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Abstract

This contribution investigates the spatial and dynamic structure of climate tele-
connections in Colombia by integrating complex network analysis with causal
information-transfer flow methods. We examine the influence of six ocean-
atmosphere coupled variability modes (Nino 3.4, Nino 3, SOI, TNA, NTA, and
CAR) on three key regional climate variables: surface temperature, total pre-
cipitation, and vertical moisture flux convergence. Regional climate networks
reveal heterogeneous connectivity patterns. The resulting networks display a
hybrid structural complexity classification that does not conform to canonical
statistical distributions. ENSO-related indices show a strong causal influence on
precipitation and moisture flux over northern and western Colombia. In con-
trast, Atlantic indices exhibit significant but more spatially localized impacts
over the Orinoco and Amazon basins. Notably, no significant causal influence is
found between ENSO and surface temperature, suggesting a dominant influence
from other climatic drivers. Unlike traditional correlation analysis, complex net-
works provide additional measures of centrality, closeness, and betweenness that
highlight the regions critical for the transfer of information in the study area.
Our findings highlight the central dynamic role of the Tropical Andes in shaping
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regional climate connectivity and network betweenness. This framework pro-
vides new insights into the spatial organization of climate variability and offers
a complementary toolset for regional information-based techniques.

Keywords: Climate Networks, Causal Teleconnections, Information Transfer,
Tropical Andes Climate Dynamics, Climate Networks

1 Introduction

Colombia exhibits pronounced climatic and environmental complexity, arising from
the interaction of atmospheric transport processes, climate variability, biodiversity,
and ecohydrological processes (Myers et al. 2000; Bass et al. 2010; Sanchez-Cuervo
et al. 2012; Aldana-Dominguez et al. 2017; Arias et al. 2021). The country’s hydro-
climate reflects the combined effects of global climate modes, regional circulation
patterns, and complex local orography, influenced by climate variability originating in
both the Pacific and Atlantic basins and strongly modulated by the migration of the
Intertropical Convergence Zone. These interactions generate marked spatio-temporal
variability in precipitation, temperature, and climate fields across multiple scales
(Mesa S et al. 1997; IDEAM 2005; Poveda et al. 2011; Hoyos et al. 2013, 2018, 2019;
Urrea et al. 2019; Pabdén-Caicedo et al. 2020; Espinoza et al. 2020), challenging the
disentanglement of the relative contributions, mechanisms, and spatial footprints of
dominant variability sources, which is likely intensified under climate change (Lee
et al. 2023).

Correlation-based analyses, regression methods, and composite approaches are
among the most common methods to establish climate teleconnections (Wilks 2019).
While these methods have yielded valuable insights, they often rely on linear assump-
tions, focus on pairwise relationships, and struggle to capture the multivariate,
nonlinear, and spatially distributed nature of climate interactions. In regions such as
Colombia, where multiple drivers coexist and interact with steep topography, these
limitations hinder a comprehensive representation of teleconnection structures and
their dynamical pathways.

Complex network theory is a powerful alternative framework for characterizing
climate connectivity by identifying the most important associations among spatial
points (Tsonis and Roebber 2004; Deza 2015; Donner et al. 2017; Dijkstra et al.
2019). In climate networks, nodes correspond to spatial locations, while links encode
statistical or causal relationships between climatic variables connecting nodes that
are quantified by specific metrics (Tsonis and Roebber 2004; Tsonis et al. 2006, 2008;
Fortunato 2010; Newman et al. 2011). The resulting network topology provides a
compact representation of the underlying interaction structure and facilitates the
identification of key regions, pathways, and spatial patterns of influence (West and
Scafetta 2010; Deza and Thshaish 2015; Dijkstra et al. 2019). Recent studies have
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successfully applied this approach in South America to investigate the climate mod-
ulation of large-scale modes such as the El Nifio-Southern Oscillation (Rehbein and
Ambrizzi 2023) and the impacts of climate variability on hydrological and biogeo-
chemical processes (Rehbein and Ambrizzi 2023; Serrao et al. 2025).

In this study, we investigate the structure of global-driven climate teleconnections
over Colombia using a network-based framework in which climate links are estab-
lished from information-based causal analysis, which performs better than classical
correlation analysis Docquier et al. (2024). This framework enables the identification
of dominant connectivity patterns due to global climate variability that shape the
Colombian hydroclimate variability. The resulting networks exhibit hybrid topological
architectures that do not fully conform to canonical network taxonomies; nevertheless,
they reveal spatially organized connectivity patterns consistent with known telecon-
nection mechanisms and highlight the role of the Colombian Andes in modulating
regional climate interactions.

2 Study area and Data

This study examines climate connectivity in northern South America, with a focus on
Colombia (Figure 1). In this region, the orographical complexity of the Andes moun-
tain range shapes the atmospheric dynamics and regional climate patterns (Poveda
et al. 2006; Espinoza et al. 2020; Poveda et al. 2020). The resulting landscape com-
prises a mixture of ecosystems, including moist rainforests, grasslands, high mountains,
dry forests, deserts, and mangroves, which provide a wide range of ecosystem services
(Diaz-Granados Ortiz et al. 2005; Sdnchez-Cuervo et al. 2012; Aldana-Dominguez et al.
2017).
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Fig. 1 Study area. The target region focuses on northern South America, centered on Colombia.

