or
diffusion processes, while symmetric links are predominantly influenced by

the large-scale external fields. A schematic representation of the ES network,
highlighting these two types of synchronization links, is shown in Fig. le.
We find that significant network links are primarily zonal rather than
meridional. This is demonstrated by the PDFs of the absolute differences in
longitude and latitude between connected nodes (Supplementary Fig. S2).

Distance-dependent characteristics of network links
Synchronization links number exhibit distinct characteristics depending on
spatial distance, as shown in Fig. 2. The PDF of link distances below 1000 km
shows an apparent increasing trend (Fig. 2a). To account for the effect of
spatial sampling density, we calculate the fraction of significant links nor-
malized by the number of possible grid-cell pairs in each distance bin
(Supplementary Fig. S3). Within 1000 km, this fraction remains close to
unity and shows no increasing trend, indicating the high level of synchro-
nization at short distances primarily driven by synoptic-scale weather sys-
tems, such as cyclones and anticyclones. Beyond 1000 km, the influence of
grid-cell pair counts becomes negligible, and the PDF decreases with dis-
tance, following a power-law decay up to approximately 4000 km. In this
regime, the influence of synoptic patterns diminishes, and the weakening of
synchronization leads to a decrease in the number of synchronization links
with increasing distance. Interestingly, at distances greater than 5000 km,
synchronization does not continue to decay; instead, it exhibits a stable
teleconnection plateau within the 5000-10,000 km range, consistent with
the characteristic wavelength of Rossby waves®”. Such long-range climate
teleconnections have also been reported in studies of extreme rainfall
synchronization®. In addition, performing the same analysis separately for
NH and SH confirms that this stable teleconnection pattern persists robustly
in both hemispheres (Supplementary Fig. S4).
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Fig. 3 | Transmission patterns of near-field ES network (link distance < 4000 km)
for two periods. a, b Divergence degree (color-coded) and vector degree (repre-
sented by arrows) for (a) Period 1 and (b) Period 2. Red and blue rectangles highlight

five key source-sink pairs. c-g Violin plots and significance T-tests comparing the
divergence degree strength of source-sink pairs between the two periods, with T
values (T) and P values (P) provided.

The degree of asymmetry in synchronization links is quantified using
the asymmetry coefficient (AC) (see Eq. (5) in Methods). Figures 2b-d
illustrate the absolute value of AC as a function of link distance across
different periods. Strong asymmetry is predominantly observed for links
shorter than 4000 km, while links at longer distances exhibit weak asym-
metry, falling below the significance threshold (Fig. 2b). This finding sup-
ports the interpretation that asymmetric synchronization is driven by non-
equilibrium transmission processes, whereas teleconnected synchronization
is nearly symmetric. It is noteworthy that short-distance synchronization
does not always display asymmetry due to rapid transmission times and the
influence of synoptic patterns. Additionally, Fig. 2d reveals that asymmetry
is more pronounced in Period 2 compared to Period 1, as shown in Fig. 2c,
reflecting potential changes in transmission patterns over time. Meanwhile,
compared with Period 1, Period 2 exhibits fewer links within the tele-
connection range (5000-10,000 km). Statistical tests confirm that both of
these trends are significant (Supplementary Fig. S5).

Transmission and teleconnection network patterns

To further investigate transmission and teleconnection patterns sepa-
rately, we analyze the near-field ES network with link distances shorter
than 4,000 km. The connectivity of each grid to others is quantified

using its weighted degree in the network (see Methods). The weighted
degree of a grid is defined as the sum of the EC of all significant links
connected to that grid, representing the node’s overall importance or
influence within the network. Supplementary Fig. S6 presents the in-
and out-weighted degrees of the near-field ES network. Building upon
the weighted degree, the in-degree and out-degree further account for
the temporal order of synchronized events between two grids. Specifi-
cally, the out-degree of a grid considers only those synchronized events
in which the extreme event occurs first at that grid point, whereas the in-
degree represents the opposite case. The asymmetry in a grid’s con-
nectivity can be assessed through the divergence degree D, defined as the
difference between the out-degree and in-degree of a grid. Compared to
in-degree and out-degree, this metric directly quantifies whether a node
is an “influencer” or an “influenced” entity within the network, helping
us identify regions that serve as diffusion sources (positive D-values)
and diffusion sinks (negative D-values). Additionally, the vector degree
V (see Eq. (9) in Methods) provides insights into the directionality of
transmission. The supplementary Fig. S7 illustrates the divergence and
vector degrees for the entire study period, while Figs. 3a and b show
results for Period 1 and Period 2, respectively. Notably, the strength of D
has increased significantly in Period 2 compared to Period 1, as
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highlighted by the PDFs of D in the Supplementary Fig. S8a, b, with a
particularly prominent increase in the Northern Hemisphere(NH).

