
1. Introduction
The El Niño-Southern Oscillation (ENSO) is the most dominant interannual variation in the global climate system. 
It is a dynamical atmospheric and oceanic phenomenon characterized by anomalously warm (El Niño) or cold 
(La Niña) phases of sea surface temperatures (SSTs) in the Equatorial Pacific. Both phases are known to impact 
Earth's climate significantly on large spatial scales, typically referred to as teleconnections (Trenberth, 1997) and 
thus have been investigated in many studies over the past two decades (Capotondi et al., 2015, 2020; Timmermann 
et al., 2018).

Yet, significant differences in the downstream impacts of El Niño events are reported (Shi et al., 2019), depend-
ing on the amplitude and spatial position of SST anomalies. These differences can be partly related to the type 
of El Niño. The diversity of El Niño events is typically characterized by two modes: The “canonical” or Eastern 
Pacific (EP) El Niño (Rasmusson & Carpenter, 1982) with peak SST anomalies in the eastern equatorial Pacific, 
and the “El Niño Modoki” (Ashok et al., 2007) or Central Pacific (CP) El Niño with peak SST anomalies in the 
Central Equatorial Pacific (Kao & Yu, 2009). Although the effect of both El Niño types on different locations 
of the Earth—such as the Indian Ocean (IO) (e.g., Klein et al., 1999), maritime continent (e.g., G. Wang and 
Hendon 2007), tropical Atlantic (e.g., Huang 2004), and Northern America (e.g., Yu et al., 2012)—has been 
studied thoroughly (see Okumura 2019 and Taschetto et al., 2020 for an overview), previous work has mainly 
focused on single teleconnections of the El Niño types.

In comparison, little is known about differences in the spatial extent of global teleconnection patterns between 
EP and CP events. In this study, we address this issue by introducing a novel machine learning approach that 

Abstract The diversity of El Niño events is commonly described by two distinct flavors, the Eastern Pacific 
(EP) and Central Pacific (CP) type. While the remote impacts, that is, teleconnections, of EP and CP events 
have been studied for different regions individually, a global picture of their structure is still lacking. Here, 
we use Forman-Ricci curvature applied on climate networks constructed from surface air temperature data 
to distinguish regional links from teleconnections. Our results confirm that both El Niño types influence the 
teleconnection patterns, however, with different spatial manifestations. Our analysis suggests that EP El Niños 
alter the general circulation which changes the teleconnection structure to primarily tropical teleconnections. In 
contrast, the teleconnection pattern of CP El Niños show only subtle changes to normal conditions. Moreover, 
this work identifies the dynamics of the Eastern Pacific as a proxy for the remote impact of both El Niño types.

Plain Language Summary El Niño events, characterized by anomalous sea surface temperatures 
(SSTs) in the Tropical Pacific, come in two flavors; Eastern Pacific (EP) and Central Pacific (CP) types, 
depending on the longitudinal location of the strongest SST anomalies. Their remote impacts, known as 
teleconnections, differ. Although there are many studies investigating teleconnections of EP and CP events for 
individual target regions, a global analysis of the spatial distribution of their teleconnections is still lacking. In 
this study, we use the theory of complex networks to study EP and CP El Niño teleconnections. We construct 
“climate networks” from global surface air temperature data and use the notion of “curvature” of a network 
link to uncover their spatial organization. We show that the most negatively curved links highlight important 
teleconnection patterns that differ depending on the El Niño type. EP events change the teleconnection structure 
to the tropics while CP and Normal year conditions reveal teleconnections to all latitudes. Interestingly, the 
Central Pacific does not show many teleconnections, even during CP El Niño events which we attribute to the 
varying location of warm water anomalies in the Central Pacific. The Eastern Pacific changes more consistently 
allowing identifying remote impacts of both El Niños types.
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employs climate networks combined with Ricci-curvature, an abstract tool from the theory of complex networks. 
Climate networks (Dijkstra et  al.,  2019) have gained increasing interest in the analysis of spatial dependen-
cies of climatic variables through their ability to reduce data to relevant climatic patterns, and therefore, have 
been widely used in the analysis of ENSO. Tsonis and Swanson (2008) investigated the topology of El Niño 
and La Niña networks of surface air temperature. The global impact of El Niño on various geographical zones 
(Yamasaki et al., 2008), on geographical long-range teleconnections (Donges et al., 2009; Zhou et al., 2015), and 
its diversity (Kittel et al., 2021; Radebach et al., 2013) have been analyzed by evolving climate network analyses. 
Wiedermann et al. (2016) employ them to find a robust way to distinguish between different types of El Niños 
flavors and Lu et al. (2020) estimate the expected El Niño impacts by using climate networks. Ricci-curvature of 
complex networks is a recent approach to visualize the structure of a network intuitively by highlighting whether 
an edge of the network connects nodes within a community (i.e., a group of densely connected nodes) or bridges 
two communities (Ollivier, 2009; Sreejith et al., 2016). It has been proven useful, for example, in the analysis of 
financial markets (R. S. Sandhu et al., 2016), gene expressions (Pouryahya et al., 2018; R. Sandhu et al., 2015), 
brain connectivity (Farooq et  al.,  2019), urban transportation (Gao et  al.,  2019), power grids (Jonckheere & 
Grippo, 2019), and epidemiology (de Souza et al., 2021). We show that our approach is an intuitive yet inform-
ative tool to analyze the spatial organization of teleconnections that outlines structural differences between EP 
and CP El Niño impacts.

