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 A B S T R A C T

This paper examines how road network topology and post-disruption recovery strategies jointly 
shape recovery processes following disruptions. We develop a scalable stress-testing framework 
to simulate disruption scenarios and generate recovery data for road networks, which is 
subsequently analyzed with regression models to identify the effects of structural characteristics, 
recovery strategy, and disruption severity on multi-dimensional resilience. Using 224 real-
world road networks, we assess their post-disruption recovery across five resilience dimensions: 
operational efficiency, accessibility, local redundancy, global connectivity, and spatial fairness. 
The results yield three key insights with significant implications on infrastructure design 
and management. First, road network resilience is fundamentally multidimensional: no single 
recovery strategy consistently performs best across all dimensions. Second, topological charac-
teristics  influence recovery outcomes. Third, strategy-based recovery provides limited benefits 
under minor disruptions but substantially accelerates recovery under severe damage. These 
findings highlight the need for policies that integrate robust and diverse network design with 
post-disaster recovery planning for resilience management.

1. Introduction

Transport networks are critical infrastructure systems that enable the movement of people, goods, and services. Yet, they are 
increasingly exposed to natural hazards, security threats, and infrastructure failures, among others. In the event of disasters, road 
networks are critical lifelines for communities. They provide access to hospitals, relief supply routes, and other emergency services. 
Their disruption can severely hinder recovery efforts, as seen during recent events such as the 2019–2020 Australian bush fires 
[1], the 2025 California wildfires [2], and the 2023 Northern India floods [3]. Collapsed bridges and damaged roads not only delay 
emergency response, but also trigger a wide range of cascading impacts, including travel delays, supply chain disruptions, inequitable 
access to essential services, and significant economic and societal costs [4,5]. These challenges, combined with increasing risks from 
climate-related and human-made hazards, have made resilience a priority in transport infrastructure planning and management.

Although resilience research in transportation has expanded rapidly over the past decade, much of this work has emphasized 
single-dimensional performance measures, such as efficiency or connectivity [6,7]. A few studies acknowledge the multidimensional 
nature of road network resilience; however, they primarily focus on multi-objective optimization of transport infrastructure recovery. 
In real-world contexts, however, recovery strategies based on predefined rules or goals are often preferred over optimization methods 
because of practical considerations and ease of implementation. A well-known example is the ‘eight-direction strategy’ of the East and
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Nomenclature

List of Notations
𝛼𝑖𝑗 Adjacency indicator; 𝛼𝑖𝑗 = 1 if an arc connects 𝑣𝑖 to 𝑣𝑗 , and 0 otherwise
𝛽0,𝑚, 𝛽1,𝑚 Intercept and coefficient of disruption intensity, respectively
𝛥(𝐺(𝑡)) Number of triangles in the underlying undirected representation of 𝐺(𝑡) (local redundancy)
𝛿𝑟,𝑚 Coefficient of topological descriptor 𝑥𝑟
𝜖 Small constant preventing division by zero in the proximity weights
𝜂𝑚 Linear predictor of the beta regression model for dimension 𝑚 (logit link)
𝛾ℎ,𝑚 Coefficient of the strategy indicator I(ℎ)
𝜆max Largest (dominant) eigenvalue of the transpose of the weighted adjacency matrix 𝐀
I(ℎ), 𝑆 Indicator variable for recovery strategy ℎ and the set of non-reference strategies, respectively
𝐀, 𝐴𝑗𝑖 Weighted adjacency matrix and its entry for the directed arc 𝑗 → 𝑖
𝐏𝑚 Cumulative performance loss on dimension 𝑚 over the recovery trajectory (trapezoidal integration), 

𝐏𝑚 ∈ [0, 1]
𝑟(𝑡) Accessibility of vertex 𝑣𝑟 at restoration step 𝑡
 Set of initial damage percentages considered in the experiments
LCC(𝐺(𝑡)) Number of vertices in the largest connected component of 𝐺(𝑡) (global connectivity)
𝜇𝑚 Expected value of the standardized performance metric for dimension 𝑚
𝜈 Restoration batch size, expressed as a percentage of the total number of links restored per step
(𝑡) Mean accessibility across all vertices at restoration step 𝑡
𝜙 Precision parameter of the beta regression model
𝜓ℎ,𝑚 Coefficient of the interaction between strategy ℎ and disruption intensity
𝜌𝑖 Strength of vertex 𝑣𝑖, 𝜌𝑖 =

∑

𝑗∈𝑉 (𝜎𝑖𝑗 + 𝜎𝑗𝑖)
𝜎𝑖𝑗 Travel time of arc (𝑣𝑖, 𝑣𝑗 ); 𝜎𝑖𝑗 = ∞ if 𝛼𝑖𝑗 = 0
𝜎𝑖𝑗 (𝑡) Shortest-path travel time between 𝑣𝑖 and 𝑣𝑗 in 𝐺(𝑡)
𝜎𝑟𝑠 Travel time of the shortest route between vertices 𝑣𝑟 and 𝑣𝑠
𝜃𝑟𝑠 Number of shortest routes between vertices 𝑣𝑟 and 𝑣𝑠
𝜃𝑟𝑠(𝑥) Number of shortest routes between 𝑣𝑟 and 𝑣𝑠 passing through 𝑥, where 𝑥 is a vertex or an arc
𝑏 Distance-decay parameter of the proximity weights (set to 1.0 in this study)
𝐶𝑖 Closeness centrality of vertex 𝑣𝑖 in the undisrupted network, used as a proxy for the concentration of 

opportunities
𝐶EV
𝑖 , 𝐶EV

𝑖𝑗 Eigenvector centrality of vertex 𝑣𝑖 and of arc (𝑖, 𝑗), respectively
𝐶B
𝑖𝑗 Betweenness centrality of arc (𝑖, 𝑗)