We also identify five key source-sink pairs, in Figs. 3a and b. The most
significant pair, Source 1 in East Asia and Sink 1 in the Northeast Pacific,
exhibits a substantial increase during Period 2. Significance T-tests (Fig. 3¢)
indicate that the strength of Source 1 and Sink 1 has increased by 157% and
36%, respectively, compared to Period 1. Other notable pairs include
Source-Sink 2, with West Africa, which one of the regions that has
experienced the most pronounced increase in emissions in recent years due
to the impact of human modernization*", increasing by 69% and the Gulf
of Mexico by 26% (Fig. 3d), and Source-Sink 3, where southern South
America has increased by 28% and the west of South Africa by 83% (Fig. 3e).
The significant strengthening of these source-sink relationships is primarily
driven by the rise in anthropogenic aerosol emissions in developing coun-
tries over the past two decades. This increase in emissions has intensified
aerosol transmission processes, leading to more pronounced source-sink
dynamics within the near-field ES network.

To investigate the mechanisms underlying teleconnected ES, we ana-
lyze two typucal examples of teleconnections, one from each hemisphere.
Figure 4a illustrates the mean 500-hPa geopotential height and wind field
anomalies for NH when EAPEs at the yellow grid point are synchronized
with those at the green grid point. These points are located within two
remote anticyclones. In contrast, when EAPEs at the yellow grid point are
not synchronized with those at the green grid point, only the yellow grid
point lies within an anticyclone (Supplementary Fig. S$9a). Aerosols in land-
dominated NH are often strongly linked with anthropogenic emission.
Anticyclones and high-pressure systems create stable atmospheric condi-
tions conducive to aerosol accumulation near ground, leading to
EAPEs (Fig. 4b).

In Southern Hemisphere (SH), the behavior is similar, but cyclones
replace anticyclones. Figure 4c and Supplementary Fig. S9b show that the
aerosols, predominantly sea salt from the ocean-dominated SH, are influ-
enced by low-pressure systems. High wind speeds generated by anomalous
pressure systems have led to a significant increase in sea salt aerosol

deposition. Concurrently, low-pressure and cyclones systems create con-
ditions that allow these aerosols to remain suspended in the atmosphere
rather than settling and dissolving into the ocean surface*. The sea salt
aerosols then serve as an abundant Cloud Condensation Nuclei (CCN),
which partly returns back locally through fog and precipitation (Fig. 4d)*.
This feedback mechanism explains the frequent occurrence of aerosol
pollution events in SH, as shown in Supplementary Figs. S1(b-d). Despite
the differences in aerosol types and formation mechanisms between
hemispheres, the teleconnected synchronization of EAPEs is primarily
driven by the Rossby wave activity. Rossby waves generate several
wavenumber-dependent teleconnected synoptic weather systems in mid-
latitudes (Supplementary Figs. S9¢, d), which synchronously trigger EAPEs.

Since teleconnected links are predominantly symmetric, the tele-
connected ES network patterns are represented by the weighted degree of
the network for links longer than 5000 km, disregarding directionality.
Figures 4e and f illustrate the spatial distributions of weighted degree in NH
during Periods 1 and 2, respectively. A comparison reveals a notable shift in
regions with relatively high degree values-from North America and Europe
in Period 1 to Central and East Asia in Period 2. This trend aligns with
changes in the spatial distribution of EAPE frequencies (Supplementary
Figs. Slc, d). Regions with more frequent extreme events exhibit stronger
synchronization in teleconnections. Notably, since synchronization weight
(EC) is normalized by event frequency, this correlation is not trivial. It
suggests that regions with high-aerosol concentrations are more sensitive to
weather conditions, rendering them more prone to extreme events and
teleconnected synchronization.