The spatial structure of rainfall and climate classification is mostly defined by
the interaction of the Intertropical Convergence Zone (ITCZ), regional transport
phenomena, and regional orography (Poveda et al. 2006, 2011; Urrea et al. 2019;
Pabon-Caicedo et al. 2020; Escobar et al. 2022). Sources of regional climate variabil-
ity combine effects from Pacific and Atlantic oceanic (or land-sea coupled) modes,
operating at multiple spatio-temporal scales (Poveda et al. 2006, 2011; Hoyos et al.
2013, 2018, 2019; Espinoza et al. 2020; Arias et al. 2023; Builes-Jaramillo et al. 2023;
Duque-Gardeazabal et al. 2024; Ruiz-Vésquez et al. 2024), such as El Nifio Southern
Oscillation (ENSO), the Tropical Northern and Southern Atlantic (TNA and TSA),
North Tropical Atlantic (NTA), Caribbean Sea (CAR), Atlantic Meridional Mode
(AMM), Atlantic Multidecadal Oscillation (AMO), Pacific Meridional Mode (PMM),
and Pacific Decadal Oscillation (PDO), among others.

In agreement with the IPCC Sixth Assessment Report (Lee et al. 2023), increasing
temperatures and shifting precipitation patterns are expected in this region, leading
to more frequent extreme events and threatening key sectors in Colombia, such as
coffee production (Sanderson et al. 2022). Food security and agricultural activities
highly rely on the nation’s capability to predict and manage extremes (Botero and
Barnes 2022). Further, 68% of the country’s electricity depends on hydroelectric
power; consequently, the intensification of droughts and rainfall is a potential risk to
national energy security.

In this work, the regional climate state is summarized by three key monthly
variables: total precipitation (TP), two-meter temperature (T2M), and vertically
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integrated moisture flux convergence (VIMF). Data are provided by ERA5 reanal-
ysis in a spatial resolution of 0.25° for the period from 1950 to 2020 (Hersbach
et al. 2020a,b). Six global modes of leading regional variability of atmospheric pro-
cesses were selected based on findings from Hoyos et al. (2018) and Hoyos et al.
(2019), as specified in Table 1. Indices are sourced from the NOAA repository
(https://psl.noaa.gov/data/climateindices/list/).

Table 1 Global modes of variability influencing regional atmospheric processes.

Variability mode (index) Variability time-scale
Tropical Pacific: El Nifio Southern Oscillation (Nifo 3/Nifio 3.4/SOI)  Interannual

SST in the Tropical Caribbean/Atlantic (CAR/NTA) Monthly to annual
SST in the Tropical Northern Atlantic (TNA) Monthly to annual
3 Methods

The present analysis builds on the climate-network framework (Deza and Ihshaish
2015; Donges et al. 2015; Donner et al. 2017; Dijkstra et al. 2019). Following the
categorization proposed by Froyland et al. (2014) and Donges et al. (2015), climate
networks can be grouped into three types: (i) functional networks, constructed
through linear or nonlinear correlation measures such as cross-correlations or mutual
information; (ii) flow networks, derived from the analysis of transport processes
within dynamical flows; and (iii) event-synchronization networks, which arise from
examining correlations and time delays associated with extreme events. In this study,
we adopt the functional-network approach, incorporating a connectivity metric based
on the scale of information flow from time series representing specific modes of global
climate variability to time series characterizing local climate states. Nodes correspond
to a regular spatial grid covering a square region centered on Colombia, with each
node representing a 0.25° grid cell (see Appendix A for the grid-cell-node correspon-
dence). The squared N x N Adjacency Matrix A = {a;;}, represents the linking from
node j to node 1.

Selecting appropriate quantifiers to define the links within the network is crucial,
as the connections determine the network’s topological structure (Xu 2001). Some tra-
ditional criteria for defining links in climate networks are geographic distance, climate
correlations, or relevant statistics (Boccaletti et al. 2006; Donner et al. 2009; Stein-
haeuser et al. 2010; Deza and Thshaish 2015; Donner et al. 2017). Considering that the
probability density function provides a statistical representation of access to climatic
phase space, whereas transition probabilities arise from dynamic interactions among
components (Jonsson et al. 2023), we include a causal quantifier involving asymmetric
information transfer flow for establishing the linking structure of variability climate
networks.
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3.1 Information-based causal links

The Liang-Kleeman formalism introduces a quantifier for the information transfer rate
between two time series X (t) and Y (¢) (Liang 2014, 2016; Tawia Hagan et al. 2019).
Consider the composed system S = {X(¢),Y (¢)} follows the simplest bi-dimensional
stochastic-dynamic

as aw

e F + BW’ (1)
where F' = f+M S accounts for the linear deterministic dynamics, being f = (f1, f2)7
and M = (m,;) the coefficient matrix. W accounts for a standard Wiener process
with B a diagonal matrix of b; and by values (Majda and Harlim 2007; Liang 2014;
Lozano-Durén and Arranz 2022). The Liang-Kleeman information flow (LKIF) for the

rate of information flowing from the state variable Y to X is

CxxCxvCyx — CxyCxx @)

