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Abstract

Climate ready multi sectoral risk management relies on understanding not only
where extreme rainfall occurs but also how such events synchronize across regions
and interact with internal climate modes. The stability of synchronized rain-
fall networks and remote climate forcings under internal climate variability
(ICV), especially when aggregating ensemble simulations for statistical robust-
ness, remains poorly understood. Using a 50 member EC Earth3 large ensemble,
we show the co-existence of robust and weak climate networks. Despite significant
variability in regional rainfall intensities, extreme rainfall spatial synchronization
patterns remain remarkably robust, driven by intrinsic atmospheric processes
such as Rossby wave propagation. In contrast, slower teleconnections, notably
from the El Nifio Southern Oscillation and the Indian Ocean Dipole, exhibit
marked variability under minor initial condition perturbations, often altering or
reversing causal relationships. This fundamental asymmetry reveals the criti-
cal limitations of relying on deterministic or single member model outputs. Our
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findings advocate ensemble based frameworks to disentangle robust dynamical
pathways from fragile ones, offering a more reliable foundation for climate projec-
tions, model evaluations, and sectoral resilience planning under uncertain climate
futures.

Keywords: Rainfall Extremes, Network Analysis, Internal Climate Variability, Event
Synchronization, Teleconnections

Introduction

The climate we observe represents only one realization among the countless possible
trajectories, constrained by the dynamical and thermodynamical processes that gov-
ern the Earth’s climate system with their underlying uncertainties [1]. Consequently,
the characteristics of extreme climate events, such as the intensity, spatial extent,
and frequency of extreme rainfall, can vary substantially across equally plausible cli-
mate trajectories. This variability complicates risk assessment and decision making in
a range of climate-sensitive sectors, including agriculture, water management, energy
systems, transportation, buildings, public health, and infrastructure [2-5]. Fundamen-
tally, it challenges our dependence on historical data or single-simulation projections
to estimate future risks from extremes.

However, this complexity also presents a significant scientific opportunity. Using
large ensembles of climate simulations initiated from slightly varied Initial Con-
ditions (ICs), known as Single-Model Initial-condition Large Ensembles (SMILEs),
allows systematic exploration of numerous potential climate trajectories. Such ensem-
ble simulations enable quantification of internal climate variability (ICV), the natural
variability arising from internal interactions within the climate system, and thus
improve the characterization of uncertainty inherent in extreme event projections.
Although engineering practice, infrastructure planning, and other sectoral applica-
tions commonly use intensity - duration - frequency (IDF) and depth - duration -
frequency (DDF) curves derived from historical data or individual model runs [6],
these benchmarks embed deep uncertainties from ICV, model structure, and scenario
assumptions [7]. During the past decade, SMILEs have proven invaluable in disen-
tangling externally forced signals from internal variability, revealing that unforced
fluctuations alone can match or even exceed anthropogenic trends in regional pre-
cipitation extremes [7-9]. While attribution studies reliably detect anthropogenic
fingerprints in extreme rainfall shifts, these typically focus on bulk statistics (e.g.,
return periods), often neglecting how internal variability amplifies or masks local
signals crucial for infrastructure planning. Explicitly linking attribution outcomes
to variability across ensemble members can thus enhance understanding of when
anthropogenic signals dominate and when internal variability prevails.

Small perturbations in initial ocean-atmosphere states can develop into signifi-
cantly divergent precipitation trajectories, critically affecting the frequency, intensity,
and duration of extreme events [1, 10]. Understanding whether large-scale telecon-
nections and physical mechanisms organizing these extremes remain robust across
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ensemble members is therefore essential before applying IDF/DDF projections or mak-
ing sectoral planning decisions based on pooled climate realizations. The pooling of
precipitation extremes across multiple ensemble members is commonly employed to
improve the sampling of rare events and construct more robust estimates of tail statis-
tics [6, 7]. This approach is useful for characterizing the distribution of outcomes arising
from ICV. However, such a pooling often implicitly assumes that large-scale telecon-
nections linking climate drivers, such as the El Niflo Southern Oscillation (ENSO)
or the Indian Ocean Dipole (IOD), to regional rainfall remain stable across ensem-
ble members. In practice, ICV can modulate the strength, spatial footprint, or even
directionality of these teleconnections, leading to changes in the underlying physical
mechanisms and their timing. Consequently, aggregating extremes across ensemble
members without first evaluating the robustness of these causal pathways can obscure
key sources of uncertainty. Explicitly assessing teleconnection stability under ICV
is therefore essential before using pooled ensemble statistics for infrastructure risk
analysis or climate adaptation planning.

Despite increasing recognition of the importance of ICV in massive extreme event
statistics, the spatiotemporal organization of rainfall extremes - their clustering, syn-
chronization, and cascading impacts across regions - remains understudied [11, 12].
Such spatial and temporal structures significantly shape the likelihood of compound
impacts, with direct consequences for the resilience of sectors such as infrastructure,
agriculture, energy, and health systems. Recent studies underscore the considerable
uncertainty introduced by ICV in return-period estimates of extreme rainfall [6, 7, 13—
15]. However, these analyses have largely overlooked how internal variability affects
the spatio-temporal coherence of extreme events.

Recent complex network analyzes have begun to address this gap by revealing
how atmospheric pathways such as monsoonal circulations [16, 17] and Rossby wave
trains [18-20] synchronize extreme rainfall events (ERE) in geographically distant
regions. However, these studies typically rely on single memeber realizations or obser-
vational records, limiting their ability to fully characterize how ICV plays a role or
perturbs these synchronization patterns [17, 20, 21]. Furthermore, causal inference
methods, although increasingly applied in multi-model climate assessments [22-24],
are yet to be systematically employed to evaluate teleconnections under internal vari-
ability. Overreliance on limited realizations can result in inconsistent evaluations and
rankings of climate models, potentially skewing infrastructure design guidelines and
flood-risk management strategies.

