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Abstract

Interconnected networks—systems composed of multiple
interacting network layers—have emerged as a critical paradigm
for understanding complex systems across diverse domains, from
critical infrastructure and biological organisms to social-technical
ecosystems and financial markets. Unlike isolated single-layer
networks, interconnected networks exhibit unique emergent
phenomena including cascading failures, interlayer
synchronization, and robustness trade-offs that cannot be predicted
from the analysis of individual layers alone. This review
synthesizes recent advances in the theory and applications of
interconnected networks, examining their structural organization,
dynamic behavior, resilience properties, and control strategies. We
discuss how interdependencies between network layers can amplify
both functionality and fragility, presenting both theoretical
frameworks and empirical evidence from infrastructure systems,
biological networks, and social platforms. Key findings include the
identification of robust-yet-fragile characteristics in interdependent
systems, the role of interlayer degree correlations in determining

system resilience, and the emergence of novel critical phenomena
at coupling boundaries. We conclude by identifying critical gaps in
current understanding and proposing directions for future research,

including the need for adaptive control mechanisms, real-time
monitoring of interlayer dynamics, and the development of unified
theoretical frameworks that bridge structural and dynamical perspectives.

Keywords: Interconnected networks, multilayer networks, interdependencies, cascading failures, resilience,
synchronization, critical infrastructure.

1. Introduction

The study of complex networks has undergone a revolutionary transformation over the past two decades,
evolving from the analysis of isolated systems to the recognition that most real-world networks do not exist in
isolation but are fundamentally interconnected with other networks [1-3]. This paradigm shift—from single-
network analysis to the study of interconnected or "network of networks" architectures—has revealed that the
behavior of coupled systems cannot be understood by simply extrapolating from the properties of their
individual components. Interconnected networks, also referred to as multilayer networks, multiplex networks,
or interdependent networks, represent systems where multiple network layers interact through cross-layer
connections, creating a complex meta-structure that supports novel emergent phenomena [4-6].
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INTERCON NECTE.D NETWORKS

Figure 1: Interconnected Networks

The motivation for studying interconnected networks stems from their ubiquity across natural and engineered
systems. Critical infrastructure systems provide perhaps the most compelling example: modern societies
depend on intricate webs of interdependent networks including power grids, communication systems,
transportation networks, and water distribution systems [7-9]. The failure of a single power substation can
trigger cascading failures across communication networks, which in turn disrupt transportation and emergency
response systems—a phenomenon tragically demonstrated during the 2003 Northeast Blackout in North
America and the 2012 India blackout, which affected over 600 million people [10,11]. Similarly, in biological
systems, molecular interaction networks operate across multiple layers—genetic regulatory networks, protein-
protein interaction networks, and metabolic networks—that are tightly coupled and mutually dependent [12-
14]. Social systems exhibit analogous multilayer structure, with individuals participating simultaneously in
friendship networks, professional collaboration networks, and online interaction platforms, each layer
influencing behavior across others [15-17].

The theoretical foundations of interconnected network analysis were established through seminal work by
Buldyrev, Parshani, Paul, Stanley, and Havlin, who demonstrated that interdependencies between network
layers fundamentally alter the nature of percolation transitions [18]. Unlike isolated networks, where the giant
component emerges through a continuous second-order phase transition, interdependent networks can exhibit
abrupt first-order phase transitions characterized by catastrophic collapse. This discovery sparked intensive
research into the structural and dynamical properties of coupled networks, revealing that interdependencies
create a "robust-yet-fragile" character—enhanced functionality under normal conditions but heightened
vulnerability to targeted attacks or random failures [19,20].
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The mathematical frameworks for analyzing interconnected networks have expanded considerably,
encompassing multiplex networks where the same set of nodes exists across multiple layers with different
intra-layer connections, interdependent networks where different layers contain distinct node sets connected
by inter-layer dependency links, and generalized multilayer structures that combine these features [21-23].
Each framework captures different aspects of real-world coupling, from the multi-relational social networks
where individuals maintain different types of relationships, to infrastructure systems where distinct physical
components depend on services from other networks.