Supplementary Fig. S10 further shows the teleconnection strength
between hotspot regions (North America and East Asia) and other regions
as a function of the EAPE frequency in those regions. Across both study
periods, regions with higher EAPE frequencies consistently exhibit stronger
teleconnections. However, during high-emission periods, teleconnection
strength displays a more pronounced sensitivity to EAPE frequency than
during low-emission periods (Supplementary Fig. S10g, h). In contrast,
under comparable low-emission conditions across different periods, this
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relationship remains similar between the two hotspots, despite climatic
variability. These results suggest that the spatial evolution of teleconnection
hotspots in the NH is primarily governed by EAPE frequency associated
with anthropogenic emissions.

In SH (Figs. 4g and h), teleconnection patterns show a marked
weakening in Period 2 compared to Period 1. This weakening is further
supported by the PDFs of the weighted degree for the two periods (Sup-
plementary Figs. S11a and S11b). Interestingly, this trend contrasts with the
observed strengthening of transmission patterns. While anthropogenic
induced aerosol has increased significantly over the past two decades, nat-
ural factors such as volcanic eruptions also contribute to global aerosol levels
and synchronization events. Furthermore, the weakening of teleconnection
patterns may be associated with a decline in Rossby wave activity (ampli-
tude) under climate change, potentially influenced by human activities.

We further examine seasonal influences by repeating the analysis for
Period 1 and Period 2 using two seasonal windows-March to August and
October to February of the following year (Supplementary Fig. S12). In the
NH, transmission and teleconnection patterns are generally stronger from
October to February than from March to August. The opposite holds true in
the SH. Despite these seasonal contrasts, the overall evolution of network
characteristics between Period 1 and Period 2 remains consistent across
both seasonal windows.

Impacts of natural and anthropogenic forcing on network
patterns

To discern the relative impacts of natural events and anthropogenic factors,
we quantitatively isolate the influence of volcanic eruptions within the ES

network. From the annual variation of global AOD, we identify the major
natural disruptions as the eruptions of El Chichén in 1982 and Mount
Pinatubo in 1991 (Supplementary Fig. S13). The Pinatubo eruption, in par-
ticular, caused a more than twofold increase in global AOD, which persisted
for several years. Based on this, we define the periods 1982-1984 and 1991-
1994 as Period 1V, dominated by volcanic activity. To distinguish volcanic
effects, we define Period 1R by excluding Period 1V years from Period 1.

Figures 5 a and b display the divergence degree strength for the near-
field ES network in NH and SH during different periods. The divergence
degree strength is notably highest in Period 2 in Fig. 5a, indicating the
volcanic influence to source-sink dynamics in Period 1V is negligible. The
strengthening of the source-sink dynamics appears to be exclusively linked
to anthropogenic influences. This trend is particularly pronounced in NH
(Fig. 5a) but remains less significant in SH (Fig. 5b) when comparing Period
IR and Period 2. Conversely, the weighted degree for the teleconnected ES
network is highest during Period 1V for both hemispheres, as shown in
Figures 5c and d. These results suggest that volcanic eruptions significantly
increase global aerosol levels, enhancing the sensitivity of various regions to
weather patterns and promoting extreme event synchronization™.

Figures 5 c and d also reveal that even after excluding volcanic influ-
ence, teleconnection synchronization in Period 2 remains weaker than in
Period 1R for both hemispheres, though the difference is less pronounced
compared to Period 1, which includes volcanic effects. Previous studies
suggest that Rossby wave activity is likely to shift under climate change,
although substantial uncertainties remain’'. Noteworthy, in the SH, where
anthropogenic emissions are relatively low, and the number of EAPEs
shows little variation (Supplementary Fig. S14a), volcanic activity almost
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entirely dominates the inter-period changes in teleconnections. This
dominance is evident both in the magnitude of the weighted degree itself
(Fig. 5¢) and in its spatial distribution (Supplementary Fig. S14b and c), in
stark contrast to the situation in the NH, where human influence plays a
much larger role. Some studies have hypothesized increased Rossby wave
amplitude due to polar amplification’. However, observational data do
not corroborate this hypothesis. Instead, some climate models suggested a
significant reduction in the Rossby wave amplitude’****. Although the
teleconnection synchronization of EAPEs cannot be used as a direct indi-
cator of Rossby wave evolution, it may serve as a complementary, data-
driven perspective for understanding changes in Rossby wave activity
between Period 1 and Period 2.