In this study, we explicitly address these critical scientific gaps by systematically
investigating the robustness of network derived synchronization structures of extreme
rainfall across multiple initial-condition ensemble members. Specifically, we evaluate
whether the synchronization of extreme rainfall events, captured by complex network
methods, remains stable under ICV. In addition, we explore whether atmospheric
mechanisms primarily drive these synchronization patterns and how their relative
influence is modulated by internal variability. Finally, we apply causal-inference tech-
niques between ensemble members to determine whether established teleconnections,
such as those linking ENSO and 10D to Indian summer monsoon rainfall, retain their
directional relationships under ICV. By integrating network-based synchronization
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metrics with causal inference, our study explicitly reveals how ICV reshapes both the
spatial structure and the underlying dynamical mechanisms driving extreme rainfall
synchronization.

Results

Variability in Spatial Patterns and Extremes across Ensemble
Members

Accurate projections of the hydroclimate for decision horizons or decadal timescales
are crucial for engineering design, but ICV can drive large deviations in the mean
and extremes of precipitation, even under identical external forcings [6, 25] Figure 1
compares two initial condition (IC) runs r10ilplfl and r12i1plfl from a EC Earth3
ensemble. Both runs share identical historical external forcings, but differ slightly in
their initial atmospheric and oceanic states. Panels (a)—(d) depict mean precipitation
changes from 1981-2010 to 1951-1980, revealing opposite signals of approximately
+ 65% and 30% in the regions of northern Australia, South Central Asia and the
Amazon (marked by boxes). Such pronounced regional discrepancies underscore how
minor variations in initial atmospheric and oceanic states can evolve into markedly
divergent decadal scale hydroclimatic trajectories. These results align closely with
previous large ensemble analyses that demonstrate a strong regional precipitation
sensities to ICV [1, 25].

To examine whether similar discrepancies extend to extreme rainfall inten-
sities relevant for infrastructure design, panels (e)—(f) in Figure 1 show Inten-
sity-Duration—Frequency (IDF) curves for return periods of 30, 50, and 100 years,
aggregated across all 50 members of the ensemble. The interquartile range (IQR) for
the 1-day, 100 year rainfall intensities reveals considerable variability: for example,
South Central Asia exhibits variations of approximately 16 to 31 mm/day, while north-
ern Australia vary over 4.5 to 9 mm/day. This wide uncertainty due solely to ICV
poses significant challenges for engineering designs, which often assume stationarity
and stable IDF benchmarks over typical 30 year planning horizons [7]. Our findings
further confirm insights from earlier SMILE studies that ICV can rival or even surpass
externally forced signals on decadal timescales, influencing both mean climate states
and short duration rainfall extremes [6, 7, 25].

Given these clear impacts of ICV on the regional precipitation means and extremes,
a critical additional question arises: Does the internal variability influence the spatial
and temporal organization of extreme rainfall events in a similar way? We address this
in the following subsection by analyzing the robustness and variability of synchronized
extreme rainfall networks across ensemble members.

Robust Spatial Network of Synchronous Extreme Rainfall
across 1Cs
Although Figure 1 illustrates considerable variability in the mean JJAS precipitation

and short duration extremes across different initial conditions (IC) simulations of the
EC Earth3 ensemble, it remains unclear whether extreme rainfall events in different
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regions continue to be organized by similar large scale atmospheric mechanisms. To
diagnose this, Figure 2 examines whether synchronous extremes retain a coherent
spatial structure under both historical baseline conditions (1980-2014) and a near
future scenario (SSP245, 2015-2049), despite the divergent ensemble outcomes in event
intensity and frequency.

We employ an event synchronization procedure (see Methods) that defines Extreme
Rainfall Events (EREs) at each grid cell as the top 10% of wet days (> 1 mm/day).
Two grid cells are considered synchronized if their EREs occur within +10 days of each
other, a timescale chosen to capture traveling wave trains, monsoonal circulations, and
other large scale circulation patterns known to synchronize heavy rainfall across large
geographic distances [26, 27]. To minimize spurious linkages, we retain only synchro-
nization links exceeding a 95th percentile significance threshold, determined through a
reshuffling procedure (1000 reshuffles per grid cell, see Methods). The resulting binary,
undirected synchronization network characterizes each grid cell (node) by its degree,
defined as the number of other cells it synchronizes with. High degree nodes typically
reflect regions influenced by persistent large-scale atmospheric forcings such as the
monsoon belts and the Intertropical Convergence Zone (ITCZ) [20, 28, 29].

Panels (a) and (c) of Figure 2 present the spatial distribution of degrees for two
representative IC runs under historical forcing. Despite notable differences in their
mean and extreme precipitation magnitudes (Figure 1), both synchronization networks
exhibit strikingly similar spatial patterns. Highest degree nodes consistently cluster
along known monsoon corridors and the ITCZ, reinforcing that the spatial ”back-
bone” of synchronous rainfall is remarkably robust to initial state perturbations. The
+10-day synchronization window effectively filters out the short lived convective or
mesoscale systems, highlighting broader, persistent atmospheric dynamics that facili-
tate extensive rainfall synchronization. These observations suggest that, although the
exact timing, intensity, and frequency of extremes differ among ensemble members, the
underlying spatial organization driven by large scale atmospheric processes remains
largely invariant with continued warming.