This review aims to provide a comprehensive synthesis of current understanding regarding interconnected
networks, organized as follows. Section 2 examines the structural characterization of interconnected networks,
including metrics for quantifying interlayer organization and the role of network topology in determining
system properties. Section 3 explores dynamic phenomena in coupled networks, focusing on percolation
transitions, cascading failure mechanisms, and synchronization behavior. Section 4 addresses resilience and
robustness, analyzing how network architecture influences vulnerability and recovery. Section 5 discusses
control and optimization strategies for managing interconnected systems. Section 6 reviews empirical
applications across infrastructure, biological, and social domains. Section 7 identifies future research
directions, and Section 8 concludes with key insights and implications.

2. Structural Organization of Interconnected Networks
2.1 Topological Characterization

The structural analysis of interconnected networks requires extending traditional network metrics to account
for multilayer organization. Beyond standard measures such as degree distribution, clustering coefficient, and
path length, interconnected networks demand new metrics that capture cross-layer relationships [24]. The
interlayer degree correlation quantifies whether high-degree nodes in one layer connect preferentially to high-
degree nodes in another layer, a property that dramatically influences system resilience [25]. Positive interlayer
degree correlations (assortative coupling) tend to enhance robustness by ensuring that hub nodes have backup
dependencies, whereas negative correlations (disassortative coupling) can create vulnerability hotspots where
low-degree nodes in one layer depend on high-degree nodes in another [26].

The overlap of edges across layers—measured by the edge overlap coefficient—provides another critical
structural indicator. In multiplex networks, edge overlap occurs when pairs of nodes are connected in multiple
layers, creating reinforced pathways that can enhance information or resource flow but also create channels
for rapid failure propagation [27]. The distribution of interlayer connections, whether concentrated among
specific node pairs or distributed uniformly, determines the effective coupling strength and influences the
emergence of collective phenomena [28].

Recent advances have introduced spectral methods for characterizing interconnected networks. The supra-
adjacency matrix representation, which encodes both intra-layer and inter-layer connections in a single matrix
framework, enables the application of spectral graph theory to multilayer systems [29]. Eigenvalue spectra of
supra-adjacency matrices reveal important properties including the number of connected components across
layers, bipartite community structures, and the timescales of diffusion processes. The interlayer mutual
information and von Neumann entropy provide information-theoretic measures of layer coupling strength and
organization complexity [30].

2.2 Community Structure and Mesoscale Organization

Community detection in interconnected networks presents unique challenges because communities may be
defined by dense intra-layer connections, strong inter-layer ties, or a combination thereof [31]. Single-layer
community detection algorithms applied independently to each layer often fail to capture cross-layer
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communities—groups of nodes that are not densely connected within any single layer but maintain strong
relationships across multiple layers. This has motivated the development of multilayer community detection
methods, including multilayer modularity optimization, tensor decomposition approaches, and random walk-
based methods on supra-graph representations [32,33].

The mesoscale organization of interconnected networks reveals important functional implications. Core-
periphery structures, where a densely interconnected core spans multiple layers while peripheral nodes
maintain limited cross-layer connections, appear frequently in biological and social systems [34]. This
architecture provides robustness through core redundancy while maintaining efficiency via peripheral
specialization. However, core-periphery structures also create systemic vulnerabilities: failure of core nodes
can fragment multiple layers simultaneously, while peripheral nodes may lack alternative pathways for
recovery [35].

2.3 Multiscale Architecture and Hierarchies

Real-world interconnected networks often exhibit hierarchical organization across multiple scales.
Infrastructure systems, for instance, display geographic hierarchy—Ilocal distribution networks connect to
regional transmission networks, which interface with national or continental backbone systems—while
simultaneously maintaining functional hierarchies based on service criticality [36]. This multiscale architecture
complicates both analysis and management, as failures can cascade across scales in non-intuitive ways.