2. Data and Methods
2.1. Data

We use daily surface air temperature (SAT, 2-m air temperature) data for the years 1959–2020 from the ERA5 
Global Reanalysis database (Hersbach et al., 2020). We first detrend each time series, then subtract the daily 
climatology of the whole time period resulting in anomaly time series with respect to the day of the year. We use 
next-neighbor interpolation to map the data to a grid of spatially approximately uniformly distributed points using 
the Fekete algorithm (Bendito et al., 2007) to avoid spurious correlation patterns close to the poles (Ebert-Uphoff 
& Deng, 2012) (see Section 4.1 and Figure S5 in Supporting Information S1). The distance between grid points 
in the Fekete grid corresponds to the distance between two points at the equator of a 2.5° Gaussian grid, resulting 
in a total of ≈6,000 grid points.

2.2. Classification of EP and CP El Niño Conditions

We use December–February daily SAT anomalies and select EP El Niño, CP El Niño, and “Normal” winters based 
on the average DJF SST anomalies in the Niño 3 (N3) and Niño 4 (N4) region (Trenberth & Stepaniak, 2001). 
We classify a winter as EP (CP) event if N3 is greater (less) than N4 and N3 (N4) larger than 0.5 (Capotondi 
et al., 2020). Winters with N3 and N4 between −0.5 and 0.5 are labeled as “Normal”. The SST anomalies are 
calculated using a centered sliding-window 30-year base period, successively updated in 5-year steps (see Section 
1 and Table S1 in Supporting Information S1). Although the onset and duration of El Niño events show high 
variability, we restrict our analysis to the December–February period where El Niño events show in general the 
highest intensities to avoid seasonality effects in our analysis.

2.3. Ricci Curvature of Correlation-Based Climate Networks

We demonstrate the process of computing the curvature of a climate network using a toy data set. Figure 1a 
denotes a set of time series distributed over a sphere. Correlations between all pairs of time series are predefined 
(in contrast to our actual SAT data set) with a priori fixed covariance structure created from a stochastic block 
model (see Section 2 in Supporting Information S1). In order to calculate the Ricci curvature, we first need 
to create a climate network, which signifies the most related grid points over the entire globe. The network is 
determined by considering the 2% strongest (ρ0.98) statistically significant correlations ρij between pairs of time 
series xi(t), xj(t) which is described by the weighted adjacency matrix Wij (Figure 1b):

𝐖𝐖𝑖𝑖𝑖𝑖 =

⎧
⎪
⎨
⎪
⎩

|𝜌𝜌𝑖𝑖𝑖𝑖|, |𝜌𝜌𝑖𝑖𝑖𝑖| > 𝜌𝜌0.98,

0, otherwise.