Panels (b) and (d) of Figure 2 illustrate these synchronization patterns for the
same IC runs under the SSP245 scenario, highlighting the changes relative to the
historical baseline. The regions initially exhibiting moderate to high degrees tend to
become more interconnected under modest warming, indicating an expansion of syn-
chronous extreme rainfall episodes. Importantly, this enhanced synchronization does
not translate uniformly into higher local rainfall intensities everywhere. Rather, it
underscores the persistence and the potential intensification of large-scale dynami-
cal structures that synchronize extreme rainfall events. Statistical analyzes, including
Kolmogorov-Smirnov tests and the low Jeffrey divergence scores, confirm that the
degree distributions remain remarkably similar across the different IC runs, reinforc-
ing the network topology robustness against internal variability and moderate forced
climate changes. This stability provides a strong justification for pooling multiple IC
realizations to improve sampling of the rare synchronized extremes, since the funda-
mental spatial linkages appear to be largely unaffected by the ICs or moderate warming
scenarios.
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To explicitly isolate the influence of ICV, we apply the event synchronization
procedure to a 35 year subset of the preindustrial control (piControl) simulation.
The resulting network provides a spatial degree baseline devoid of external anthro-
pogenic forcing (Supplementary Figure S1). Although anthropogenic warming modifies
the absolute density and spatial reach of synchronization links, the piControl base-
line clearly indicates that core connectivity patterns primarily emerge from intrinsic
internal climate dynamics rather than externally forced changes.

One possible reason for this remarkable spatial invariance is that, to the first
order, the statistics of the extreme rainfall event frequencies constrain the network
topology itself. When grid cells experience similar numbers of extreme events across
different IC runs, pairwise-synchronization links naturally coalesce into nearly identical
spatial structures. This hypothesis is supported by the low variability in extreme
event frequencies observed throughout the historical ensemble (Supplementary Fig.
S2), suggesting that the minimal spread in the event count alone is sufficient to stabilize
the connectivity structure.

Having established that the spatial organization of synchronous extreme rainfall
remains robust under internal variability, we now investigate whether the large-scale
atmospheric teleconnections that underpin such synchronizations patterns remain con-
sistent across ensemble members. For this we use Examples of South central Asia,
Europe and South East Europe and South China case study as motivating examples,
since these regions are known to face near simulatneous extreme rainfall events.[20, 30]

Persistent Silk Road Teleconnection Linking Europe and
South Central Asia

Quasi-stationary Rossby wave trains strongly influence synchronous extreme rainfall
across large geographic domains. Although such teleconnections are extensively docu-
mented, their robustness to ICVs, particularly across multiple ensemble realizations,
remains unclear. Investigating this robustness is essential for improving the predictabil-
ity of rainfall extremes and guiding region specific climate adaptation strategies. Here,
we specifically analyze the stability of the Silk Road teleconnection, a well estab-
lished midlatitude wave pattern that connects extreme rainfall events (EREs) between
Europe and South Central Asia during the boreal summer [31-33]. Understanding this
teleconnection is particularly crucial due to its implications for the monsoonal rainfall
variability and the associated flood risks in densely populated regions.

To examine the teleconnection robustness, we define daily EREs as rainfall exceed-
ing the local 90th percentile, smoothed using a 10 day low pass filter to capture
persistent synoptic scale rainfall anomalies. We computed the lead-lag ranked corre-
lations of the extremes of rainfall between Europe (42 ° N - 50 ° N, 3 °E - 15 ° E)
and South Central Asia (SCA) in 50 initial condition (IC) runs of the EC Earth3
ensemble. In particular, peak correlations occur consistently within a narrow 1-3 day
window (Figure 3a), highlighting the temporal stability of the interdependence of the
EREs in two selected regions. This consistent lag implies that, while the internal
variability strongly affects local rainfall magnitudes, it does not significantly disrupt
the underlying atmospheric mechanisms enabling synchronized rainfall events across
distant regions.
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Composite analyses of rainfall anomalies (relative to JJAS climatology) further
confirm the peak rainfall extremes in Europe typically precede intensified rainfall in
South Central Asia by approximately three days, as demonstrated for representa-
tive IC runs (r105ilp1fl shown in Fig. 3b—e; r113ilplfl in Supplementary Fig. S3).
Concurrent anomalies in 250 hPa meridional winds (Figure 3 d-e) illustrate an east-
ward propagating Rossby wave train, characteristic of the Silk Road pattern. Spectral
analysis consistently reveals a dominant wave number 6 across ensemble members,
reinforcing that this synoptic scale structure is resilient to internal variability.

Across all the 50 members of the initial condition EC Earth, the frequency anal-
ysis shows that the synchronization between the European and South Central Asian
(SCA) rainfall extremes peaks from mid-July to the end of August (Fig. 4a). When
the Most Synchronization Days (MSDs) are conditioned on phases of the Indian
Summer Monsoon (ISMR), synchronization is strongest during active monsoon peri-
ods (Fig. 4b—c), when enhanced upper-level Rossby-wave activity overlaps with deep
monsoon convection.

A similar response has been noted in previous studies [33-35]. Upper level anticy-
clonic anomalies near the North Atlantic jet exit region trigger a stationary Rossby
wave response, which in turn enhances the downstream Central Asian High. This high
influences monsoon convection through two key pathways: it redirects the Rossby wave
equatorward, intensifying convection over northern India [33], and active convection
over this region further reinforces the Central Asian High via the monsoon desert
mechanism [36].