CxxCvy = CxxC%y

C;; is the sample covariance between the time series of processes X and Y,
and " represents the time derivative. This asymmetric measure is given in units of
nats/time and distinguishes the direction of information flow. Following the principle
of nil causality, Ty ,x = 0 indicates independence between time series. A nonzero
Ty . x can be either positive or negative. A negative value means Y makes X more
predictable by restricting its accessible states, while a positive value means Y inde-
terminates X by expanding its accessible state space. In the context of dynamical
systems, a source of uncertainty is understood as a dynamic variable whose small
variations significantly increase the number of possible states that another variable
can take. Ty, x bridges classical determinism and stochasticity by including a com-
prehensive concept of causality (Majda and Harlim 2007; Liang 2018; Lozano-Durdn
and Arranz 2022). Further detailed mathematical demonstration is provided in Liang
(2008, 2014, 2016, 2018).

Ty x =

A normalized LKIF (Liang 2015) considers that the evolution of marginal entropy
of X (Zy_x) is composed of stochastic effects (H%"*¢), self-driven changes in X
(dHY%), and the information flow from Y to X (Ty_x), as

dHnoise dH*
Zyoe = | |y, (3)

Since | Zy - x| > |Ty— x|, the relative contribution to information flow is

Ty x
TY - X — 7 — . (4)
Y—=X
|7y x| = 1 (or 100%) if the change in information content of X is entirely due

to Y. Conversely, 7y _.x = 0 implies no causal influence from Y, which is useful to
reveal the relative importance of a causal relationship among processes (Liang 2015;
Takaya et al. 2025).
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Common features in information transfer are understood as a property of univer-
sality underlying the microscopic states of the atmospheric organization, as in complex
or critical phenomena (Stanley 1999; Hoyos and Rodriguez 2020; Sethna 2021). In our
model, nodes i and j are linked if they received the same relative information trans-
ference for a given global climate index h and a local climate variable k. A two-sided
significance level of 0.5% indicates that a value of |0.005] is the minimum threshold
of detectable dynamical influence, establishing the resolution in the scale of 7. Conse-
quently, 72,1 € (—0.005,0.005) is set as zero. The elements of the adjacency matrix
A for a particular index h are defined as

()

These adjacency matrices are symmetric, unweighted, and undirected. Diagonal
elements are set to zero because this analysis focuses on inter-location relationships.

ij

(h) 1, if |7, — T}]l;k\ < 0.005; Vk and V7 # 0
a;;’ = .
0, otherwise

3.2 Network’s properties

Structural and functional network features are determined through a set of key prop-
erties such as graph density, degree, clustering coefficient, network entropy, distances,
eccentricities, and graph diameter and radius. These properties collectively describe
resilience, compactness, and efficiency of networks, which are crucial in evaluating
network behavior in the framework of complexity (Newman 2002; Barrat et al. 2008;
Cohen and Havlin 2010; Newman et al. 2011; Barabasi and Pésfai 2016; Donner et al.
2017). The definitions, symbols, and mathematical formulations for each property are
presented in Table 2.

Centrality measures such as degree centrality, closeness, betweenness, and
eigenvector centrality play a key role in characterizing nodes within the network,
particularly in identifying spatial patterns of climate connectivity.

Closeness centrality quantifies a node’s efficiency in reaching others by calculating
its mean geodesic distance to all other nodes; nodes with high closeness values exhibit
greater accessibility across the network. Betweenness centrality measures how often a
node lies on the shortest paths between pairs of nodes, highlighting its role in facilitat-
ing interconnections among different network regions. These metrics offer a detailed
understanding of the network’s structure and information flow pathways, providing
insights into teleconnection patterns within the study area (Newman 2018; Golbeck
2015). Eigenvector centrality extends degree centrality by assigning greater impor-
tance to nodes that are connected to other highly central nodes, thereby highlighting
influential hubs within the network (Negre et al. 2018).
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Table 2 Network Properties and Definitions, based on Newman (2018), Barabési and Pésfai
(2016), Cohen and Havlin (2010), and Barrat et al. (2008).