 (1)
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This is equivalent to a network G whose nodes V = {vi: i = 1, .., N} correspond to spatial locations i = 1, …, N 
with edge eij connecting the nodes (vi, vj) ∈ V if |ρij| > ρ0.98 (Figure 1c) weighted by ρij (for details see Section 3.2 
in Supporting Information S1).

Ricci curvature provides a continuous measure over network links (i.e., independent from the spatial grid) using 
the connectivity between points to describe their relationship in the network. Figure 1d shows the network of our 
toy example with their edges eij colored by their curvature Fij.

We see that positive curvature indicates an edge being embedded within a community of nodes. The neighbor-
hood of a positively curved edge is more densely connected than a regular graph which is a network with each 
node containing the same number of neighboring nodes. Positive curvature thus indicates a community of nodes 
with similar dynamics. Negative curvature corresponds to an edge connecting two communities, with its own 
neighborhood containing fewer connections than a regular graph. It thus can indicate teleconnections as shown 
in Section 3.1.

Since multiple edges are difficult to visualize (≈10 6 links for the SAT network), we define node curvature fi of 
the node vi as the summation of the edge-based measure Fij of all edges eij connected to vi. The node curvature 
is easier to visualize on a map and allows to identify geographical locations connected to strongly negatively or 
positively curved links. More precisely, we define the upper 90th (lower 10th) percentile of all edges as 𝐴𝐴 𝐴𝐴 +

𝑖𝑖𝑖𝑖

(
𝐴𝐴 −

𝑖𝑖𝑖𝑖

)
 

and analogously, and the aggregation of the upper 90th (lower 10th) percentile of the curvature values as 𝐴𝐴 𝐴𝐴+

𝑖𝑖

(
𝐴𝐴−

𝑖𝑖

)
 , 

which we denote as “hotspots” (Figure 1e). As the value ranges differ between networks, we normalize them by 
using the min-max transformation to (−1, 1), denoted by 𝐴𝐴 𝐹𝐹𝑖𝑖𝑖𝑖 and analogously, 𝐴𝐴 𝑓𝑓𝑖𝑖 (Equation 9 in Supporting Infor-
mation S1). The intensity of the positive node-curvature hotspots 𝐴𝐴 𝑓𝑓+

𝑖𝑖
 reveals the communities with the highest 

edge probabilities in the stochastic block model outlining a community of nodes that behave similarly in time. 
Negative node-curvature hotspots 𝐴𝐴 𝑓𝑓−

𝑖𝑖
 coincide with the underlying probabilities used for constructing the data set 

indicating locations that are highly teleconnected on the globe.

Figure 1. Construction of a climate network and its curvature measure for a toy data set. By computing correlations of time series between all pairs of locations (a), 
we obtain the adjacency matrix Wij (Equation 1), orange dots denote points of significant correlations between time series xi(t), xj(t) (b), visualized as a network graph 
(c). The Forman curvature Fij of each edge (d) reveals the property of an edge as within-community (positive curvature) or bridging communities (negative curvature). 
Positive (negative) node curvature hotspots 𝐴𝐴 𝐴𝐴+

𝑖𝑖𝑖𝑖

(
𝐴𝐴−

𝑖𝑖𝑖𝑖

)
 (e) are obtained by aggregating the 10% most positively and 10% most negatively curved edges on the nodes.
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Of the two numerical approximations of Ricci curvature on networks—Forman-Ricci curvature (Forman, 2003; 
Sreejith et al., 2016) and Ollivier-Ricci curvature (Ollivier, 2010)—we use Forman-Ricci curvature (henceforth 
simply Forman curvature) as it is computationally cheaper. Both definitions are highly correlated, barring slight 
differences in extreme values (Samal et al., 2018). For details on the mathematical description of the curvature 
method, we refer to Section 4 in Supporting Information S1.

3. Results and Discussion
3.1. Spatial Organization of Teleconnections Depends on El Niño Type

We compute correlation-based climate networks and their Forman curvature using global SAT data for EP, 
CP, and Normal conditions. Figures 2a–2c show the distribution of spatial link lengths as the shortest distance 
between two connected points on the globe, the so-called great-circle lengths. Shown are all links of the network 
(black markers), the most positively curved 𝐴𝐴 𝐴𝐴 +

𝑖𝑖𝑖𝑖
 (red) and most negatively curved 𝐴𝐴 𝐴𝐴 −

𝑖𝑖𝑖𝑖
 (blue) network links for 

Normal, EP, and CP conditions.