The role of spatial embedding in interconnected networks deserves particular attention. Unlike many abstract
network models, infrastructure and biological networks are embedded in physical space, constraining possible
connection patterns and introducing distance-dependent costs [37]. Spatial embedding creates clustering of
interdependencies—geographically proximate nodes are more likely to be coupled across layers—which can
localize failures but also create regional vulnerability hotspots where multiple layers converge [38].

3. Dynamic Phenomena in Interconnected Networks
3.1 Percolation and Phase Transitions

The percolation properties of interconnected networks represent one of the most extensively studied and
theoretically significant areas in the field. The seminal work by Buldyrev et al. established that
interdependencies fundamentally change the nature of network percolation [18]. In isolated networks, random
removal of a fraction 1-p of nodes leads to a continuous second-order phase transition at a critical threshold
p_c, where the giant connected component vanishes. In fully interdependent networks, where nodes in one
layer depend on corresponding nodes in another layer for functionality, the transition becomes discontinuous
(first-order), characterized by an abrupt collapse of the mutually connected giant component [39].

This first-order transition arises from a positive feedback mechanism: when a node fails in one layer, its
counterpart in the dependent layer also fails, potentially causing additional failures in the first layer through
network connectivity. This iterative cascade continues until the system reaches a stable configuration or
complete collapse. The critical threshold p_c for interdependent networks is typically higher than for isolated
networks, indicating reduced robustness to random failures [40]. However, the nature of the transition depends
sensitively on the coupling architecture. Partial interdependence, where only a fraction of nodes have cross-
layer dependencies, can restore continuous transitions or create hybrid transitions with both continuous and
discontinuous characteristics [41].

The influence of network topology on percolation transitions in interconnected systems has been extensively
characterized. Scale-free networks, which are remarkably robust to random failures in isolation, lose this
advantage under full interdependence [42]. The degree exponent of power-law distributions affects the
transition order, with broader distributions (smaller exponents) generally leading to more abrupt collapse.
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Clustering and degree correlations within layers modify critical thresholds and can either enhance or diminish
robustness depending on their interplay with interlayer coupling [43].

Recent theoretical extensions have explored percolation in more realistic coupling scenarios. Networks with
multiple interdependent layers exhibit increasingly abrupt transitions as the number of layers grows, with the
critical threshold approaching unity [44]. Directed dependencies, where failures propagate asymmetrically
between layers, create complex phase diagrams with multiple stable regimes and hysteresis effects [45]. The
introduction of dependency clusters—groups of nodes that share common dependencies—reveals that
localized dependency structures can either buffer or amplify cascades depending on their distribution relative
to network topology [46].

3.2 Cascading Failure Mechanisms

Beyond the equilibrium percolation framework, the dynamics of cascading failures in interconnected networks
involve temporal processes that determine the extent and speed of system collapse. Cascades in interconnected
systems typically proceed through multiple stages: initial trigger, intra-layer propagation, inter-layer
transmission, and potential amplification through feedback loops [47]. The temporal characteristics of these
stages critically influence overall cascade magnitude.

Load-based cascading models extend percolation theory by incorporating flow dynamics. In power grids,
communication networks, and transportation systems, components carry loads that redistribute upon failure
according to specific rules [48]. The capacity of components to handle increased loads, typically modeled as a
multiple of initial load (tolerance parameter), determines whether redistributed flows trigger secondary
failures. Interconnected networks exhibit unique load redistribution patterns because failures in one layer can
alter flow patterns across multiple layers simultaneously [49].

The "time scale separation" between intra-layer and inter-layer dynamics creates complex cascade evolution.
When inter-layer failures occur much faster than intra-layer redistribution, cascades appear as nearly
simultaneous multi-layer collapses [50]. When inter-layer coupling operates slowly, cascades may appear as
sequential layer failures with potential intervention opportunities between stages. Understanding these
temporal dynamics is essential for designing real-time monitoring and response systems [51].

