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Abstract
While sea surface temperature (SST) anomalies are known as important drivers of terrestrial
heat extremes, a unified quantitative understanding of the SST’s impacts across seasons, ocean
basins, and lead times has not been ascertained. Here, we apply a complex network framework
to systematically investigate these ocean-to-land linkages at a global scale. It is found that the
global impacts of different ocean basins emerge at distinct time lags. In particular, the Indian
Ocean exerts near-instantaneous effects, whereas the predominant influences of tropical Pacific
can persist for up to six months. The impacts of the North Atlantic and western Pacific peak
at lead times of approximately 3–6 months. Robust SST-terrestrial heat extreme teleconnec-
tions span>90% of the land areas even at a lead time of 12 months, exposing a potentially
substantial source of long-term predictability that has been overlooked by traditional statis-
tical analysis. Climate models demonstrate skillful simulations of these lag-dependent tele-
connections, linking stronger SST variability to enhanced modulations on extreme terrestrial
high temperature. This framework provides a systematic, data-driven approach for elucidating
ocean-to-land modulations, which deepens our knowledge of the predictability of the climate
system.

1. Introduction

The escalating frequency and intensity of extreme
heat events in recent decades have posed severe threats
to human health, ecosystems, and socioeconomic
stability worldwide (Coumou and Rahmstorf 2012,
Zhang et al 2023, El Garroussi et al 2024, Nielsen
et al 2022, Berg et al 2016, Livingstone et al 2022,
Naumann et al 2021, Matthews et al 2025). Ranking
as the warmest on record, the year 2024 witnessed
record-breaking high temperatures across approxi-
mately 32% of the Earth’s land area, affecting around
3.3 billion people and underscoring a new climatic
reality (Berkeley Earth 2025, WMO 2025). While
effective prediction of such heat extremes is cru-
cial for mitigating impacts and enhancing climate

adaptation, their predictability remains to be fully
understood.

Among the various physical factors governing ter-
restrial heat extremes (Bartusek et al 2022, Rousi et al
2022, Vautard et al 2023, Zhang et al 2023), sea sur-
face temperature (SST) serves as a pivotal source of
predictability (Hu et al 2021, Domeisen et al 2023).
As the dominant mode of tropical SST variability, the
El Niño–Southern Oscillation (ENSO) profoundly
influences global heat extremes by altering large-scale
atmospheric circulation (Loikith and Broccoli 2014,
Loughran et al 2019, Luo and Lau 2019, Martija-
Díez et al 2021, Naveena et al 2021), while its persis-
tence facilitates the potential for longer-term forecasts
(Domeisen et al 2023). Variability of SST in the Indian
Ocean—including the Indian Ocean dipole and the
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Indian Ocean basin warming—often act in concert
with ENSO to influence heat extremes in regions such
as East Asia and Australia (Reddy et al 2021). The
SST anomalies (SSTAs) in mid-latitude basins like
the North Atlantic and the North Pacific can trigger
heat extremes by exciting persistent atmosphericwave
patterns (Duchez et al 2016, McKinnon et al 2016,
Zhang et al 2022). These SST modes exert climatic
influences over varying durations, sometimes creat-
ing a sequential or ‘relay’ effect in the system (Yang
et al 2007, Cai et al 2026). While extensive research
has elucidated the connections between specific SST
modes and regional heat extremes, conventional sta-
tistical methods struggle to capture the full complex-
ity of these relationships, especially the basin-specific
lag structure. A unified framework for quantifying
the overall oceanic influence and its lag dependence
remains to be established.

Complex network theory has emerged as a pow-
erful tool for analyzing complex systems in climate
science, enabling the detection of underlying patterns
and teleconnections that remain obscured through
conventional methods (Boers et al 2014, 2019, Meng
et al 2023, Mondal et al 2023, Chauhan et al 2024,
Jiang et al 2024, Cai et al 2024a). By representing cli-
matological variables as nodes and their interactions
as links, complex networks can reveal synoptic syn-
chronizations (Boers et al 2014, Mondal et al 2023,
Jiang et al 2024, Cai et al 2024a) and propagation
pathways (Boers et al 2019,Meng et al 2023, Chauhan
et al 2024) in the climate system. It has been success-
fully applied to investigating the global connections of
extreme precipitation (Boers et al 2019), understand-
ing the linkages between heatwaves and atmospheric
teleconnections (Cai et al 2024a), and improving the
early warning systems for the Indian Ocean dipole
(Lu et al 2022).