The spatial distribution of 𝐴𝐴 𝐴𝐴 +

𝑖𝑖𝑖𝑖
 (Figures  2d–2f) shows that positive curvature occurs at only regional scales 

≤5  ⋅ 10 3 km, resulting in the enforcement of local community structures. While 𝐴𝐴 𝐴𝐴 −

𝑖𝑖𝑖𝑖
 links occur at all spatial 

scales, for lengths ≥10 4 km, the 𝐴𝐴 𝐴𝐴 −

𝑖𝑖𝑖𝑖
 and “All” link distributions almost overlaps for CP and Normal conditions. 

Long-range teleconnections are here thus modulated predominantly via negatively curved links. As the curvature 
estimation of climate network links does not include any information on the spatial length, this suggests that 
the relationship between negative climate network link curvature and long spatial scales is an intrinsic topo-
logical property of the SAT dynamics. Therefore, negative curvature results in link bundles that are related to 
well-known teleconnection patterns which are discussed in Section 3.3.

Figure 2. Forman curvature of Normal, Eastern Pacific (EP), and Central Pacific (CP) El Niño climate network links. The networks are computed from surface air 
temperature (SAT) anomalies for Normal (left column), EP (middle column), and CP (right column) conditions. The first row (a–c) depicts the spatial link length 
distribution for all (black), most positively 𝐴𝐴 𝐴𝐴 +

𝑖𝑖𝑖𝑖
 (red) and most negatively curved 𝐴𝐴 𝐴𝐴 −

𝑖𝑖𝑖𝑖
 (blue) edges. The second row shows 𝐴𝐴 𝐴𝐴 +

𝑖𝑖𝑖𝑖
 (d–f), the third row 𝐴𝐴 𝐴𝐴 −

𝑖𝑖𝑖𝑖
 (g–i). Colorbars 

indicate the number of incoming edges to a node. For visual reasons only every 20th edge is plotted in (d–i).
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In contrast to CP and Normal conditions, for EP El Niño conditions the distribution of 𝐴𝐴 𝐴𝐴 −

𝑖𝑖𝑖𝑖
 does not describe all 

spatially long-range links (Figure 2b) and the most negative network links undergo a drastic spatial reorganization 
(compare Figure 2h to Figures 2g and 2i). In particular, we observe that the connection between the Tropical 
Pacific and the southern Atlantic is strengthened during EP conditions (Figure 2h), while during CP El Niños the 
Tropical Pacific shows an enhanced connection to the extratropical Pacific as well as to the mid-latitude North 
Atlantic region (Figure 2i, Section 3.3).

Changes in most positively curved links 𝐴𝐴 𝐴𝐴 +

𝑖𝑖𝑖𝑖
 are more subtle between Normal (Figures 2d and 2f), CP (Figure 2f) 

and EP conditions (Figure 2e), such as the weakening of regional correlation structures in the tropical Atlantic 
(CP conditions) and the strengthening of correlation in the Eastern Pacific and the West African monsoon belt 
(EP conditions).

Note, we mainly discover teleconnections within the global oceans because correlations are generally higher over 
oceans than over land due to slower oceanic SAT variability (Lambert et al., 2011).