We further verified intraseasonal synchronization using an Asian Summer Mon-
soon (ASM) focused case study, applying exactly the same composite methodology
and extracting MSDs as in our Europe-SCA analysis. We examined the interdepen-
dence of EREs between South-East Europe (39°-47° N, 15°-29° E) and South China
(24°-30° N, 105°-118° E)—a pair motivated by the near simultaneous early summer
2018 extremes in SE Europe and the Meiyu/Baiu sector [30]. The resulting compos-
ites (Supplementary Fig. S4(a)) reproduce the expected seasonal evolution with more
synchronizations in June followed by a decreasing trend, with a recognizable shift from
an upper level zonal flow east early in the season to a westward flow later (over Japan
in particular). This transition is consistent with the end of the Meiyu/Baiu, marked
by the weakening of high-altitude westerly jets and the emergence of easterlies over
the same region [37]. In addition, upper-level meridional wind anomalies confirm a
Rossby-wave linkage between these mid-latitude regions, supporting the interpreta-
tion that wave propagation organizes remote ERE synchronization [20, 33]. Overall,
temporal ordering and upper tropospheric conditions are mutually consistent with
observed connections, and the same qualitative behavior recurs across all 50 EC-Earth
initial-condition members (see Supplementary Fig. S4), underscoring the robustness
of this result.

our results thus consistently identify the Silk Road teleconnection as a persistent
dynamical pathway that synchronizes rainfall between Europe and South Central Asia
(SCA) and, in the ASM case study, reveal an upper-level circulation link between
South East Europe and South China, the extent to which ICV modulates the strength,
spatial footprint, and reliability of these links remains uncertain. In particular, slower
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oceanic feedbacks may systematically reinforce or disrupt these atmospheric connec-
tions under different climate regimes. Clarifying these interactions is essential for
understanding the dynamical basis of rainfall synchronization. We therefore proceed
to a causal analysis of oceanic modes and their links to Indian Summer Monsoon
Rainfall (ISMR) across multiple realizations of ICV.

Fragile Ocean Indian Summer Monsoon Rainfall
Teleconnections under Internal Climate Variability

Although our previous analyses revealed that spatial and atmospheric teleconnections
exhibit robustness across multiple initial condition (IC) ensemble runs, the stability
of ocean driven teleconnections to Indian Summer Monsoon Rainfall (ISMR) under
ICV remains uncertain. Given the longer memory and complex interactions of oceanic
modes compared to the atmospheric drivers, ocean—monsoon coupling pathways may
be especially susceptible to small initial perturbations. To systematically evaluate this
hypothesis, we applied a lagged causal inference framework (PCMCI 4+, see Methods)
to assess the consistency of canonical ocean Monsoon teleconnections, such as ENSO-
to-ISMR, across multiple ICs.

We constructed monthly climate mode indices for major oceanic drivers: El Nino
Southern Oscillation (ENSO; NINO3.4 index), Indian Ocean Dipole (IOD), Atlantic
Multidecadal Oscillation (AMO), Pacific Decadal Oscillation (PDO), North Atlantic
Oscillation (NAO), Atlantic Nino (ATLNINO), and ISMR itself. Monthly anomalies
were calculated from observational datasets (COBE SST anomalies and IMD rainfall,
1871-2014) and eight historical members of the IC ensemble of EC Earth3 (1850-2014).
PCMCI+ identifies statistically significant lagged causal links via partial correlation
tests with a maximum lag of five months, selected to encompass relevant seasonal
ocean—monsoon interactions.

Observational data reproduce well established teleconnections (Fig. 5a), partic-
ularly the robust ENSO driven ISMR variability and strong ENSO-IOD coupling,
with AMO modulating the IOD. However, individual IC runs exhibit striking differ-
ences in their causal network structures (Fig. 5¢). Some IC realizations yield extensive
ocean to monsoon causal linkages, whereas others produce sparse or basically no con-
nections. This variability arises because slow evolving oceanic modes diverge rapidly
among ensemble members, shifting phases and amplitudes enough to substantially
alter teleconnection strengths. Consequently, relying on the realizations of a single
model risks misinterpreting weak or strong ocean-ISMR relationships as inherent
physical characteristics rather than resulting from internal variability.

To further highlight how internal variability modulates the strength of ocean mon-
soon coupling, we analyzed the node degree time series of causal networks derived from
PCMCI+ across eight historical IC members of EC Earth3 using simple Pearson corre-
lations (Supplementary Figure S5). Realizations maintaining persistent ENSO—ISMR
and IOD—ISMR causal links exhibit consistently high correlations between climate
modes, indicating stable teleconnection structures. In contrast, ICs with intermittent
or absent links display weaker fragmented correlations, reflecting episodic decou-
pling between the ocean modes and the monsoon rainfall. This analysis underscores
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that ICV not only determines the presence or absence of specific teleconnections but
fundamentally affects the coherence and consistency of large scale coupling patterns.

To robustly quantify Ocean—-ISMR teleconnections despite ICV induced variability,
we employ a multipleinitial condition ensemble approach (MICE). By concatenating
data across multiple IC runs, MICE reliably recovers the principal ocean to mon-
soon causal pathways observed historically (Fig. 5b). Bootstrap aggregation methods
applied within this ensemble context distinguish robust teleconnections from spurious
IC dependent artifacts, clearly demonstrating the advantage of ensemble aggrega-
tion. Specifically, ensemble members characterized by prolonged weak ENSO and 10D
epochs yield sparse causal networks, whereas IC runs with frequent, strong ENSO/IOD
occurrences produce denser, more interconnected networks.

Collectively, these results strongly caution against assessing model fidelity or
interpreting teleconnections robustness based solely on single realization of a model
simulations. Our findings highlight the critical role of ensemble based frameworks, such
as MICE combined with robust statistical aggregation, in accurately characterizing
ocean atmosphere teleconnections. This ensemble perspective is essential for pre-
venting misinterpretation of internal variability as fundamental physical uncertainty,
thereby improving reliability in climate inference and improving decision making for
climate adaptation.

Discussion and Conclusion

Decision making for climate risk management often implicitly assumes tha the histor-
ical climate records or single model simulations represent a reliable or comprehensive
depiction of future extremes. However, the observed climate trajectory is merely one
among the many plausible realizations, each shaped by ICV. While dynamical and
thermodynamical constraints define the broad envelope of physically possible out-
comes, ICV can still give rise to extremes that are surprising in their timing or location,
even if not unexpected in a theoretical sense. Our study directly addresses this chal-
lenge by using a 50 member EC Earth3 ensemble to systematically examine how small
perturbations in initial oceanic and atmospheric states influence regional precipitation
patterns, extremes, and large scale teleconnections.