In this study, we apply a complex-network anal-
ysis to identify basin-specific time lags and to quan-
tify the global impacts of different ocean basins. This
unified framework contrasts variations across differ-
ent seasons and lagged months, providing insights
into the complex ocean–land relationship and poten-
tially extending the predictability of terrestrial cli-
mate variability. It also enables the quantification
of teleconnection pathways linking oceanic basins to
remote land regions, shedding light on the regional
heterogeneity and complexity. Moreover, given the
substantial uncertainty in climate model simulations
of ocean–land teleconnection relationships, complex
networks could be applied to evaluate how well mod-
els reproduce these relationships on a global scale and
to identify the sources of such uncertainty (Ludescher
et al 2021). Therefore, the output from the Coupled
Model Intercomparison Project Phase 6 (CMIP6)
models will also be analyzed to demonstrate the capa-
bility of this framework in decoding these complex,
lead-time-dependent relationships.

2. Data andmethods

2.1. Datasets
Monthly SST data with the research domain cov-
ered by the 60◦ S–60◦ N region is obtained from
the Hadley Centre Global Sea Ice and SST. Daily
maximum temperature at 2 m (Tmax) is obtained
from the NOAA Climate Prediction Center (CPC),
while the monthly geopotential height at 200 hPa is
sourced from the EuropeanCentre forMedium-range
Weather Forecasts Reanalysis v5 (ERA5) datasets,
ranging from 80◦ S to 80◦ N. To isolate interannual
variability, SSTAs and 200 hPa geopotential height
anomalies (z200) are computed as the deviation from
the monthly climatological mean over the period
1981–2010, followed by a 3 month running mean.
Heat extremes over land grids are determined based
on the 95th quantile of daily maximum tempera-
ture (Tmax95th) for each season. The datamentioned
above are aggregated to 1◦ × 1◦ spatial resolution,
covering the period of 1979–2023. The analysis of
SST is confined to the 60◦ N–60◦ S latitudinal band
to focus on ice-free oceanic regions where air–sea
interactions are most robust. Similarly, atmospheric
variables from ERA5 are analyzed within 80◦ N–
80◦ S to ensure near-global coverage of terrestrial heat
extremes while excluding the extreme polar latitudes.

Further, this study employs themonthly SST (tos)
and daily Tmax (tas) from the historical simulations
during 1979–2014 of 21 CMIP6 models. The selec-
tion of these models was determined by data avail-
ability for both variables over the same period. They
represented diverse international centers and were
validated in previous literature for their ability to
simulate large-scale climate variability. All model
outputs are interpolated to a common 1◦ × 1◦ grid,
and the same preprocessing steps (climatology cal-
culation, anomaly derivation, seasonal percentile
thresholding, and linear detrending) are applied as for
the observational data. Twenty-one CMIP6 models
are included: ACCESS-CM2, CanESM5, EC-Earth3,
EC-Earth3-Veg, FGOALS-f3-L, FGOALS-g3, GFDL-
CM4, HadGEM3-GC31-LL, HadGEM3-GC31-
MM, IITM-ESM, INM-CM4-8, INM-CM5-0, IPSL-
CM6A-LR, KACE-1-0-G, MIROC6, MPI-ESM1-2-
HR,MPI-ESM1-2-LR,MRI-ESM2-0, NorESM2-LM,
NorESM2-MM, and TaiESM1 (SM table S1).