3.2. EP El Niño Conditions Lead to Enforcement of Teleconnections to the Tropics

The global teleconnection pattern is under EP conditions substantially different when compared to Normal 
conditions (Figures 2 and 3). We suggest that the differences can be attributed to the intensity of the events. 
EP events tend to have higher temperature anomalies (Figures S2 and S3 in Supporting Information S1) and 
more stable warming locations in the tropics than CP events (Figure S4 in Supporting Information S1) lead-
ing to a strong chan the global atmospheric circulation which results in the confinement of hotspots around 
the tropics for both regional links and teleconnections. In contrast, CP conditions show unstable warming 
locations (Figures S2 and S4 in Supporting Information S1) and a weaker amplitude and thus cannot alter 
the general circulation. Therefore, Normal and CP networks reveal various similarities resulting in positive 
and negative curvature hotspots over all latitudes (Figure 3). This is further confirmed by the zonal medians 
(Figures 3g–3i). We repeat our analysis for strong and moderate El Niño events separately (see Section 1 in 
Supporting Information S1) and find that the EP curvature results (Figure 3) are mainly dominated by the 
strong EP El Niños (Figures S16 and S17 in Supporting Information S1). We thus conclude that the differ-
ences between EP conditions to CP and Normal conditions are driven by strong EP El Niño events. This 
corroborates previous works by Lu et al. (2020), Wiedermann et al. (2016) who report a strong localization of 
climate network links during EP conditions as well.

For EP conditions, positive curvature hotspots 𝐴𝐴 𝑓𝑓+

𝑖𝑖
 reveal the well-known ENSO tongue (Figure 3b) typically 

observed in empirical orthogonal function analysis of SST data (Johnson,  2013). We also find pronounced 
regions of 𝐴𝐴 𝑓𝑓+

𝑖𝑖
 in the IO and the tropical Atlantic which are known to be affected by strong EP El Niño events 

(Klein et al., 1999; Rodrigues et al., 2015; X. Wang & Wang, 2014; W. Zhang et al., 2015). Under CP conditions, 
𝐴𝐴 𝑓𝑓+

𝑖𝑖
 is spread over all latitudes and over different regions of the globe (Figure 3c). For instance, we observe a 

hotspot in the Tropical Pacific similar to the El Niño tongue, which is however shifted toward the dateline and 
also extended southwards.

Negative node-curvature hotspots, 𝐴𝐴 𝑓𝑓−

𝑖𝑖
 , for EP conditions (Figure 3e) show enhanced teleconnections in the South 

China Sea, tropical IO, Eastern Tropical Pacific, and the tropical Atlantic. This coincides with a decrease in tele-
connections in the extratropical Pacific, southern IO, North Atlantic (near Greenland), and the Southern Ocean. 
Under CP conditions (Figure 3f), we find negative node curvature hotspots in the extratropics and mid-latitudes 
similar to 𝐴𝐴 𝑓𝑓+

𝑖𝑖
 . While some similarities between CP and Normal conditions are found (Figures 3d and 3f), for 

example, at the US-West Coast (Capotondi et al., 2019), in the Northern Tropical Pacific, and in the tropical 
Atlantic, the major difference can be found over the European continent, the Northern Atlantic, and the Labrador 
Sea (see as well Figures 2g and 2i).

We repeat our analysis using 1,000 years of pre-industrial run of the UKESM1-0-LL model from the CMIP6 
project (Eyring et al., 2016) which shows a comparable variation of SSTA in the Tropical Pacific to observa-
tional data (Dieppois et al., 2021). We obtain a localization of positive and negative curvature hotspots to the 
Tropics under EP conditions and teleconnections to the mid-latitudes under CP conditions (see Figure S14 in 
Supporting Information S1), similar to our analysis of observational data (Figure 3). The longer time period of 
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the pre-industrial run allows us to control for the small number of EP and CP events in the reanalysis data set 
(see Section 7 in Supporting Information S1). We find that the curvature analysis of the reanalysis data with 
only 7 EP/CP events tend to overestimate the number of negatively curved links. However, qualitatively the 
spatial patterns of positive and negative curved links are robust in comparison to the 297 EP events obtained 
in the whole pre-industrial time period (see Figure S15 in Supporting Information S1).

3.3. EP and CP El Niño Teleconnection Patterns of Eastern and Central Pacific Ocean, Indian Ocean, 
and the Labrador Sea

During EP conditions, teleconnections link the N3 region (Figure 4a) to the tropical Atlantic, supporting earlier 
work showing that strong El Niños can lead to warming in the tropical Atlantic mediated by the tropospheric 
temperature mechanism (Chang et al., 2006) and the atmospheric bridge via the Pacific North American (PNA) 
pattern (Alexander et al., 2002; Rodrigues et al., 2011). The links connecting N3 to the IO are likely apparent 
because of the influence of Eastern Tropical Pacific SSTs on the IO during and after El Niño events attributed to 
net heat flux anomalies due to changes in the atmospheric circulation of ENSO (Klein et al., 1999). During CP 
conditions, we observe links from the N3 box as well, primarily connecting to the extratropical Pacific. These are 