Property Formula Description
Node degree k; = Zj aij Number of links at a given node
Network density = % Ratio between actual links and pos-

sible links, indicating connectivity

Distance between
nodes

d; = mind; ;

Shortest path link count between
nodes ¢ and j

Node eccentricity

€; = max di,j

Greatest shortest path distance
from node 7 to any other node

Local  clustering
coefficient

. 1 - )
Ci = Fi(ki—1) >k @ik Oki

Likelihood of node i’s neighbors
being interconnected

Network entropy

_ 1 N )
H = Nlog(v=1) > i=110gk;

Measure of network degree distri-
bution heterogeneity

Radius R = ming; Smallest maximum shortest path
distance from any node
Diameter D = maxe; Longest shortest path in the net-

work

4 Results and Discusion

4.1 Source of climate variability

Figure 2 compares the influence and relative importance of ENSO (Nifio3.4 index) on
the regional climate state, as represented by correlation, LKIF, and normalized LKIF.
Negative LKIF values capture spatial patterns similar to those identified through
correlation. In contrast, positive LKIF values reveal regions that are not significantly
correlated with ENSO but remain causally connected. In these regions, ENSO reduces
the predictability of climate variability by weakening deterministic relationships and
enhancing stochastic variability. The normalized LKIF further indicates that the

relative contribution of ENSO to climate variability is spatially targeted.
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Fig. 2 Influence of ENSO-Nino3.4 index on T2M, TP, and VIMF measured by correlation (top row),
LKIF (middle row, in milinats per month), and normalized LKIF (bottom row, in %).

For T2M (TP and VIMF) variability, the relative influence of ENSO is weaker and
more spatially diffuse (stronger and more localized) than suggested by correlation,
particularly over mountainous regions. ENSO exhibits its strongest causal influence on
Colombian TP. Normalized LKIF is predominantly negative over the eastern equato-
rial Pacific cold tongue, western Colombia, the Pacific boundary of Central America,
the Caribbean region, the Colombian inter-Andean valleys, and the northern Amazon,
indicating that ENSO constrains precipitation uncertainty in these areas. The spatial
causal structure of VIMF is similar to, though weaker than, that of TP across ENSO
indices, suggesting that both precipitation and vertical moisture flux convergence are
strongly influenced by ENSO in key regions. This behavior is consistent with previ-
ous studies emphasizing the role of the Pacific in modulating regional hydroclimatic
variability (Hoyos et al. 2019; Cai et al. 2020; Posada-Marin et al. 2023).

Similar qualitative results are obtained for Nifio3 and the SOI index (see Appendix
B2 and B3). However, the latter exhibits a more pronounced effect in increasing the
unpredictability of TP and VIMF variability over southeastern Colombia, suggesting
localized interactions distinct from those associated with the other ENSO indices.
Despite these differences across indices, the overall ENSO influence on TP remains
consistent. In this context, the relationship between ENSO and TP provides a clear
representation of tropics—tropics teleconnections, consistent with precipitation deficits
(excess) during El Nifo (La Nina) events over northern South America (Kousky et al.
1984; Souza and Ambrizzi 2002; Waylen and Poveda 2002; Poveda et al. 2006; Grimm



255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

and Tedeschi 2009; Arias et al. 2015; Cordoba-Machado et al. 2015; Cai et al. 2019;
Hoyos et al. 2019; Canchala et al. 2020; Ruiz-Vasquez et al. 2024).

In contrast, the teleconnections associated with the Atlantic variability are com-
paratively weaker across the study area. Figure 3 shows the Atlantic influence (TNA
index) on the regional climate state. Atlantic variability exhibits a causal-correlated
influence on regional T2M with respect to the TNA index. Positive LKIF values
indicate that TNA primarily acts as a source of causal indeterminacy; however, the
normalized LKIF shows that its relative contribution to regional T2M wvariability
barely reaches 1%, and is spatially localized over the Andean and inter-Andean
regions of Colombia and Ecuador, as well as eastern Venezuela. TP exhibits weak
regional correlation, while positive LKIF values reveal causal indeterminacy over
the southeastern corner, with a very low relative contribution to regional variability
(less than 1%). The spatial structure of VIMF correlation contrasts with that of
TP, but remains weak overall. In this case, causation is predominantly deterministic
and localized over the northernmost Andes, although its relative contribution to
explaining variability is also low. The NTA and CAR indices were also analyzed (see
Appendix B4 and B5). The influence of NTA on the regional climate state follows
the spatial structure identified for the TNA index, with consistent patterns in both
correlation and LKIF. CAR exhibits a comparatively weaker influence, as indicated
by lower LKIF values and a negligible contribution in normalized LKIF, suggesting a
limited role in explaining regional variability.

In general, Atlantic and Pacific variability modes exhibit a weak causal influence
on TP and VIMF over the Orinoco and Amazon foothills of the eastern mountain
range. These results are consistent with findings from Hoyos et al. (2018) and Escobar
et al. (2022), which indicate that moisture variability in the area is predominantly
governed by local recycling processes rather than external climate forcing.

10
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Fig. 3 Influence of TNA index on T2M, TP, and VIMF measured by correlation (top row), LKIF
(middle row, in milinats per month), and normalized LKIF (bottom row, in %).

Table 3 summarizes the effects on regional climate combining correlation, LKIF,
and normalized LKIF'.

4.2 Regional climate networks

The study area is represented by a total of 9801 grid cells, which establishes the
maximum number of possible connected nodes. The causal spatial interconnection
structure for climate variability related to each global climate variability mode, as
represented by TP, T2M, and VIMF state variables, is depicted by simple, undirected,
and unweighted networks. Topological features of the climate networks for each index
are summarized by the network’s properties (Table 4) and their corresponding node
degree distributions (Fig 4). For visualizing the adjacency matrices, see Appendix C.