Our analysis yields two critical insights. First, even under identical external forc-
ings, minor differences in ICs can lead to significantly divergent regional precipitation
responses, affecting both mean and extreme rainfall. This internal variability funda-
mentally challenges the conventional assumptions of climate stationarity that underpin
planning in multiple sectors, including agriculture, water management, energy systems,
health, urban development, and infrastructure. Second, despite the pronounced spread
in rainfall intensity between ensemble members, the spatial synchronization of EREs
remains remarkably robust. Specifically, regions governed by persistent large scale
atmospheric processes, such as monsoonal systems and the ITCZ, consistently exhibit
coherent synchronization patterns, suggesting that the organizational dynamics of
EREs are resilient to internal perturbations.

Mechanistically, our results reveal a sharp contrast between atmospheric and
oceanic teleconnections under internal variability. The Silk Road teleconnection, a
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well known Rossby wave pathway linking EREs between Europe and South Central
Asia, reliably emerges across ensemble members, reflecting the structural stability
of upper tropospheric waveguides. In contrast, ocean driven teleconnections, such as
ENSO-ISMR coupling, exhibit marked sensitivity to ICV, varying significantly in
strength, directionality, and spatial imprint across initial condition runs. This con-
trast highlights the fragility of slower evolving oceanic processes and the resulting
uncertainty in their causal influence on regional rainfall.

These findings have immediate implications for the multi sectoral assessment of
climate risk and the design of resilient systems. The robustness of atmospheric syn-
chronization networks strengthens the case for ensemble based diagnostics to inform
more reliable estimation of extreme event probabilities, critical for sectoral planning in
agriculture, disaster risk reduction, public health, energy, and infrastructure. In con-
trast, the instability of ocean—monsoon teleconnections underscores the limitations of
relying on single realizations or short observational records to inform long term strate-
gies. Ensemble frameworks, combined with causal inference and statistical aggregation,
offer a pathway to more robust and adaptive climate informed decision making.

Our approach has limitations, including incomplete upper level wind data for val-
idating wave structures, potential methodological biases that favor large scale signals,
and limited exploration of nonlinear causal inference techniques. However, by dis-
entangling robust atmospheric pathways from more variable ocean driven pathways,
our results reinforce the value of large ensemble methodologies for understanding the
structural organization of climate extremes.

Finally, despite the growing availability of open source Earth System Model prod-
ucts, which now extend to hundreds of petabytes, significant challenges remain in
translating these data into actionable insights. Current practices still often rely on
limited observational records or deterministic model output, potentially overlooking
key aspects of ICV . Our findings directly contribute to addressing this gap by demon-
strating the practical value of ensemble based approaches in quantifying uncertainty
and identifying robust teleconnections. The widespread adoption of such frameworks
can significantly enhance the scientific foundation for climate projections and support
informed multi sectoral adaptation planning in the face of an increasingly uncertain
climate future.

Methods
Data

Daily precipitation and wind components at 250 hpa are obtained for 50 members of
the initial conditions ensemble of the CMIP6 EC Earth3 model, available through the
Earth System Grid Federation (https://esgf-data.dkrz.de/projects/esgf-dkrz/). These
include simulations from the historical experiment covering 1980-2014 and the SSP245
scenario from 2015-2049. This large single model initial condition ensemble (SMILESs)
enables us to assess the robustness of event synchronization networks under internal
variability and near term climate change. We used observational data from the Multi-
Source Weighted Ensemble Precipitation (MSWEP) V2.2 dataset for the period 1980
2014. This dataset merges gauge, satellite, and reanalysis data and is provided at a
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spatial resolution of 0.1° x 0.1° . We restrict our analysis in the meridional direction
to the latitudinal range from the Southern subtropics to the Northern mid latitudes
(180° W—180° E, 30° S—70° N).To ensure consistency in spatial analysis, we apply near-
est neighbor interpolation using the Fekete algorithm, which redistributes the data
onto approximately 26000 uniformly distributed spatial points. The spacing between
these points corresponds to the equatorial distance on a Gaussian 1° grid.

All precipitation time series are linearly detrended prior to analysis. Wet days
are defined as days with daily rainfall > 1 mm/day. EREs at each location are then
identified as days when the precipitation exceeds the 90th percentile of all wet days
at that location. This study focuses on the analysis of EREs occurring within the
monsoon season, set as June—September (JJAS). Consequently, the analysis is limited
to this specific time frame.

The monthly rainfall data based on fixed stations from a long historical dataset of
Parthasarathy [38](1871-2016) is used as a measure of ISMR. The SST fields, obtained
from COBE SST2 [39] data (1850-2016), are used as the primary SST field for deriving
monthly AMO and ENSO indices. The monthly atmospheric SLP fields are obtained
from NCEP 20CR V3 [40]. Additionally, we used monthly SST and rainfall data from
eight initial condition ensemble members of the EC Earth3 model spanning 1850-2014.
These extended simulations are used to assess the robustness of ocean Indian monsoon
causal relationships using the PCMCI+ algorithm. Both SST and rainfall time series
are taken from the same ensemble members to preserve consistency between oceanic
and atmospheric states during causal analysis.In this study, our experimental design
for testing the robustness of teleconnection and causal influence closely follows the
design of Goswami etal. [23], ensuring comparability with the observation experiment.

Complex Network Analysis

Event Synchronization (ES)

Event Synchronization (ES) is a non parametric technique for detecting temporal
dependencies between time discrete events, making no assumptions about linearity
or stationarity. In this study, we employ ES to quantify how extreme rainfall events
(EREs) synchronize across different geographical locations, following [17-20].

1. Identifying the dynamic temporal delay

For two grid points ¢ and j, let their sets of extreme rainfall event times be
{t0.49, 0} and {87,451,

where s; and s; denote the total numbers of EREs at locations ¢ and j, respectively.