Figure 3. Node curvature of Normal, Eastern Pacific (EP) El Niño, and Central Pacific (CP) El Niño climate networks. Node curvature hotspots for Normal (left 
column), EP (middle column) CP (right column) hotspots are shown summing the most positively curved 𝐴𝐴 𝑓𝑓+

𝑖𝑖
 (a–c), most negatively curved 𝐴𝐴 𝑓𝑓−

𝑖𝑖
 (d–f) links, as well as the 

aggregated zonal medians of 𝐴𝐴 𝑓𝑓+

𝑖𝑖
 (red) and 𝐴𝐴 𝑓𝑓−

𝑖𝑖
 (blue) (g–i) are shown.
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likely due to the North and South Pacific Meridional Mode (NPMM and SPMM), as atmospheric and oceanic 
anomalies in the extratropics associated with SPMM and NPMM affect the intensity and flavor of El Niño (You 
& Furtado, 2018). Capotondi and Ricciardulli (2021) showed that the dominant patterns of wind variability in the 
Northern and Southern Hemispheres, which represent the atmospheric expressions of the NPMM and SPMM, 
have a stronger relationship with CP events than EP events (Amaya, 2019; Capotondi et al., 2019; Capotondi & 
Ricciardulli, 2021), consistent with the extratropical links observed during CP events (Figure 4a).

The teleconnections of the N4 region (Figure 4b) are far fewer compared to the N3 region (Figure 4a). It is rather 
surprising that the N4 region is not well connected even during CP conditions, although a CP El Niño is primarily 
characterized by higher SST anomalies in the N4 region (Figures S1–S3 in Supporting Information S1). These 
findings are in apparent disagreement with Barsugli and Sardeshmukh (2002) and Shi et al. (2019) who showed 
that the PNA and the Northern Pacific are most sensitive to changes of SST in the Central Tropical Pacific using 
General Circulation Models (GCMs). GCMs are known to produce SST anomalies too far in the west (Capotondi 
et  al., 2006; Ham & Kug, 2012; Kug et  al., 2010), however, this can only partially explain the missing tele-
connections in the Central Pacific. We find that although anomalies in the Central Pacific are stronger during 
CP conditions (Figure S1 in Supporting Information S1), the Eastern Pacific shows significantly higher local 
correlations (Figure S13 in Supporting Information S1). Strong anomalies do not necessarily imply high corre-
lations (compare Section 1 and Figures S2–S4 in Supporting Information S1), therefore, we attribute the weak 
correlations in the Central Pacific under CP conditions to the higher spatial variability of anomalously warm 
temperatures between CP El Niño events than between EP El Niño events (Figures S4 and S5 in Supporting Infor-
mation S1) (Chen et al., 2021; C. Wang & Wang, 2013). During CP conditions, anomalies in the tropical Eastern 
Pacific are weaker but behave more consistently in time than in the Central Pacific (see Figure S16 in Supporting 
Information S1). We thus suggest that the teleconnections from the N3 region are artifacts of the correlation but 
functions as a proxy for the stimulation by the Central Pacific. The results from the curvature analysis using the 
model output from the UKESM1-0-LL GCM further corroborate our findings. Here as well, N3 teleconnections 
to the Northern Pacific and west American coast are found in the CP network while the Central Pacific does not 

Figure 4. Teleconnections from Eastern and Central Pacific Ocean, Indian Ocean (IO), and the Labrador Sea. 𝐴𝐴 𝐴𝐴 −

𝑖𝑖𝑖𝑖
 , that is, 

teleconnections, for EP (purple) and CP (green) El Niño events connected to the four selected regions (black rectangles): 
Niño 3 (a), Niño 4 (b), IO (c), and Labrador Sea (d). For visual clarity, only a third of all links are shown.
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exhibit strong teleconnections (Figure S14 in Supporting Information S1). Further analysis using model runs with 
nudged SSTA could therefore allow disentangling the role of the central and Eastern Pacific on teleconnections 
to the Northern Pacific and North America.