Conclusions

Our study provided an investigation into the global synchronization of
EAPEs and the underlying mechanisms shaping their spatiotemporal pat-
terns. Through the construction and analysis of the ES networks, in parti-
cular by including their asymmetric properties, we identified transmission
and teleconnected weather patterns, respectively.

Our findings revealed that the asymmetry in the near-field ES network
has significantly strengthened in recent decades, particularly in regions with
high anthropogenic aerosol emissions, such as East Asia. This intensifica-
tion is driven by enhanced source-sink relationships, as evidenced by an
increased divergence degree strength. Prominent source-sink pairs, such as
East Asia-Northeast Pacific and West Africa-Gulf of Mexico, exhibit a
substantial growth in connectivity, largely attributable to rising aerosol
production in developing regions. These strengthened source-sink patterns
underscore the critical role of human activities in amplifying near-field
transmission processes.

Teleconnection patterns are closely linked to Rossby wave activity.
Compared with regions of low AOD, regions with high AOD-particularly in
the NH are more susceptible to EAPEs induced by Rossby wave-driven local
weather systems, which in turn influence teleconnections. We observe a
notable shift in regions with relatively high teleconnection degrees, from
North America and Europe to Central and East Asia. Over the past two
decades, teleconnection patterns in the ES network have weakened, partly
due to the volcanic eruptions of El Chich6n and Mount Pinatubo, which
caused a rapid increase in global aerosol levels and temporarily enhanced
teleconnection synchronization. The contribution of Rossby wave dynamics
to this weakening under climate change remains uncertain.

This work emphasized the intricate interplay between anthropogenic
influences, natural factors, and atmospheric dynamics in shaping global
aerosol synchronization. Further research is needed to refine our under-
standing of Rossby wave dynamics under different climate scenarios and their
implications for aerosol-related weather systems and feedback processes.

Method

Data

We use the AOD data from the Modern-Era Retrospective Analysis for
Research and Applications, Version 2 (MERRA-2), covering the period from
1980 to 2022°. Our analysis focuses on daily-averaged data with a spatial
resolution of 2.5° x 2.5 across the globe. Meteorological variables, including
geopotential height and wind data, are also sourced from MERRA-27.

Extreme aerosol pollution event

Extreme aerosol height events are identified using a two-step procedure. (a)
For each grid cell, days on which aerosol optical depth exceeds the 90th
percentile of the full-period distribution are classified as extreme aerosol days.
(b) Consecutive extreme aerosol days (=1 day) are then grouped into a single
extreme event, with the event onset defined as the first day in the sequence.

Event synchronization

points iand j, where n; and n; represent the total number of extreme events at
grid points i and j, respectively. We assume that an event at grid i can only
synchronize with one event at grid j. The synchronization condition is that
the absolute time delay, |t;f]‘-"| = le} — e}’l, between events u and v must be
less than the minimum of the dynamical delay, 7", and a maximum time
delay, .. Specifically, the dynamical delay is defined as™:

min(t'f‘”_l tu+1‘u

ii o olii

viv—1 v+1yv
g ot ) (1)

7Y —
ij — 2

To avoid unreasonable prolonged synchronizations, we set a maximum
time delay of 7,,,,, = 30 days. We then define the event synchronization (ES)
between a pair of grids (i, j) as the total number of synchronized event pairs:

uy
ij

u,v

ES,; = H(u, V) : i

u,v
tz}j

<T DAt

<TWH, @)

where || denotes the absolute value, and || -|| denotes the cardinality of a set.
It satisfies ES;; = ES;,.

Simultaneously, we determine the direction of ES based on the sign of
the time delay:

1
ES ;= H(u,v) PeT < SOANE > = 1| EH(M’ V)it = OH,

ij =

ES;

i

1
- <o,

(€)

u,v u,y u,v
= H(u,v):OStiJ <Tij At < Ty

where i — jindicates that, in the context of ES, extreme events occur at grid i
before grid j, and vice versa. Therefore, we have ES;; = ES;_,; + ES;_.;.

The value of ES is influenced by the number of extreme events at each
grid point. To eliminate this effect, we normalize ES by the number of events
to obtain the event synchronization coefficient:

EC.. = DB

) m; xm

EC. . = ESivj , (4)

=] m; X m

]

:

ES.,;
p— ]
ECJ'—”' - mxm;

Here, m; and m; denote the number of extreme events at grids i and j,
respectively. Thus, the EC is bounded between 0 and 1.