Large networks were obtained, comprising more than 2,000 nodes and over one
million links. However, the percentage of connected spatial points varies between
64.11% and 26.45% across the different indices, revealing a sparse regional climate
connection structure. This sparsity highlights the heterogeneous spatial distribution
of teleconnection patterns driven by the different modes of climate variability and
suggests the presence of distinct mechanisms of information transfer or causal influ-
ence. Furthermore, the total number of connected nodes, IV, can be interpreted as an
indicator of the proportion of the study area dynamically influenced by each index,

ranked as follows: Nifio 3.4 (64.11%), TNA (59.18%), Nifio 3 (55.55%), SOT (48.10%),

11
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Table 3 Summary of indices effects on regional climate variability combining correlations, and
information transfer analysis

Variability
mode

T2M

TP/VIMF

Tropical
Pacific
interannual
variability
(ENSO)

T2M response is more predictable under
ENSO, but with low relative causal
influence across the area. High posi-
tive correlation indicates ENSO posi-
tive (negative) phase coincides with an
increase (decrease) in regional tempera-
ture anomalies.

ENSO deterministically controls regional PP and
VIMF. Negative (positive) correlation over west-
ern Colombia, the Caribbean, the inter-Andean
mountain range, and northern Amazon (oceanic
region beyond the Ecuadorian coast) indicates a
decrease (increase) in precipitation during pos-
itive (negative) ENSO phases. VIMF shows an
opposite correlation spatial structure, exhibiting
an excess (deficit) of atmospheric vapor when
rainfall experiences reduction (increase) under
ENSO.

Tropical
Atlantic
and
Caribbean
Sea
interannual
variability

Positive correlation is not causally
explained. A strong differentiated spa-
tial pattern in LKIF shows that T2M
in the Northern Andes and Caribbean
Sea (Pacific Ocean and Northern Ama-
zon) becomes more unpredictable (pre-
dictable) due to Atlantic variability, but
it explains less than 1% of regional vari-
ability.

PP and WIMF exhibit low correlation with oppo-
site patterns. Atlantic modes causally explain 3%
of the PP and VIMF variability. LKIF detects
deterministic influence over the Andes that cor-
relations do not detect.

Table 4 Summary of climate network properties.

Network N L (k) D (€) (C) H R D
Nino 3.4 6238 8706501 1776.7 0.4412 3.119 0.705 0.545 3 5
Nino 3 5444 5234314 1068.1 0.3533 3.028 0.690 0.448 2 4
SOI 4714 5940966 1212.3 0.5348 3.805 0.769 0.402 3 6
TNA 5800 9961331 2032.7 0.5923 2.458 0.795 0.517 2 4
CAR 3846 3871346 790.0 0.5236 2.875 0.833 0.319 2 3
NTA 2592 1374263 280.4 0.4092 3.223 0.781 0.195 2 4

CAR (39.25%), and NTA (26.45%).

Network density D reveals a moderate level of regional climate connectedness,
expressing a balance between the information flow and redundancy across the net-
work. TNA expresses the highest degree of density, with nearly 60% of the maximum
number of links that the network could have, while Nino 3 is the sparsest network
with just 35%.

Average eccentricity (e) indicates that the maximum number of links needed to
connect any two nodes is between 3 and 4 among networks, suggesting the presence
of shortcuts and complex network structure, where emerging pathways reduce spatial
distances in terms of shared information transfer related to global variability phe-
nomena. The radius R (and diameter D) further support this result, with maximum

12
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(minimum) network eccentricities ranging between 3 and 6 (2 and 3) links across all
indices.

All networks exhibit a high clustering coefficient (C), confirming a modular net-
work structure which can be visualized in the adjacency matrices (Fig. C6). This
clusterization indicates minimized average distances between nodes, consistent with
the compactness previously inferred from the network’s eccentricity.

The degree distribution describes the probability pr that a randomly selected
node has degree k, and it is a useful metric for characterizing network complexity.
As shown in Fig 4, the Nino 3.4, Nino 3, SOI, and TNA networks exhibit a high
likelihood of hyper-connected nodes. These nodes work as key connectivity hubs
within the networks, a role that will be further examined using centrality measures
applied to each network’s nodes. The ocean-driven climate variability connectivity
in Colombia exhibits high clustering and low eccentricity (features characteristic of
small-world networks) as well as hub regions indicative of preferential attachment (a
hallmark of scale-free networks). However, none of the observed distributions conform
to canonical forms such as the power law or Poisson distribution, suggesting a unique
structure with mixed complexity.

In this context, network entropy H is a meaningful metric for capturing variability
in the degree distribution. For Nino 3.4, Nino 3, SOI, and TNA, the average net-
work entropy is approximately 0.5, indicating a balanced structure —neither sparse
nor fully connected—without dominant peaks or tails. In contrast, CAR and NTA
exhibit lower values of network entropy, in agreement with a flatter or peaked degree
distribution (Fig. 4).