Empirical studies of historical cascades—including the 2003 Italian power grid failure, the 2008 financial crisis
propagation across interbank and credit networks, and internet routing instabilities—reveal that real cascades
often deviate from theoretical predictions due to human intervention, adaptive responses, and incomplete
information [52]. These findings motivate the development of agent-based and game-theoretic models that
incorporate strategic behavior and learning into cascade dynamics [53].

3.3 Synchronization and Collective Dynamics

Synchronization phenomena in interconnected networks exhibit richer behavior than in single-layer systems,
with interlayer coupling enabling novel coherent states and dynamical regimes. The master stability function
approach, fundamental to single-network synchronization analysis, has been extended to multilayer systems
through the master stability function for interconnected networks [54]. This framework reveals that
synchronization can emerge either within individual layers, across layers (interlayer synchronization), or as
global coherent states encompassing the entire multilayer system.

Interlayer synchronization, where corresponding nodes in different layers evolve in synchrony, represents a
distinctive feature of strongly coupled multilayer networks [55]. This phenomenon has been observed in neural
networks, where anatomical and functional connectivity layers can synchronize during cognitive tasks, and in
power grids, where frequency synchronization must be maintained across coupled generation and distribution
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networks [56]. The stability of interlayer synchronization depends on the interplay between intra-layer
topology, interlayer coupling strength, and the intrinsic dynamics of individual nodes [57].

Remote synchronization—where nodes synchronize despite lacking direct intra-layer connections, mediated
exclusively through interlayer coupling—represents another novel phenomenon in interconnected networks
[58]. This effect, impossible in single-layer networks, enables long-range coordination and has implications
for information routing and collective computation in biological and social systems.

The onset of synchronization in interconnected networks can exhibit explosive transitions—abrupt jumps from
incoherence to coherence as coupling strength increases—distinguishing them from the continuous transitions
typical of single-layer Kuramoto models [59]. These explosive synchronization transitions share mathematical
structure with first-order percolation transitions, suggesting deep connections between structural and
dynamical phase transitions in coupled networks [60].

4. Resilience and Robustness
4.1 Vulnerability to Targeted Attacks

Interconnected networks display complex vulnerability profiles that differ markedly from single-layer systems.
While isolated scale-free networks are robust to random failures but vulnerable to targeted attacks on high-
degree hubs, interdependent networks can be vulnerable to both random failures (due to first-order transitions)
and targeted attacks (due to interlayer dependency structure) [61]. The identification of optimal attack
strategies for interconnected networks reveals that attacks targeting nodes with high "interlayer
betweenness"—those that bridge critical pathways across layers—can be more devastating than attacks on
high-degree nodes within single layers [62].

The concept of "network dismantling" has been extended to interconnected systems, seeking minimal sets of
nodes whose removal fragments the multilayer structure [63]. Unlike single-network dismantling, multilayer
dismantling must account for cross-layer connectivity, making the problem computationally harder but also
revealing that smaller attack sets can achieve system-wide fragmentation when interlayer dependencies are
exploited [64].

Defense strategies against targeted attacks in interconnected networks include intentional redundancy design,
decoupling mechanisms that prevent cascade propagation, and dynamic resource reallocation [65]. The optimal
allocation of defense resources across layers depends on the correlation between layer topologies and the nature
of potential attack strategies, creating complex game-theoretic scenarios between attackers and defenders [66].

4.2 Recovery and Repair Dynamics

Network recovery following catastrophic failure presents distinct challenges in interconnected systems. The
"repair" of isolated networks typically focuses on reconnecting disconnected components, but in
interdependent networks, recovery must address both intra-layer connectivity and interlayer functionality
simultaneously [67]. This mutual constraint creates "recovery traps" where local repair efforts fail because
dependent nodes in other layers remain nonfunctional, preventing the restored nodes from achieving full
operational status [68].