2.2. Complex climate networks
The climate networks (SSTA-Tmax95th, SSTA-z200)
are constructed based on the Pearson correlation
analysis. Grid points are treated as nodes in a net-
work. The link strength between ocean grid point
a (SSTA) and terrestrial grid point b (Tmax95th or
z200) is identified as their Pearson’s correlation coeffi-
cient between their respective detrended interannual
time series. Specifically, for each season (e.g. DJF),
we pair the 45 year seasonal SSTA series at the ocean
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grid with the 45 year seasonal Tmax95th series at
the land grid to obtain a single correlation coeffi-
cient. Linear detrending is applied to the SSTA and
Tmax95th data at a grid-point level to remove the sig-
nal of global warming, thereby focusing the analysis
on interannual-to-decadal relationships. The signifi-
cance of the links of climate networks is assessed by
the Student’s t-test and only the links that pass the
95% significance test (p< 0.05) are retained.

Degree centrality is a fundamental metric in net-
work analysis, quantifying the strength of direct con-
nections to certain nodes. Indegree centrality (InDC)
of ocean nodes is derived by summing the absolute
values of the strength of significant links extending
from all terrestrial regions. An ocean area exhibit-
ing high InDC is therefore of dominant importance
for terrestrial extreme high temperatures and atmo-
spheric circulations. Conversely, outdegree centrality
(OutDC) of land nodes is characterized as the cumu-
lative strengths of significant links to global ocean
regions, where elevated values highlight a hotspot
area that is strongly linked to global oceans.

The Sankey diagram is a specific data visualization
that illustrates quantitative relationships and signal
transfers between entities through a series of linked
flows. It is thus adept at visualizing signal propagation
pathways in climate networks, tracing the flow that
connects SSTAs with terrestrial heat extremes. To fur-
ther resolve the specific pathways between the iden-
tified hotspots, we focused on representative oceanic
and terrestrial regions characterized by high central-
ity values. Sankey diagrams were employed to quan-
tify these regional-scale connections. The selected
oceanic basins include: the tropical eastern Pacific
Ocean (TEPO; 10◦ S–10◦ N, 105◦–165◦ W), the west-
ern Pacific Ocean (WPO, 0–30◦ N, 110◦–150◦ E),
the tropical Indian Ocean (TIO; 15◦ S–15◦ N, 55◦–
95◦ E), and the North Tropical Atlantic (NTA; 10◦–
40◦ N, 45◦–85◦ W). Similarly, terrestrial regions were
selected as follows: northeastern Asia (35◦–55◦ N,
85◦–105◦ E), southeastern Asia (10◦–30◦ N, 100◦–
120◦ E), South Asia (10◦–30◦ N, 70◦–90◦ E), Malay
Archipelago (10◦ S–10◦ N, 100◦–120◦ E), Central
Europe (40◦–60◦ N, 5◦–25◦ E), Eastern Australia
(15◦–35◦ S, 135◦–155◦ E), West Africa (10◦–30◦ N,
15◦ W–5◦ E), Amazon (10◦ S–10◦ N, 70◦–50◦ W),
Congo Basin (10◦ S–10◦ N, 5◦–25◦ E), and South
Africa (35◦–15◦ S, 15◦–35◦ E). For each season, the
flow strength from an ocean region to a land region
is computed as the sum of the raw correlation coef-
ficients over all grid-point pairs between the two
regions. Only flows with an absolute sum greater than
104 are displayed, and the line width encodes the rel-
ative magnitude.

2.3. Lead-lag relationship in the network
The lead-lag relationship in our network is estab-
lished by fixing the target variable (Tmax95th or
z200) for a specific three-month season and shifting

the driver variable (SSTA) backward in time using
a sliding window. As illustrated in the schematic
(SM figure S1), taking a target season of September–
October–November (SON) as an example, a lead of
0 months denotes the contemporaneous SSTA dur-
ing the same SON period, while a lead of 1 month
corresponds to the SSTA averaged over the preceding
August–October window. For longer lead times, such
as 6 months, the correlation is calculated using the
SSTA from the March–May period of the same cal-
endar year.