If ECi_; # ECi.; it indicates a directional flow between i and j,
reflecting transmission or non-equilibrium diffusion within the system.
Conversely, if EC;_.;= EC;_.;, the synchronization is governed by synoptic or
teleconnection patterns. To quantify the asymmetry of synchronization, we
define the asymmetry coefficient (AC) as follows:

ECi—>j - ECj—>i

AC = ———F7p7—.
="k, )

It is evident that AC;; = — AC;;. The value of AC ranges from -1 to 1. A
positive AC generally indicates that the flow direction is from i to j, and
vice versa.

ES network
The ES network is represented as an N x N adjacency matrix, G, with the
following elements:

Based on the definition of extreme events, we derive the time series of 1-0,, EC.>A;

) . L= v " 6)
occurrence times for extreme events, {e?}l cusm, and {ej‘-’}lgvgm}, at grid ij 0, EC,;<A,
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where N denotes the total number of grids in the network, and A is a
significance threshold. The Kronecker delta, 8,-]», equals O for i # j and 1 for
i=j.If Gj=1, there is a link between grids i and j; if G;;=0,n0 link exists
between them.

The connectivity of a grid to others is quantified by its weighted degree
in the network:

N
W, = Z G;EC;;cos ), (7)

=

where EC;; is the weight of the link and cos 6; accounts for the weight of the
area size of grid j, with ; representing its latitude.

Given the directional nature of the EC, we define the out- and in-
weighted degrees as:

N
W =" G,EC, ,;cos 6,
j=1

i ®)
W::” = Z GijECjﬁi cos 9]-,
=

The divergence degree, D; = W — W, quantifies the asymmetry
between the out- and in-weighted degrees. A positive D; indicates that grid i
influences other grids more than it is influenced by them, while a negative D;
suggests the opposite. A large |D,| implies that the grid is either a source
(positive D;) or a sink (negative D;) within the network.

Eq. (8) considers only scalar summation, but synchronization is
inherently directional. To capture this, we introduce the vector degrees to
describe the net direction of flow for grid i:

N
V= Z G,-j(ECHj — ECjHi)eij cos 9]-, 9)

j=1,AC;;>0

where the unit vector e; = (¢, 06), with = 1/ 8¢% 4 66%,and 8¢ and 89
represent the longitude and latitude differences between grids i and j,
respectively. In the vector summation process, we consider only one
direction of links with stronger synchronization, i.e., those where AC > 0,
indicating asymmetry synchronization.

Significance testing

The core of the significance test for constructing the ES network lies in
selecting an appropriate significance threshold, A. Natural time series from
Earth systems typically exhibit strong autocorrelation, with power spectral
densities of the 1/f type and non-Gaussian distributions (e.g., the AOD data
shown in Fig. S14). If we base the null hypothesis on Gaussian, uncorrelated
noise, we risk underestimating the significance threshold. To mitigate this,
we employ the amplitude-adjusted Fourier transform (AAFT) surrogate
technique to formulate the null hypothesis®®. This method, known as
phase randomization, preserves the distribution and power spectrum of the
original data while removing synchronization and correlation between grid
pairs. The steps for determining A are as follows: (a) Perform the AAFT
algorithm (see Refs. 58,59) on the original AOD time series to generate the
surrogate AOD time series for each grid point; (b) Identify EAPEs and
compute the EC for the surrogate dataset; (c) Repeat steps (a)-(b) 100 times
to generate a distribution of EC values under the null hypothesis; (d) Finally,
set the significance threshold A as the 99.5th percentile of this null model
distribution. This procedure preserves the original power spectrum and
distribution of the AOD data while randomizing the phase components, as
shown in Fig. S8, allowing for a rigorous test of the statistical significance of
the ES network.

Data availability

All Data used in the paper is available from the NASA Goddard Earth
Sciences (GES) Data and Information Services Center (DISC) (https://disc.
gsfc.nasa.gov/). All other data that support the plots within this paper and
other findings are provided as a Source Data file and in a Zenodo
repository”’.

Code availability

The analysis codes used in this study have been deposited in Zenodo".
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