The "recovery coupling”" framework models scenarios where repair resources in one layer depend on
functionality in another layer, creating chicken-and-egg problems that can stall recovery [69]. Strategies to
escape recovery traps include staged recovery prioritizing specific layers, temporary bypass of certain
dependencies, and external resource injection to bootstrap the recovery process [70].

Real-world recovery following major infrastructure failures—such as the post-Hurricane Katrina restoration
of Gulf Coast utilities or the Fukushima disaster response—demonstrates that human organizational factors,
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information availability, and pre-existing mutual aid agreements significantly influence recovery dynamics
beyond purely topological considerations [71]. These empirical observations motivate the integration of social
and organizational network layers into infrastructure resilience models [72].

4.3 Adaptive and Coevolving Networks

Static network models fail to capture the adaptive nature of real interconnected systems, where network
structure and dynamics coevolve. Adaptive interconnected networks change their topology in response to
dynamical states, with failed dependencies potentially being rewired to functional alternatives or with loads
redistributed through newly established connections [73]. This adaptation can either enhance resilience by
providing alternative pathways or create new vulnerabilities through emergent structural instabilities [74].

Coevolutionary models of interconnected networks treat layer topologies as dynamic variables influenced by
node states and interlayer interactions [75]. In social-technical systems, user behavior influences platform
architecture while platform changes reshape user interaction patterns. In biological systems, evolutionary
pressures shape both genetic regulatory and metabolic network structures in coordinated ways [76].
Understanding the attractors and phase spaces of coevolving interconnected networks remains an active
research frontier with implications for long-term system sustainability [77].

5. Control and Optimization
5.1 Controllability of Multilayer Systems

The controllability of interconnected networks—whether system states can be driven to desired configurations
through external inputs—depends on structural properties that extend beyond single-layer controllability
conditions [78]. The minimum number of driver nodes required to control a multilayer network is determined
by the "multilayer controllability matrix," whose rank conditions generalize Kalman's controllability criterion
[79]. Interlayer connections can either enhance controllability by providing additional pathways for control
signals or diminish it by creating constraints that must be simultaneously satisfied across layers [80].

Layer-specific control strategies recognize that different network layers may require different control
mechanisms. In infrastructure systems, power grids may be controlled through generation dispatch while
communication networks require routing table updates, necessitating coordinated but distinct control actions
[81]. The "pinning control" approach, where control is applied to a subset of nodes that then influence the
broader network through coupling, has been extended to multilayer systems with results showing that pinning
nodes with high multilayer centrality can achieve global control with minimal inputs [82].

5.2 Optimal Resource Allocation

Efficient operation of interconnected networks requires optimal allocation of resources across layers subject
to cross-layer constraints. In transportation-logistics networks, for instance, vehicle routing in the physical
layer must be coordinated with information flow in the communication layer to achieve system-wide efficiency
[83]. Multi-objective optimization frameworks for interconnected networks must balance potentially
conflicting layer-specific objectives—such as minimizing latency in communication networks while
maximizing throughput in power transmission [84].

Game-theoretic models of interconnected network operation capture strategic interactions between layer
operators who may have misaligned incentives [85]. The "tragedy of the commons" can emerge when
individual layer operators optimize local objectives without accounting for cross-layer externalities, leading to
suboptimal system-wide performance [86]. Mechanism design approaches, including pricing schemes and
contractual arrangements, can align incentives to achieve socially optimal outcomes [87].
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5.3 Machine Learning and Data-Driven Approaches

The increasing availability of data from interconnected systems has enabled machine learning approaches to
network monitoring and control. Graph neural networks applied to multilayer structures can learn predictive
models of cascade propagation, identify vulnerability patterns, and suggest intervention strategies [88].
Reinforcement learning frameworks have been developed for real-time control of coupled infrastructure
systems, learning adaptive policies that respond to evolving failure scenarios [89].