2.4. CMIP6model simulation
To evaluate the model simulations, we first construct
SSTA-Tmax95th networks separately for each of the
21 CMIP6 models using the historical period 1979–
2014, following exactly the same procedures as for
the observations (including seasonal percentile def-
inition, linear detrending, and lead-lag correlation).
To assess the overall performance of themodels across
different lead times, we compute for each model
and each lead time (from 0 to 12 months) the total
number of significant links for a given ocean basin
(summed over the four seasons). The multi-model
ensemble (MME) mean at each lead time is also cal-
culated and shown for reference.

Furthermore, to examine the relationship
between SSTA variability and network connectiv-
ity, we first compute the area-weighted average of
detrended interannual SSTA variance over all grid
points. This is done separately for each CMIP6model
and each ocean basin. This yields a single basin-
specific SSTA variance value per model. Separately,
for the same basin, we obtain the corresponding total
number of significant links (summed over all lead
times or for a specific lead time, depending on the
analysis). We then calculate the Pearson correlation
coefficient across the 21 models between the basin-
averaged SSTA variance and the basin-specific link
number.

3. Results

3.1. Linkage between SST and terrestrial heat
extremes
Climate network construction is initiated by defin-
ing nodes as discrete spatial grids that represent
interannual variations of SSTAs, upper-tropospheric
atmospheric circulations, and extreme high temper-
ature (see Data and Methods for details). Following
node definition, the connection strength between
any pair of nodes is quantified by calculating the
Pearson’s correlation coefficient between their respec-
tive interannual time series. Subsequently, we employ
cross-degree centrality to delineate the statistical
association between the climatic extremes under
investigation.
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Figure 1. Network degree centralities of sea surface temperature anomalies (SSTAs) associated with terrestrial extreme high tem-
perature and atmospheric circulations. Spatial distribution of indegree centrality (InDC) of (a) SSTA-Tmax95th network and
(b) SSTA-z200 network, accumulated over four seasons. Box plots of indegree centrality (InDC) in (c) SSTA–Tmax95th network
and (d) SSTA–z200 network for four seasons: December–January–February (DJF), March–April–May (MAM), June–July–August
(JJA), and September–October–November (SON). The center line represents the median, while the box boundaries indicate
the first and third quartiles. The whiskers extend from the minimum to the maximum values of the data. Dots denote the 10th
percentile, average, and 90th percentile values.

Analysis of the SSTA-Tmax95th network reveals a
marked spatial disparity in annual InDC (figure 1(a)).
Specifically, the TEPO, WPO, TIO, and NTA dis-
play notably high values (figure 1(a), SM figure
S2), implying that they are pivotal drivers of terres-
trial heat extremes. Notably, this spatial pattern is
largely confined to the tropics (figure 1(a)), simi-
lar to the NTA modes in terms of its tropical con-
finement (Liu et al 2025). Further investigation of
the seasonal InDC, with all seasons hereafter follow-
ing the boreal convention, reveals that the influence
originating from these oceanic regions is substan-
tially greater in winter, contrasted with the effects
during the other three seasons (figure 1(c)). This
is likely due to the fact that El Niño events tend
to reach their peak in winter. The lowest overall
InDC value in the oceans is observed during spring
(figure 1(c)), possibly attributed to the rapid adjust-
ments in ocean-atmosphere processes during this sea-
son. The annual InDCpatterns exhibit striking spatial
similarity between the SSTA-Tmax95th network and
the SSTA-z200 network (figures 1(a) and (b)). Such
a close match implies a mechanism for SSTA mod-
ulation on heat extremes via large-scale circulations
(Hu et al 2021, Cai et al 2024b, Kurita et al 2025, Lopez
et al 2025, Tang et al 2025).