For the [-th event at location ¢ and the m-th event at location j, we define the dynamic

temporal delay T( 9) as:

= min{ S0, 1), S0 60)), 3 1), 36D )b
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Here, indices | + 1 or [ — 1 (and similarly m + 1 or m — 1) refer to valid neighboring
events in time. Events at ¢ and j are deemed synchronized if their occurrence times

differ by no more than 10days (i.e., |tl(i) - t%)\ < 10).

2. Counting directional synchronization

Define a function Jl(z:j ) that counts how often an event at j is followed by an event
at i _ _ o
1ifo< (B — ) <P,
T = 05 it =49, (2)
0 otherwise.
)

Summing Jl()i:l_ over all event pairs (I, m) gives the count ¢(i | j):

Ssi  Sj

c(ilj) = D3 g, (3)
=1 m=1

3. Total synchronization strength

We denote the total synchronization strength @;; between locations i and j as the
sum of mutual directional counts:

Qij = clilj) + c(j | i) (4)
A larger );; indicates stronger event synchronization between the two grid cells.

4. Constructing the synchronization matrix

Once ES is applied to all pairs (i, 7), we obtain a large synchronization matrix Q =
(Qij) of dimension N x N, where N is the total number of grid points. Consecutive
events within a small time window at the same location are merged into a single
effective event to avoid artifactual counts (J; ,, = 0.5 for extended blocks).

5. Significance test and adjacency matrix

We assess the statistical significance of Q;; using surrogate event sequences that emu-
late random timing while preserving the observed number of events at each location.
Specifically, under the null hypothesis that e; and e; are random and independent, we
draw 2,000 pairs of surrogate time series {e;, e}, each having the same numbers s;
and s; of events as the real series. We compute @Q;; for each surrogate pair, yielding
an empirical distribution of synchronization strengths. The observed synchronization

Q;; is deemed significant at the 95% level if:
Qi > Q/ij(a =0.95), (5)

where ng(a = 0.95) is the 95th percentile of the surrogate based values.
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Let A= (.Aij) denote the adjacency matrix. We set

(6)

1 if Qyj is significant,
Aij = .
0 otherwise.
Thus, A;; = 1 indicates that EREs at location ¢ follow events at location j (or vice
versa) more frequently than expected under purely random conditions, implying a
statistically robust link in the event synchronization network.

Lagged Correlation and High Synchronization times Between
Europe and South Central Asia

Let Region A (Europe) contain M grid cells, and Region B (South Central Asia)
contain N grid cells. On any given day ¢, we identify the subset of m(¢) grid cells in
Region A that exceed the 90th percentile threshold for extreme rainfall events (EREs).
Denoting daily precipitation at the i-th grid cell in Region A as E 4 ;(t), we define an
indicator:

1, FEai(t)>qa;
BRE (1) = § 0 D) = da ™)
’ 0, otherwise,
where g4 ,; is the 90th percentile rainfall threshold at grid cell 7. Thus,
M
m(t) = > EREA;(#). (8)
i=1

We then look ahead over a 10 day window (7 = 10) in Region B, summing the
total number of grid cells that experience EREs from day ¢ to day t + 7. Let:

7 N
n(t) =Y Y EREp;(t+0). (9)

=0 j=1
Multiplying m(t) and n(t) yields a day-specific measure of synchronized extremes:
ESap(t) =m(t) x n(t). (10)

Repeating this calculation over all days ¢ generates the time series {ES4_,p(t)}. A
low pass Chebyshev filter is then applied to smooth short term fluctuations. Reversing
the roles of Regions A and B produces ESp_, 4(t) following the same procedure. Then
we determine days of strong synchronization by identifying the local maxima of the
timeseries that are above the 90th percentile of the entire timeseries {ESa_,p(t)}.

Once we obtain the two synchronization time series, {ESa_p(t)} and
{ESp_a(t)}, we compute the Spearman rank correlation at lags up to £30 days:

Pk = SpearmanCorr(ESA%B(t), ESp_a(t— k;)), k € [-30,...,30]. (11)
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We define the peak correlation and corresponding lag:

kpeak = arg;nax |pk:‘ (12>

PCMCI+
Multivariate time series setup

Consider a multivariate time series
X(t) = (Xl(t)vXQ(t), aXN(t))v t:]-v"'vTv (13)

where each X, (t) represents one climate index. We define a maximum lag 7y,.x for the
time dependencies:

P = {G7) | 1<j<N, 1<7 < T} (14)

so that for each variable X;, potential parents or drivers can include X (¢7) for (4,7) €
P;. In our application, we set Ty,.x = 5 months to allow for sub seasonal to seasonal
lead-lag relationships.

Overview of the algorithm

PCMCI+ is a two stage algorithm building on a structural causal framework for
momentary conditional independence. Let X; = X(t) for brevity, and write

Xit=Xi(t), Xjir=X;(t—1).

The algorithm aims to identify the set of parents (or direct drivers) of each Xj,
denoted IT; € P;. Once I, is determined, PCMCI+ evaluates whether X ;_, remains
a significant predictor of X;; when conditioning on other relevant variables and lags.

Step 1: PC stable adjacency selection
1. For each target variable X, initialize the adjacency set A; < P;.

2. For each order ¢ =0,1,2,.. .
(a) For each pair (i, (j,7)) currently in A;, test whether

(Xip L Xj4-7) 1S

for some subset S of size ¢ drawn from A; \ {(j,7)}.
(b) If a conditional independence test is satisfied (e.g., partial correlation = 0 at
a chosen significance level), remove (j, 7) from A,.
(c¢) Continue until no more links can be removed at order q.
The final adjacency sets {A;}Y; are then used in the second stage.
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Step 2: Momentary Conditional Independence (MCI) test
For each candidate parent (j,7) € A;, an MCI test checks whether

(Xie L Xju—r |S), (15)

where S C {X;_1,..., X r.. F \{(J, 7)}. In practice, MCI uses a multivariate regres-
sion approach that conditions on S. If conditional independence holds, (j, 7) is removed
from the parent set of X;.