However, data-driven approaches face challenges in interconnected networks, including the scarcity of labeled
failure data (fortunately, major cascades are rare), the non-stationary nature of system behavior, and the need
for interpretable models that can inform human operators [90]. Hybrid approaches that combine physics-based
models with machine learning show promise for achieving both predictive accuracy and mechanistic
understanding [91].

6. Empirical Applications
6.1 Critical Infrastructure Systems

The application of interconnected network theory to critical infrastructure represents one of the most impactful
domains. Power grid and communication network interdependencies have been mapped in several countries,
revealing dense coupling between these systems [92]. Power grid control systems rely on communication
networks for monitoring and control, while communication infrastructure depends on power for operation,
creating bidirectional dependencies that have been implicated in major blackout events [93].

Water distribution and energy network interdependencies present additional complexity, as water pumping and
treatment require energy while thermoelectric power generation requires cooling water [94]. These "energy-
water nexus" systems exhibit seasonal vulnerability patterns and climate-dependent risks that static network
models struggle to capture [95]. Transportation-electrical interdependencies are increasingly important with
the growth of electric vehicles, whose charging patterns can significantly impact grid load while their mobility
patterns create spatially distributed demand [96].

Cyber-physical systems represent a growing intersection where information networks directly control physical
processes. The security of these systems requires protecting against both cyber attacks that can propagate
through communication layers and physical attacks that can trigger cyber responses, with attack surfaces
spanning multiple layers simultaneously [97].

6.2 Biological and Ecological Networks

Biological systems provide rich examples of interconnected network organization. The human interactome
spans multiple molecular layers—genome, transcriptome, proteome, metabolome—each with distinct
topological properties but tightly coupled through regulatory relationships [98]. Multilayer network analysis
of cancer systems has revealed that mutations disrupting cross-layer hub nodes—those that participate in
multiple molecular processes—are particularly pathogenic, explaining the prevalence of certain oncogenes
[99].

Ecological networks exhibit multilayer structure through multiple interaction types—mutualism, competition,
predation—between the same species, or through spatial networks where local communities are coupled by
species dispersal [100]. The stability of multilayer ecological networks has challenged traditional diversity-
stability relationships, showing that diversity can enhance stability when distributed across interaction types
but may decrease it when concentrated in single layers [101].

Brain networks represent perhaps the most complex biological interconnected systems, with structural
connectivity (anatomical connections), functional connectivity (statistical dependencies in neural activity), and
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effective connectivity (causal influences) forming distinct but coupled layers [102]. Multilayer analysis of
brain networks has identified alterations in interlayer organization associated with neurological and psychiatric
disorders, suggesting new biomarkers and therapeutic targets [103].

6.3 Social and Economic Networks

Social systems are inherently multilayered, with individuals participating in family, friendship, professional,
and online networks simultaneously [104]. The coupling between these layers influences information
diffusion, opinion formation, and collective behavior in ways that single-layer models cannot capture [105].
For instance, professional networks may accelerate the spread of factual information while friendship networks
facilitate the spread of misinformation, with cross-layer interactions determining overall information
ecosystem dynamics [106].

Financial networks exhibit critical multilayer structure through interbank lending networks, derivatives
exposure networks, and ownership networks, each transmitting different types of financial distress [107]. The
2008 global financial crisis demonstrated how shocks propagated across these layers, with bank failures
triggering derivatives claims that created counterparty risks across the ownership network [108]. Post-crisis
regulation has attempted to map and monitor these interdependencies, though the dynamic nature of financial
innovation continually creates new coupling mechanisms [109].

7. Future Directions and Emerging Challenges
7.1 Theoretical Frontiers

Several theoretical challenges remain unresolved in interconnected network science. The development of a
unified framework that encompasses all variants—multiplex, interdependent, interconnected, and network of
networks—remains incomplete, with different communities employing distinct formalisms that obscure
common underlying principles [110]. A grand unified theory of multilayer networks would enable transfer of
results across domains and identification of universal behaviors.