4.3 Centrality analysis

The degree centrality, closeness, and betweenness measures allow the identification
of key spatial nodes and regions of high connectivity within the study area. Figure
5 illustrates the degree centrality for the six constructed networks. The networks
associated with ENSO-related indices exhibit similar spatial patterns, characterized
by a high level of centrality over the Caribbean region, Central America, and the
Pacific Cold Tongue zone. Notably, Nifio 3.4 and Nifio 3 also display pronounced
centrality over southern Venezuela and northern Brazil. The Inter-Andean region
exhibits localized high centrality spots.

In contrast, the TNA, NTA, and CAR indices reveal distinct structural configura-
tions. The highest degree centrality values for TNA are observed along the southern
coast of Costa Rica and within the western Amazon rainforest in Brazil. CAR exhibits
multiple connectivity spots distributed across the Colombian Andes, particularly
within the Orinoco Basin near the eastern branch, as well as in northwestern Brazil.
Among all indices, NTA presents the lowest overall degree centrality, with its primary
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Fig. 4 Degree distribution for a) Nifio 3.4, (b) Niflo 3, (c) SOI, (d) TNA, (e) NTA, and (f) CAR
indices.

area of influence concentrated in the valleys adjacent to the Colombian Andes.

Closeness centrality quantifies a node’s ability to reach all other nodes in the
network through the shortest paths, identifying both well-connected regions and
those that are relatively isolated. Figure 6 shows the spatial distribution of closeness
centrality for the six networks, indicating the relative proximity of each location to
the rest of the study area based on causal connections mediated by teleconnections
with the corresponding indices. In this visualization, darker regions denote nodes
with higher closeness centrality, i.e., more central or proximal within the network. In
contrast, lighter areas indicate nodes that are more peripheral or distant from others.

The Andean region consistently appears as a highly central area in the networks
associated with Nino 3.4, Nifio 3, SOI, and TNA, suggesting that it works as an
efficient hub for the propagation of ocean-atmosphere teleconnection signals across
Colombia and neighboring territories. In contrast, the CAR network highlights the
Orinoco Basin as a region of high centrality, while the NTA network shows a more
dispersed structure with moderate centrality values and fewer clearly defined central
zones. These spatial patterns provide insights into the differentiated influence of each
oceanic index on the continental climate dynamics, with potential implications for
regional climate predictability and early warning systems.

Betweenness centrality identifies nodes that serve as critical intermediaries along

shortest paths between other nodes, highlighting their structural significance in main-
taining the network’s overall cohesion. Figure 7 depicts the spatial distribution of
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Fig. 5 Degree centrality maps. Higher degree values indicate greater connectivity within the network.

betweenness centrality across the six networks. The disconnection of nodes of higher
structural importance would substantially alter the network’s shortest path structure
and, consequently, its overall eccentricity.

For the ENSO-related indices, the betweenness centrality patterns closely mir-
ror those observed in the degree and closeness centrality measures. The Colombian
Andes is a critical structural backbone, underscoring their consistent role in mediat-
ing climate teleconnections across the region. These findings emphasize the Andes’
influence as a geographical hub within the climate network, potentially enhancing
regional predictability associated with ENSO variability.

The TNA network exhibits moderately high betweenness values over the north-
western Amazon and the eastern Pacific near Panama and Costa Rica. Although
these nodes are not the most structurally central in the broader network, their ele-
vated centrality suggests a notable reliance on Amazonian connectivity to maintain
the integrity of the teleconnection structure associated with this index. In the NTA
network, structurally important nodes are distributed along the northern Andes
and the adjacent Orinoco region, reinforcing the role of this mountainous corridor
in shaping regional climate linkages. In the CAR network, the highest betweenness
centrality values are concentrated in the Orinoco Basin, particularly near the Colom-
bian—Venezuelan border. This suggests that the region works as a critical channel for
the transmission of teleconnection signals between Colombia and the Caribbean.
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Fig. 6 Closeness centrality maps.

These measures consistently highlight the Colombian Andes as a prominent hub
across most networks, particularly for ENSO-related indices and TNA. This region
emerges as a recurrently central area, underscoring its strategic geographic and cli-
matic position in the propagation and mediation of teleconnection signals.

Conversely, the CAR and NTA networks exhibit structurally distinct patterns. For
CAR, the Orinoco Basin, especially near the Colombian—Venezuelan border, plays a
critical structural role, while the NTA network reveals scattered centrality with peaks
along the northern Andes and adjacent basins. The Amazon Basin, though largely
isolated in the CAR and ENSO-related networks, exhibits localized centrality in the
TNA network, suggesting a regionally constrained but potentially significant inter-
action between the Amazon and the tropical North Atlantic. This raises important
questions about the influence of Atlantic variability on continental hydrological and
atmospheric dynamics, especially over the Amazon and its periphery.

These zones of high spatial connectivity define hubs in the networks, which can
also be identified in the maps of eigenvector centrality shown in Appendix D.