A further analysis of the spatial distribution of
OutDC is conducted to assess the SSTAs’ impacts on
terrestrial heat extremes (figure 2). Overall, northern
South America, West Africa, and South Asia emerge
as the regions where heat extremes are most suscep-
tible to SSTAs, with the strongest influence observed
during winter. Ten key terrestrial regions are selected
as the predominant hotspots exhibiting the strongest
statistical linkages to oceanic drivers (see Data and
Methods for details). Subsequently, a Sankey diagram
is constructed with four major ocean basins as source
nodes and these ten terrestrial regions as sink nodes,
which explicitly visualizes and quantifies the propa-
gation of signal pathways from the marine origins to
continental extremities. Overall, the TEPO and the
TIO stand out as the source regions with the most
robust signal flows (figure 3, SM figure S3). These
flows exhibit pronounced seasonal variations, man-
ifested through the changes in their primary sink
regions: the Amazon and South Africa are the pri-
mary sinks during winter and spring (austral sum-
mer and autumn; figures 3(a) and (b)), while South
and southeastern Asia become the dominant sinks
in summer (figure 3(c)). It also reveals a clear sea-
sonal succession of dominant oceanic drivers for heat
extremes over primary sink regions: the TEPO in
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Figure 2. Hotspots of extreme high temperature linked to sea surface temperature anomalies (SSTAs). Spatial distribution of
outdegree centrality of SSTA-Tmax95th network in (a) December–January–February (DJF), (b) March–April–May (MAM), (c)
June–July–August (JJA), and (d) September–October–November (SON).

winter, the TIO in spring (e.g. the Amazon) and
summer (e.g. South and southeastern Asia; figures
3(a)–(c), SM figures S3(a)–(c)). The WPO exerts a
pronounced influence in autumn (e.g. over Siberia;
figure 3(d), SM figure S3(d)). Notably, even after the
influence of global warming is statistically removed,
the connections between SST and near-surface air
temperature remain overwhelmingly positive. Our
network analysis provides statistical evidence that the
recent terrestrial heat extremes may be linked to the
SSTmodes in addition to the effects of anthropogenic
climate change.

3.2. Lead-lag impacts of SSTAs on terrestrial heat
extremes
By extending the analysis of synchronous relation-
ships across multiple lead times, we systematically
quantify the impacts of oceanic precursors on terres-
trial heat extremes. Similar to the synchronous con-
nections, the TEPO and the TIO emerge as the pre-
dominant drivers governing terrestrial heat extremes
at short leads (i.e. 3 month leads), with the WPO
and the NTA also act as hotspots (SM figures S4
and S5). The temporal sequences of link counts
within the SSTA-Tmax95th network across the four
oceanic regions reveal apparent seasonal variations
and region-specific characteristics in their influences
(figure 4, SM figure S6). The strongest connectiv-
ity and most pronounced lead-time-dependent fea-
ture are observed in winter. Different oceans exert

various influences that are characterized by vary-
ing lags: while the TIO drives nearly instantaneous
impacts (figure 4(c), SM figure S6(c)), the WPO
and the NTA exert the most pronounced effects at
3–6 month leads (figures 4(b) and (d), SM figures
S6(b) and S6(d)), and the TEPO asserts a persistent
prominent role until the 6 month lead during winter
(figure 4(a)).