Partial correlation based test

For both adjacency selection and MCI, we use the partial correlation (ParCorr) mea-
sure to test for conditional independence. Let Y; and Y; denote the standardized
residuals of X;; and X;;_, after regressing out the conditioning set S. Then the
partial correlation is

E|Y;Y;
pParCorr(Xi,tv Xj,t—r | S) = # (16)
E[Y2]E[Y?]

Under the null hypothesis of conditional independence, pparcorr = 0. A corresponding
test statistic under approximate normality is

D|—|S| -2
T = PParCorr %a (17)
1- PParCorr

where |D| is the sample size and |S]| is the size of the conditioning set. A threshold on
T (or its p-value) determines rejection of the independence hypothesis.

Implementation details

After the MCI step, the final parent sets {II;}, are refined to remove potential
orientation conflicts and form a directed causal graph, where X;;_» — X, indicates
a significant lagged influence of index j on index 4. In this study, we use a uniform
Tmax = D months and a nominal 5% significance level for the ParCorr based tests.
The algorithm is implemented via the tigramite Python package, which provides
efficient functions for PCMCI+ inference. By comparing the resulting graphs across
our 10 initial condition runs, we assess how ocean-monsoon coupling (e.g., ENSO —
ISMR) may vary and whether slower oceanic feedbacks disrupt otherwise stable rainfall
teleconnections.

Network Measures

To quantify the properties of the network, we use the following measures:
¢ Degree Centrality (DC): For a network with N nodes, the degree centrality
of a node j measures the number of connections (edges) it has:
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S A
DC;, = =t=———+ 18
e Average Link Length (ALL): The average link length measures the average
physical distance between connected nodes. It is computed as:

N—-1
2im1 Aijdi
N—1
Zi:l Aij
where d;; is the physical distance between grid points ¢ and j.

ALL = (19)

Code availability

PCMCI+ code is obtained from tigramite package available from (https://jakobrunge.
github.io/tigramite software.
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Fig. 1: Spatial change in JJAS precipitation and IDF characteristics across
ICs. Panels (a) and (b) show the percentage change in mean JJAS precipitation
between the recent (1981-2010) and historical (1951-1980) climatology over land for
two randomly selected ICs (r10ilplfl and r12ilplfl, respectively) from the EC-Earth3
historical ensemble. Dashed boxes highlight regions with stark contrasts: the Amazon,
South Asia, and Australia. Panels (c) and (d) depict the same analysis as (a) and
(b), respectively, but over the ocean. Panels (e) and (f) present Intensity-Duration-
Frequency (IDF) curves for Australia and South Central Asia (SCA: 25°N to 32°N,
71°E to 88°E), respectively. Return levels for 30 , 50 , and 100 year periods are esti-
mated using the block maxima approach and fitted with the Generalized Extreme
Value (GEV) distribution. The boxplots summarize the spread across 50 initial con-
dition ensemble members.
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Fig. 2: Spatial and statistical analysis of degree distributions from histor-
ical and future simulations. Panels (a) and (b) display the spatial distribution
of network degree for one selected initial condition (r105i1p1fl) from the EC Earth3
ensemble. Panel (a) corresponds to the network constructed from the historical sim-
ulation (1980-2014), while panel (b) corresponds to the network constructed from
the SSP245 scenario (2015-2049). Panels (c) and (d) show the same for another ini-
tial condition (r113ilpl1fl). Hatched regions indicate areas with fewer than five EREs
and are excluded from the analysis. Panel (e) shows the empirical probability density
functions (PDFs) of node degree across 50 networks derived from 50 ICs under the
historical scenario. The thick blue dashed line represents the KDE of the degree dis-
tribution from the observational MSWEP dataset for the same period. The inset in
panel (e) includes a matrix where the lower triangle displays the results of pairwise
Kolmogorov Smirnov (KS) tests at the 0.01 significance level black cells denote pairs of
networks not significantly different while the upper triangle shows the corresponding
Jeffreys divergence values. Panel (f) shows the same analysis as (e), but for networks
constructed from the SSP 245 scenario (2015-2049).
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Gl Lead-Lag Correlation Across 50 Initial Conditions
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Fig. 3: Lead—lag relationships and composite rainfall anomalies between
Europe and South Central Asia (SCA). Panel (a) shows the lead-lag correlation
between Europe (42°N-50°N, 3°E-15°E) and South Central Asia (SCA) based on
spatially aggregated daily counts of EREs above the 90th percentile. All time series
are smoothed using an 10-day low pass filter (see Methods: ‘Lagged Correlation and
High Synchronization Times Between Europe and South Central Asia’). Colored lines
correspond to individual ICs, while the A thick solid black line shows the ensemble
mean correlation across 50 ICs. The dashed The red line indicates the lag at which
the mean correlation peaks. Panels (b) and (c) for IC 105 display composite rainfall
anomalies on day 0 and day 3, respectively, for days with high numbers of EREs in
Europe followed by associated EREs in SCA. Panels (d) and (e) show the Composite
anomalies of the meridional wind component v at 250 hPa. Anomalies are expressed
in mm/day for rainfall and m/s for V at 250 hPa, and black boxes highlight the
Europe and SCA regions used for analysis.The wave train strengthens towards the east
within 3 days after the initial ERE occurrence in Europe. The dominant wavenumber
associated with this Rossby wave pattern is 6, determined from the spatial power
spectral density of the latitude belt from 37.5° N to 47.5° N.
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Weekly Distribution of MSD Counts Across 50 Initial Conditions
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Fig. 4: Distribution of Synchronous days over week of year for the 50 ICs
and ,likelihood of MSDs based on ISM activity. (a) For the MSDs, we estimate
the distribution over the week of the year in the JJAS observation period for all the
initial condition which peak around july and august. (b) and (c) The occurrence of
MSDs is conditioned on the Indian summer monsoon phases for IC 105 and IC 113.
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Fig. 5: Causal Networks among Major Climate Modes and Indian Sum-
mer Monsoon Rainfall (ISMR). Panels (a-b) illustrate causal relationships among
major climate indices—Indian Ocean Dipole (IOD), El Nino-Southern Oscillation
(ENSO; NINO3.4), Atlantic Multidecadal Oscillation (AMO), North Atlantic Oscil-
lation (NAO), Pacific Decadal Oscillation (PDO), Atlantic Nino (ATLNINO) and
ISMR, determined using PCMCI+. Panel (a) shows results derived from observational
data (COBE SST anomalies and IMD rainfall, 1871-2014), while panel (b) presents
the ensemble concatenated network across eight ICs from the EC Earth3 historical
runs (1850-2014). Panel (c) displays networks for individual EC Earth3 ICs. Arrows
indicate causal directions: red (positive), blue (negative), with curved arrows showing
lagged causal links (lags labeled in months) and straight arrows showing contempo-
raneous links. Node colors reflect self dependency strength (auto MCI). Link widths
correspond to the frequency of each causal relationship identified through bagging
(200 repetitions).
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Supplementary Information