5 Concluding remarks

Climate network analysis offers a powerful framework for characterizing the dynamic
influence of global climate phenomena on Colombia. It addresses the canonical ques-
tion of climate teleconnections through an innovative lens aligned with the concept
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Fig. 7 Betweenness centrality maps. Higher values indicate higher structural importance.

of network thinking, in which the dynamics of nodes and links reveal critical insights
into the location, intensity, and topology of climate influences. The application of
the Liang-Kleeman estimator to quantify the rate of information flow from distinct
global variability modes to regional climate states proves especially advantageous,
dynamically uncovering nontrivial teleconnection patterns that may remain hidden
in traditional correlation-based approaches.

Based on the estimated rates of information flow, we delineate the detailed spa-
tial structure of the influence exerted by global climate variability modes on the
climate state of Colombia and surrounding regions. ENSO is the dominant driver
of precipitation variability (and likewise of moisture flux convergence), particularly
through the Nino 3 and Nino 3.4 indices, exerting a strong and spatially coherent
causal influence on precipitation patterns across northern, western, and northwestern
Colombia, as well as the inter-Andean zone. The Andean mountain range appears to
act as a geographic boundary limiting the eastward extent of ENSO’s causal influ-
ence. These findings are consistent with the spatial organization of teleconnections
reported in previous studies, such as Kousky et al. (1984); Aceituno (1988); Souza
and Ambrizzi (2002); Poveda et al. (2006); Grimm and Tedeschi (2009); Cai et al.
(2020); Ruiz-Véasquez et al. (2024).

Atlantic variability modes exert a weaker overall influence on the target region

compared to Pacific modes. Nevertheless, they are causally linked to rainfall vari-
ability in eastern and southeastern Colombia, with notable effects over the Orinoco
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and Amazon basins (as discussed in Duque-Gardeazabal et al. (2024)). These results
highlight the important but regionally distinct role of the Atlantic Ocean in shaping
Colombian climate teleconnections.

Pacific and Atlantic variability modes exhibit only a minor causal influence on
surface temperature compared to other sources of information flow. This suggests
that other climatic processes, possibly of local or continental origin, may be responsi-
ble for modulating temperature variability in Colombia. Tsonis and Swanson (2008)
and Yamasaki et al. (2008) found similar results for ENSO in a broader area. The
mechanisms by which the studied climate variability modes interact with northern
South America primarily involve atmospheric transport and circulation processes, as
evidenced by their stronger causal influence on rainfall and VIMF. As previous works
also established (Trenberth and Shea 2005; Berg et al. 2015; Morales et al. 2017;
Duque-Gardeazabal et al. 2024; Ruiz-Véasquez et al. 2024), candidate mechanisms
include land-atmosphere interactions such as soil moisture-temperature feedbacks,
topographic effects related to the complex Andean orography, and radiative processes
influenced by cloud cover, vegetation, or aerosols. Additionally, mesoscale circulation
patterns and regional phenomena such as low-level jet systems may contribute to
shaping temperature dynamics independently of large-scale ocean-atmosphere vari-
ability. At first glance, this result might seem unexpected because T2M exhibits the
strongest overall influence on the net Ty _, x. However, the usefulness of measuring
the relative information flow rate is evident, as it disaggregates the dynamic contri-
bution of a specific climate index regarding the net rate of information flow on the
target variable T2M.

Centrality, closeness, and betweenness analyses are useful for highlighting the
regions critical for the transfer of information in the study area. The Andes are widely
recognized for their significance in terms of biodiversity and ecosystem services. Based
on network properties analysis, we conclude that the Tropical Andes also play a
predominant role in the connectivity and betweenness of climate variability driven by
global climate phenomena, functioning as a dynamic hub within the climate network.
This centrality suggests that the Andes may mediate the transfer of information or
energy between distinct climatic regions. These findings underscore the topographic
and climatic complexity of the Andes in shaping regional teleconnection structures.
These results carry important implications for both climate science and environmental
management. The central role of the Tropical Andes in the climate network suggests
that this region may be especially sensitive to shifts in global climate drivers and
downstream impacts. Recognizing the Andes as a dynamic mediator of teleconnec-
tions also reinforces the need to align climate resilience strategies with conservation
efforts, particularly in areas where biodiversity hotspots and key climate pathways
intersect, prioritizing climate monitoring and early warning systems.

The Pacific Oceanic region, which exhibits high connectivity in ENSO-related

networks, underscores the robustness of ENSO’s influence on regional climate con-
nectivity. The convergence of centrality measures across multiple indices in this area
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affirms its well-established role in modulating tropical atmospheric circulation and
hydrological patterns across northern South America. These results are consistent
with the spatial imprint of Pacific sea surface temperature (SST) anomalies, partic-
ularly those associated with the Nino 3 and Nino 3.4 regions, which act as primary
drivers of convective activity and large-scale circulation shifts that influence precip-
itation over Colombia and adjacent areas (Ruiz-Vasquez et al. 2024; Posada-Marin
et al. 2023; Cai et al. 2020; Hoyos et al. 2019; Poveda et al. 2011; Tootle et al. 2008;
Poveda et al. 2006).