The elucidated network structure further clarifies
the complexity of oceanic–terrestrial linkages which
may be subjected to modulation by cross-basin influ-
ences and intricate ocean–atmosphere interactions.
This aligns with the known teleconnection mech-
anisms. For instance, ENSO exerts an immediate
impact on winter climate and can subsequently mod-
ulate the Indian Ocean modes within 3–6 months
primarily via an ‘atmospheric bridge’ mechanism,
enabling ENSO signals to persist for an extended
period (Xie et al 2009, 2016, Liu et al 2024, Stuecker
et al 2025). The NTA can exert a long-lag influence on
terrestrial climate via stimulating ENSO events (Cai
et al 2019, Ham et al 2013,Wang et al 2017). This tele-
connection operates through a more complex, multi-
stage coupled ocean-atmosphere pathway. The NTA
SST anomalies can excite an atmospheric response
that propagates eastward to the Indian Ocean and
the Maritime Continent via Kelvin waves (Ham et al
2013, Cai et al 2019, Jiang and Li 2021). The signal
is subsequently amplified by local air–sea feedbacks,
which modulate convection patterns and can ulti-
mately force an ENSO event in the Pacific. In contrast,
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Figure 3. Signal propagation pathways between sea surface temperature anomalies (SSTAs) and terrestrial extreme high tempera-
ture. Signal flows based on SSTA-Tmax95th networks between SSTAs and terrestrial extreme high temperature in (a) December–
January–February (DJF), (b) March–April–May (MAM), (c) June–July–August (JJA), and (d) September–October–November
(SON). The left nodes represent the SSTAs in the tropical eastern Pacific Ocean (TEPO; 10◦ S–10◦ N, 105◦–165◦ W), west-
ern Pacific Ocean (WPO; 0–30◦ N, 110◦–150◦ E), tropical Indian Ocean (TIO; 15◦ S–15◦ N, 55◦–95◦ E), and North Tropical
Atlantic (NTA; 10◦–40◦ N, 45–85◦ W). The right nodes correspond to the terrestrial extreme high temperature over north-
eastern Asia (35–55◦ N, 85–105◦ E), southeastern Asia (10–30◦ N, 100–120◦ E), South Asia (10–30◦ N, 70–90◦ E), Malay
Archipelago (10◦ S–10◦ N, 100–120◦ E), Central Europe (40–60◦ N, 5–25◦ E), Eastern Australia (15–35◦ S, 135–155◦ E), West
Africa (10–30◦ N, 15◦ W–5◦ E), Amazon (10◦ S–10◦ N, 70–50◦ W), Congo Basin (10◦ S–10◦ N, 5–25◦ E), and South Africa
(35◦–15◦ S, 15◦–35◦ E). The flow strengths between oceanic and terrestrial nodes are defined as the sum of the link strengths
without time lags. The line width encodes the relative magnitude of flow, whereas the color of the links indicates the signs of the
correlations (red for positive and blue for negative). Only the flows greater than 104 are presented in the figure.

the TIO SST variability directly influences the atmo-
sphere through rapid local feedbacks like the wind–
evaporation-SST mechanism, leading to its more
immediate impact (Cai et al 2019).

While the connections in the SSTA-Tmax95th
network generally weaken beyond the 6 month lead
time, a substantial fraction—over 90%—of terres-
trial regions maintain statistically significant links to
oceanic basins in the OutDC distribution at extended
leads of 6–12 months (figure 5). This signal per-
sistence is particularly evident in the primary sink
regions observed in figure 2, implying superior poten-
tial for predictability compared to other terrestrial
areas. Each of the four ocean basins continues to
link counts on the order of 105 (figure 4, SM figure

S6), underscoring the long-term persistence of these
teleconnections. Such robust and sustained network
connectivity highlights the largely unexplored predic-
tive potential of long-lag oceanic precursors.Whereas
conventional statistical methods underestimate these
lagged relationships, the complex network approach
provides a unique access to the sustained connectivity
that underpins long-range predictability.

3.3. Simulated linkages between SSTAs and
terrestrial heat extremes by CMIP6models
Following the identification of robust and long-
lagged linkages in observations, which are pat-
terns that often elude conventional statistical meth-
ods, we next examine their representation within a
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Figure 4. Lead-lag connection between oceanic precursors and terrestrial extreme high temperature. Link numbers of SSTA-
Tmax95th networks summed over (a) tropical eastern Pacific Ocean (TEPO; 10◦ S–10◦ N, 105 W–165◦ W), (b) western Pacific
Ocean (WPO; 0–30◦ N, 110–150◦ E), (c) tropical Indian Ocean (TIO; 15◦ S–15◦ N, 55–95◦ E), and (d) North Tropical Atlantic
(NTA; 10–40◦ N, 45–85◦ W) in December–January–February (DJF; red dashed line with solid circles), March–April–May
(MAM; blue dashed line with solid circles), June–July–August (JJA; green dashed line with solid circles), and September–
October–November (SON; yellow dashed line with solid circles). Note that the aforementioned seasons (DJF, MAM, JJA, and
SON) denote the target seasons for terrestrial high temperature.