Higher-order interactions, going beyond pairwise connections to capture group-level relationships, represent
an emerging frontier with particular relevance to interconnected systems [111]. In social networks, group
interactions may span multiple layers simultaneously; in biological systems, protein complexes may participate
in multiple pathways across different molecular layers. Extending interconnected network theory to
hypergraph and simplicial complex representations promises to capture these higher-order structures [112].

Non-Markovian dynamics in interconnected networks—where the future state depends on the full history of
the system rather than just the current state—introduces memory effects that complicate analysis but are
essential for realistic modeling [113]. Aging infrastructure, habit formation in social networks, and epigenetic
modifications in biological systems all exhibit memory-dependent dynamics that current models poorly
capture [114].

7.2 Methodological Advances

The computational analysis of large-scale interconnected networks requires algorithmic innovations. Current
community detection, controllability analysis, and simulation methods scale poorly with network size and
number of layers, limiting application to national-scale infrastructure or whole-organism biological networks
[115]. Approximation algorithms, parallel computing strategies, and quantum computing approaches may
provide necessary scalability [116].

Real-time monitoring and digital twin technologies offer opportunities to track interconnected network states
continuously, enabling predictive maintenance and early warning of cascading failures [117]. The integration
of Internet of Things sensors, satellite imagery, and social media data can provide unprecedented observability
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of coupled infrastructure and social systems [118]. However, privacy concerns, data quality issues, and the
need for real-time analytical capabilities present significant challenges [119].

7.3 Societal Implications

As interconnected network science matures, its societal implications demand careful consideration. The
identification of critical nodes and vulnerabilities in infrastructure networks creates security concerns if such
information falls into malicious hands [120]. The optimization of interconnected systems for efficiency may
inadvertently eliminate redundancies that provide resilience, requiring explicit multi-objective optimization
that includes robustness criteria [121].

Climate change introduces new dimensions to interconnected network analysis, as increasing frequency of
extreme weather events tests the resilience of infrastructure networks designed for historical climate conditions
[122]. The energy transition—shifting from centralized fossil fuel generation to distributed renewable
sources—fundamentally restructures power grid topology and its coupling with other systems, requiring
adaptive management approaches informed by interconnected network theory [123].

8. Conclusion

Interconnected networks represent a fundamental paradigm for understanding complex systems where multiple
interacting layers create emergent behaviors unattainable by individual components. This review has
synthesized current understanding across structural characterization, dynamic phenomena, resilience
properties, control strategies, and empirical applications, demonstrating both the maturity of foundational
theory and the vibrancy of ongoing research.

Key insights emerge from this synthesis. First, interdependencies between network layers fundamentally alter
system behavior, creating first-order phase transitions, explosive synchronization, and novel vulnerability
patterns absent in isolated networks. Second, the architecture of interlayer coupling—degree correlations,
connection distribution, and coupling strength—serves as a critical design parameter that can be optimized for
desired system properties. Third, real-world interconnected systems exhibit adaptive and coevolutionary
dynamics that challenge static analysis frameworks and necessitate new theoretical tools. Fourth, empirical
applications across infrastructure, biological, and social domains validate theoretical predictions while
revealing domain-specific complexities that enrich the broader framework.

The study of interconnected networks stands at an important juncture. Foundational theoretical results have
established the field's conceptual vocabulary and identified universal phenomena, while empirical applications
demonstrate practical relevance. The challenges ahead—unified theoretical frameworks, higher-order
interactions, non-Markovian dynamics, real-time monitoring, and climate adaptation—promise to drive
continued innovation at the intersection of network science, statistical physics, computer science, and domain
engineering.

As societies become increasingly dependent on complex coupled systems, from smart cities and integrated
energy grids to global supply chains and digital ecosystems, the principles of interconnected network science
will be essential for designing resilient, efficient, and sustainable infrastructure. The transition from
understanding to designing interconnected networks—from passive analysis to active engineering—represents
the field's next great frontier, with implications for how humanity manages the complex systems upon which
modern civilization depends.
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