Finally, the connectivity patterns of ocean-driven climate variability in Colombia
reveal a hybrid network structure characterized by high clustering and low eccentric-
ity alongside hub regions. However, the lack of conformity to canonical distributions
indicates that these climate networks possess a distinctive structural complexity that
cannot be fully captured by standard network typologies, which is in agreement with
previous climate network works such as Tsonis and Swanson (2008) and Yamasaki
et al. (2008).

These results corroborate established climate dynamics and open new avenues for
exploring less-understood interactions. Future work should assess the sensitivity of
these networks to threshold selection and temporal evolution, as well as explore the
predictive potential of these spatial patterns for forecasting regional climate anomalies.
Together, these insights deepen our understanding of tropical climate dynamics and
highlight the potential of causal network methods to support more targeted climate
monitoring and adaptation strategies.
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Fig. A1 Node-grid correspondence. Nodes correspond to grid cells in the study area. Links capture
the dynamical influence of each global variability mode on the regional climate state.
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Appendix B Complementary sources of climate

varibility

Appendix Figures B2 and B3 present the spatial distributions of correlation, LKIF,
and normalized LKIF associated with the Nino3 and SOI indices, complementing the

analysis discussed in the main text.

OW

oW

Fig. B2 Influence of Nifno 3 index on T2M, TP, and VIMF measured by correlation (top row), LKIF
(middle row, in milinats per month), and normalized LKIF (bottom row, in %).
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Fig. B3 Influence of SOI index on T2M, TP, and VIMF measured by correlation (top row), LKIF
(middle row, in milinats per month), and normalized LKIF (bottom row, %).

The comparison between correlation and LKIF further highlights regions where
deterministic ENSO-driven relationships are weak in terms of linear association but
remain dynamically connected through causal interactions. The normalized LKIF
fields additionally emphasize the spatially heterogeneous contribution of ENSO to
regional climate variability, particularly over hydroclimatically sensitive regions.
Although the SOI index exhibits a comparatively stronger enhancement of unpre-
dictability over southeastern Colombia, the overall spatial organization of ENSO
influence remains coherent across indices, supporting the interpretation of a stable
large-scale tropical teleconnection structure governing precipitation and moisture
transport variability over northern South America.

Appendix Figures B4 and B5 provide complementary spatial representations of

correlation, LKIF, and normalized LKIF associated with the NTA and CAR indices,
extending the analysis of Atlantic-driven teleconnections discussed in the main text.
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Fig. B4 Influence of NTA index on T2M, TP, and VIMF measured by correlation (top row), LKIF
(middle row, in milinats per month), and normalized LKIF (bottom row, in %).
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Fig. B5 Influence of CAR index on T2M, TP, and VIMF measured by correlation (top row), LKIF
(middle row, in milinats per month), and normalized LKIF (bottom row, in %).

In agreement with the TNA patterns, the NTA index exhibits broader regions of
positive LKIF for T2M, indicating a more spatially extensive deterministic telecon-
nection despite its limited relative contribution to total variability. By contrast, the
CAR index is characterized by weaker and predominantly negative LKIF structures,
particularly near the Caribbean coast and Amazon basin, suggesting that Atlantic
Caribbean variability may enhance stochasticity and reduce predictability in regional
temperature fields. These contrasting LKIF signatures among Atlantic indices high-
light the heterogeneous nature of Atlantic teleconnections and suggest that distinct
Atlantic modes may influence regional climate through different dynamical pathways.
Despite these differences, the normalized LKIF values remain generally low, reinforc-
ing the interpretation that Atlantic variability plays a secondary role in explaining
regional TP and VIMF variability when compared to ENSO-related forcing.
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Appendix C Adjacency matrices

Adjacency matrix representation of networks. Black points represent the links between
nodes. These square matrices cover the entire study area with 9801 nodes.

a) Nino 3.4 b) Nifio 3 c) SOI

d) TNA ) NTA

Fig. C6 Adjacency matrix representation for all networks. The dimension is 9801 x 9801 (N x N),
and black points represent links.
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Appendix D Eigenvector Centrality

In addition to degree centrality, eigenvector centrality emphasizes the importance of a
node’s connections by accounting for both the number and the influence of its linked
nodes. Both degree (Fig. 5) and eigenvector (D7) centrality reveal a similar spatial
structure across the study area, with only minor differences. For example, although the
NTA exhibits low maximal degree values, its connections play a crucial role in the over-
all network structure, particularly in the valleys surrounding the Andes, which appear
to facilitate significant information transfer related to associated variability phenom-
ena. Regions with high maximal degree values in the TNA also display high eigenvector
centrality, reinforcing their importance within the network. Furthermore, all ENSO-
related indices present comparable eigenvector centrality patterns, suggesting that the
quantity and influence of connections in these networks preserve a consistent topolog-
ical structure. This is a notable finding, as it implies that regardless of the specific
ENSO index used, the causal network topology influencing Colombia remains stable
over the Andean mountain range. Minor differences over the Pacific Cold Tongue across
these indices may indicate subtle variations in the pathways of information transfer.

a) Nifio 3.4 b) Nifio 3 ¢) SOI

Fig. D7 Eigenvector centrality maps. Higher values indicate higher structural importance.
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