multi-model framework. This evaluation is essen-
tial to determine the extent to which state-of-the-art
models capture the seasonal dependence and lead-
time hierarchy of global heat extreme teleconnec-
tions. To systematically validate the observed link-
ages between SSTAs and terrestrial heat extremes, we
conduct a multi-model comparative study using his-
torical simulation data (1979–2014) from 21 CMIP6
models. Our analysis focuses on the models’ abil-
ity to simulate the annual link numbers of the
SSTA-Tmax95th network across the four key oceanic
regions at different leads. Compared to observa-
tional results, most models overestimate the total
number of links (figures 6(a)–(d)). Nevertheless, the
CMIP6 models demonstrate generally skillful per-
formance in capturing the distinct temporal evo-
lution of lag-dependent strengths of these telecon-
nections, including both the short-lagged responses
tied to the TIO (figure 6(c)) and the more per-
sistent TEPO (figure 6(a)) influences. The model
performance appears comparatively limited for the
Atlantic sector, with the observed values consistently
falling outside the spread of the ensemble simulations
at lead times beyond 3 months (figure 6(d)). This

likely stems from the fact that the Atlantic influence
on global temperature teleconnections has become
prominent only in the past two decades (Sutton et al
2018, Cai et al 2019), a period not fully covered by
the CMIP6 historical simulations. In other words, the
NTA SST has not yet emerged as a key driver of ter-
restrial heat extremes during this timeframe.

Furthermore, multi-model analysis reveals that
inter-model uncertainties in simulating the link-
age between SSTAs and terrestrial heat extremes are
largely originated from their representation of inter-
annual SSTA variability. This inter-model relation-
ship demonstrates that models with greater ampli-
tude in interannual SSTA fluctuations generally
exhibit stronger ocean–land connectivity, particu-
larly evident in the TEPO, WPO, and TIO dur-
ing winter and spring seasons (figures 6(e)–(h)),
where correlations exhibit statistically significant at
the 95% confidence level. Importantly, this variance-
connectivity relationship remains statistically signifi-
cant even under extended lead-time conditions (SM
figure S8). Such a relationship, however, does not
appear to be apparent in the NTA region. Overall,
the multi-model outputs confirm that the long-lag
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Figure 5. Long-delayed influences of oceanic SSTAs on terrestrial extreme high temperature. Spatial distribution of outdegree
centrality of SSTA-Tmax95th networks in (a), (e) December–January–February (DJF), (b), (f) March–April–May (MAM), (c),
(g) June–July–August (JJA), and (d), (h) September–October–November (SON), at lead times of (a)–(d) six months and (e)–(h)
twelve months.

teleconnections identified through our complex net-
work approach may represent a physically grounded
and reproducible feature of the climate system, high-
lighting the critical role of SST variability in terrestrial
high-temperature predictability.

4. Conclusion and discussion

This study introduces a unified complex network
framework to systematically quantify the global and
seasonal influences of SSTAs on terrestrial heat

extremes. Our analysis identifies the SSTAs in the
key tropical oceanic basins—including the TEPO, the
TIO, the WPO, and the NTA—as important precur-
sors for extreme terrestrial temperatures within 12
month leads. The influence originating from these
oceanic basins is substantially stronger in winter rel-
ative to the other three seasons. We also identify
the seasonally-dependent hotspots that are partic-
ularly susceptible to oceanic forcing: the Amazon
and South Africa emerge as the primary hotspots
during both winter and spring, whereas South and
southeastern Asia dominate in summer. Notably,
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Figure 6. Simulated SSTA-Tmax95th linkages by multiple CMIP6 models. Simulated link numbers of SSTA-Tmax95th networks
summed over four seasons in (a) tropical eastern Pacific Ocean (TEPO; 10◦ S–10◦ N, 105◦ W–165◦ W), (b) western Pacific
Ocean (WPO; 0◦–30◦ N, 110◦–150◦ E), (c) tropical Indian Ocean (TIO; 15◦ S–15◦ N, 55◦–95◦ E), and (d) North Tropical
Atlantic (NTA; 10◦–40◦ N, 85◦–45◦ W) by 21 CMIP6 models represented by box plots. The center line represents the median,
while the box boundaries indicate the first and third quartiles. The whiskers extend from the minimum to the maximum values
of the data. Dots denote the 10th and 90th percentile values. Results obtained from observational dataset (OBS; blue star marks)
and CMIP6 multi-model ensemble (MME; red star marks) are also presented. Simulated correlations between the variance of
yearly SSTAs and link numbers of SSTA-Tmax95th networks in (e) December–January–February (DJF), (f) March–April–May
(MAM), (g) June–July–August (JJA), and (h) September–October–November (SON). For the four boxes, link numbers are calcu-
lated separately over tropical eastern Pacific Ocean (10◦ S–10◦ N, 105 W–165◦ W; blue boxes), western Pacific Ocean (0–30◦ N,
110–150◦ E; green boxes), tropical Indian Ocean (15◦ S–15◦ N, 55–95◦ E; red boxes), and North Tropical Atlantic (10–40◦ N,
45–85◦ W; yellow boxes). Dots represent the regions with significant correlation coefficients at the 95% confidence level.