The IO has a large number of most negatively curved links during EP conditions but not for CP (Figures 3c 
and 3d). The EP event teleconnections link the IO to the tropical Atlantic and Pacific basins (Figure 4c). The links 
to the tropical Atlantic could be either attributed to indirect links mediated by the impact of the Ninõ 3 region 
on the tropical Atlantic or might resemble direct impact between the oceans as recently described by L. Zhang 
and Han (2021). CP conditions do not result in teleconnections in the IO as CP events are generally weaker (W. 
Zhang et al., 2015).

The Labrador Sea (Figure 4d) is another pronounced area of most negative node-curvature in the CP network 
not present in the EP network (compare Figure 3c and 3d. Edges with the most negative curvature adjacent to 
the Labrador Sea connect to the extra topical Atlantic and, in contrast to Normal year conditions (Figure S13 
in Supporting Information  S1), to the Eastern Tropical Pacific. This pattern may be attributed to the North 
Atlantic Oscillation (NAO), which refers to sea level pressure changes in the Arctic and subtropical Atlantic 
(Jiménez-Esteve & Domeisen, 2018). El Niño is known to cause a negative NAO pattern driven by the PNA 
pattern where a negative NAO phase is attributable to CP El Niño events via the subtropical bridge (Domeisen 
et al., 2019; Graf & Zanchettin, 2012).

Note that we can identify the teleconnection patterns primarily because we have the results from the curvature-based 
climate network analysis to identify differences in the teleconnection structure and to guide our interpretations. 
Without the curvature analysis, for instance using classical complex network measures like betweenness central-
ity (Figure S7 in Supporting Information S1), it is not trivial to figure out the most important regions for each El 
Niño flavor.

4. Conclusion
We presented a new approach to estimate global teleconnection patterns of surface air temperature and used it 
to investigate the teleconnections of Eastern Pacific and Central Pacific El Niño events. Our approach involves 
the combination of correlation-based climate networks with a recently established network measure based on 
Ricci-curvature. In particular, we used Forman-Ricci curvature to distinguish links related to small-scale regional 
structures (positively curved links) from long-range teleconnections connecting regions from different parts of 
the globe (negatively curved links).

We showed that El Niño diversity drastically impacts the spatial organization of teleconnections. We identified 
teleconnection hotspots for both EP and CP conditions and showed that EP conditions strongly alternate the tele-
connection structure of the climate network to be mainly confined to the tropics, whereas CP network teleconnec-
tions were found in northern and southern mid-latitudes as well. A comparison of the results from the application 
of our approach on SAT from the UKESM-LL2 Model from the CMIP6 project further corroborates our findings.

We further investigated the impact of ENSO diversity on the teleconnection patterns of four specific regions: the 
Niño 3 region, the Niño 4 region, the northern IO, and the Labrador Sea. We found that the Niño 3 region in the 
Eastern Pacific has a large number of teleconnections irrespective of whether we consider EP or CP conditions. 
The Niño 4 region in the Central Pacific has, in comparison, very few teleconnections under both EP and CP 
conditions and our analysis suggests that this is likely due to the higher spatio-temporal variability of anomalous 
SSTs in the Central Pacific. We conclude that the Eastern Pacific is the primary mediator of El Niño impacts 
irrespective of the El Niño type, and acknowledge that further work on the role of the Eastern Pacific during CP 
El Niños is needed.

We found that the northern IO and the Labrador Sea show teleconnections almost only under EP and CP condi-
tions respectively. While the teleconnections of the IO region to the Niño 3 region during EP conditions are 
well-known, the links between the Labrador Sea to the Eastern Tropical Pacific and northern tropical Atlantic 
are not fully understood.
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Data Availability Statement
Data sets for this research are available from Copernicus Climate Change Service. The data from 1959 till date 
was taken from Hersbach et al. (2018). The code for generating and analyzing the networks is made publicly avail-
able under Strnad and Schlör (2022). The code for reproducing the analysis of the network curvature described in 
this paper is publicly available under Schlör and Strnad (2022).
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