Robust networks of rainfall extremes emerge despite fragile
ocean monsoon causality under Internal variability

This file includes:
Supplementary Figures S1 to S5

1. Global connectivity structure for piControl simulation

To establish a reference for the spatial connectivity of rainfall extremes in the absence of external forcing,

we applied the event synchronization method as described in the main text to a 35-year subset of the
pre-industrial control (piControl) simulation. This analysis mirrors the procedure previously performed on
the 50 initial-condition ensemble members of EC-Earth3, yielding nearly identical network metrics. The
congruence between the piControl and ensemble-based results implies that the large-scale organization of
rainfall extreme events is predominantly shaped by internal climate variability, rather than by model
initialization or transient forcings. Consequently, the piControl-derived network structures serve as robust
baselines for assessing changes in extreme-rainfall connectivity under anthropogenic influences

(a) V/ : PiControl
, W o 11

////////U

\
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‘ﬁx’\
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3222 3667
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1000 1444 1889 2333 2778

Supplementary Figure S1.

4111

120°€

4556 5000

Probability

== picontrol

Degrees

Spatial and statistical analysis of degree distributions from piControl simulations forEarth
system models: EC-Earth3 (a) display the spatial distribution of network degree (b) shows
the empirical probability density functions (PDFs) of node degree of networks derived

from piControl simulations.
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2. Invariance of Global connectivity structure of Rainfall extremes for historical
simulation

We applied the event-synchronization method to extreme rainfall events identified
in each of 50 initial-condition ensemble members of EC-Earth3 under historical
forcing (1980-2014). Despite different initial states, the derived network topology
remained essentially identical across all realizations. We attribute this invariance
to the small variation in the number of extreme events across ensemble members.
To demonstrate this, we computed, at each grid cell, the ensemble mean and
standard deviation of extreme-event counts over the 50 simulations: the mean map
highlights the spatial distribution of extreme-rainfall events frequency, while the
low values in the standard-deviation map confirm that extreme-event occurrence is
remarkably consistent across different initial conditions.

Mean Number of Extreme Events per Location

. 7S p

120°W - 60°W

13.7 323 51.0 69.7
Mean Events

Std Deviation of Extreme Events per Location

9.18 10.95 12.72

Std Events
Supplementary Figure S2. (a) Ensemble means number of extreme rainfall events per
grid cell across 50 EC-Earth3 initial-condition members for 1980-2014. (b)
Corresponding standard deviation of extreme-event counts, illustrating the low variability
in extreme-rainfall frequency across the ensemble.
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Supplementary Figure S3

Same as Main text Figure 3 but for IC 113

Top panel shows the Composite rainfall anomalies on day 0 and day 3, respectively, for
days with high numbers of EREs in Europe followed by associated EREs in SCA .bottom
panels show the Composite anomalies of the meridional wind component v at 250 hPa.
Anomalies are expressed in mm/day for rainfall and m/s for V at 250 hPa, and black
boxes highlight the Europe and SCA regions used for analysis.The wave train strengthens
towards the east within 3 days after the initial ERE occurrence in Europe. The domi-

nant wavenumber associated with this Rossby wave pattern is 6, determined from the
spatial power spectral density of the latitude belt from 37.5° N to 47.5° N.
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Supplementary Figure S4

a b

Relative Frequency of MSDs

o.
Rainfall Anomaly(mm/day)

Atmospheric conditions for the teleconnection pattern between South-East Europe and
South China, marked with boxes. (a) Frequency of days when these regions are highly
synchronized over JJAS across all 50 initial conditions. (b) and (d) Composite anomalies
of 250 hPa meridional wind component V and 250 hPa zonal wind component u, with
respect to the JJAS climatology, (¢) Composite anomalies of Rainfall with respect to the
JJAS climatology when South-East Europe and South China

are highly synchronised for the IC 105.(see Sec. Lagged Correlation and High
Synchronization times Between Europe and South Central Asia in main for
identification of Most synchronous days).
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Supplementary Figure S5.To evaluate how different initial-condition realizations affect the
inferred causal relationships among key climate modes, we computed the Pearson correlation for
eight selected EC-Earth3 ensemble members. Each matrix element represents the correlation
between the two nodes NINO34, IOD, ISMR, AMO, NAO, PDO, and ATNINO over the same
period for which the PCMCI network has been constructed in Main text fig 5.
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