robust teleconnections are detectable over 90% of ter-
restrial areas even at 12month lead times. These long-
lag relationships remain largely inaccessible to con-
ventional statistical methods, highlighting a substan-
tial and underutilized source of predictability for heat
extremes.

Beyond these spatial characteristics, the oceanic
influence exhibits distinct seasonal and lagged effects.
The strongest connectivity and most pronounced

lead-time-dependent feature are observed in win-
ter. The TIO triggers nearly instantaneous impacts,
while the Pacific influences can persist for up to
6 months. The influences of NTA and WPO reach
their peaks at around 3–6 month leads. This hierar-
chy points to distinct physical mechanisms govern-
ing ocean–land interactions across different basins.
The physical plausibility of this hierarchical struc-
ture is further reinforced by CMIP6 models, which
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successfully capture the general lag-dependent struc-
ture of the linkages, despite a tendency to overesti-
mate the connectivity strength. The inter-model rela-
tionship between interannual SSTA variability and
simulated ocean–land connectivity demonstrates that
the models with greater SSTA variance consistently
show stronger linkages to terrestrial temperature, par-
ticularly in the tropical Pacific and Indian Oceans.

In summary, the network-based approach offers
a pathway to understand the long-range predictabil-
ity of heat extremes. It complements existing dynam-
ical and statistical models. The identified oceanic
hotspots and their seasonal shifts provide action-
able insights for developing early warning systems
and climate adaptation strategies. Furthermore, the
established link between SSTA variance and network
connectivity suggests that a better representation of
oceanic variability in climate models could directly
enhance the predictive skill for terrestrial extreme
temperatures. Nevertheless, several questions remain
for future research. The physical mechanisms under-
lying the long-lag (up to one-year) teleconnections,
especially those involving the NTA, require further
investigation throughwell-designed sensitivity exper-
iments to disentangle the complex chain of ocean-
atmosphere processes (Ham et al 2013, England et al
2014) and cross-basin interactions (Kosaka and Xie
2013, Sprintall et al 2014,Wang et al 2017).Moreover,
the systematic overestimation of the connectivity
strength by CMIP6models remains poorly explained.
Identifying the sources of this bias is critical for
improving model fidelity. Future research should
also prioritize the integration of this network-based
understanding into operational forecasting frame-
works to assess its practical utility for improving
early warning systems. Furthermore, a critical and
open question is how anthropogenic forcing is alter-
ing these identified teleconnections, including their
strength (Zhou et al 2023, Beobide-Arsuaga et al
2025), persistence (Luo et al 2024), and the stabil-
ity of source-sink pathways (Feng et al 2025), which
has profound implications for predicting future heat
extremes in a warming climate. Addressing these
questions will require a concerted effort combining
detailed process-based modeling, high-resolution cli-
mate simulations, and the continued development of
data-driven approaches to fully elucidate the com-
plex hierarchy of ocean-to-land impacts in the climate
system.
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