𝐶NN
𝑖𝑗 Nearest-neighbor edge centrality of arc (𝑖, 𝑗)

𝐶ℎ𝑖𝑗 Priority score of arc (𝑖, 𝑗) under strategy ℎ
𝐶C
𝑣𝑖
, 𝐶C

𝑖𝑗 Closeness centrality of vertex 𝑣𝑖 and of arc (𝑖, 𝑗), respectively
𝐶D
𝑣𝑖
, 𝐶D

𝑖𝑗 Degree centrality of vertex 𝑣𝑖 and of arc (𝑖, 𝑗), respectively
𝑑𝑟𝑠 Euclidean distance between vertices 𝑣𝑟 and 𝑣𝑠 in the intact network
𝐺(𝑡) Partially restored network at restoration step 𝑡; 𝐺(0) denotes the network immediately after disruption
𝐺 = (𝑉 ,𝐴) Directed graph representing a road network, with vertex set 𝑉  and arc set 𝐴
𝐺max Maximum attainable Gini coefficient (𝐺max = 1)
ℎ Index of a recovery strategy, ℎ ∈ 𝐻
𝐻 = {B,D,NN,C,EV} Set of centrality-based recovery strategies (betweenness, degree, nearest-neighbor edge, closeness, 

eigenvector), complemented by a random baseline
𝑚 Index of a resilience dimension, 𝑚 ∈ {Eff iciency,Accessibility,Redundancy,Connectivity,Fairness}
𝑁 Number of random disruption realizations per network–damage–strategy combination
𝑃𝑚(𝑡) Normalized performance on dimension 𝑚 at restoration step 𝑡, 𝑃𝑚(𝑡) ∈ [0, 1]
𝑝𝑐𝑡 Initial damage intensity, expressed as the percentage of disrupted links; 𝑝𝑐𝑡 ∈ 
𝑄(𝑡) Far component of the spatial Gini decomposition of accessibility at restoration step 𝑡; 𝑄(0) denotes its 

value for the intact network
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𝑅, 𝑥𝑟 Topological descriptor 𝑟 and the set of retained topological predictors, respectively
𝑡 Restoration step counter (dimensionless, sequential)
𝑡0, 𝑡𝑟 Restoration steps corresponding to the occurrence of the disruption and to full recovery, respectively
𝑤𝑟𝑠 Distance-based proximity weight between vertices 𝑣𝑟 and 𝑣𝑠

West Nippon Expressway Company in Japan, which prioritizes restoring eight key directional routes to ensure regional connectivity 
after disasters [8]. Yet, in such cases, recovery strategies that maximize efficiency may fail to guarantee equitable access, while 
those that improve connectedness may compromise overall system efficiency. The current literature does not provide clear evidence 
on the trade-offs among these competing performance objectives in strategy- or rule-based recovery planning. To address this gap, 
a scalable stress-testing framework and a large-scale test dataset encompassing diverse network topologies are needed.

Beyond these trade-offs, it is also essential to understand how resilience unfolds over time. Resilience operates at multiple 
stages: absorptive, restorative, and adaptive phases [9]. Absorptive capacity of networks is shaped by component robustness and 
network redundancy, which determine how much performance is lost during disruptions. Recovery, by contrast, depends on the 
prioritization of repairs and the sequencing and timing of interventions. Adaptive capacity is particularly relevant for transport 
systems facing evolving risks such as climate change, as it reflects the flexibility to adjust both absorptive and restorative functions 
under shifting conditions. While absorptive and restorative capacities are often studied separately, the interplay between these 
capacities in determining resilience outcomes is less explored. In the context of transport networks, research has shown how topology 
influences absorptive capabilities; however, the influence of network topology on restorative capacity in real-world settings is not 
yet well established. Investigating this relationship is critical for designing infrastructure systems that are both robust to shocks and 
capable of recovering rapidly when failures occur.

Based on the above considerations, this study develops a scalable framework for stress-testing road network resilience under mul-
tiple disruption scenarios and recovery strategies. Using a global dataset of 224 urban road networks extracted from OpenStreetMap, 
we evaluate recovery trajectories using five resilience dimensions, namely, operational efficiency, accessibility, local redundancy, 
global connectivity, and spatial fairness. Through large-scale simulation and regression analysis, we identify how disruption intensity, 
recovery strategy, and underlying network topology interact to shape resilience outcomes. The following are the specific objectives 
of the paper.

• To develop a computational stress-testing framework using OpenStreetMap data, designed for easy application to new cities, 
performance metrics, and recovery strategies without requiring additional inputs.

• Evaluate how topological features and heuristics-based recovery strategies interact and influence performance across multiple 
recovery objectives (multidimensional resilience), with the aim of providing guidelines for decision-makers and emergency 
managers.

• Examine the circumstances under which the topological characteristics of a network are associated with recovery, thereby 
providing large-scale simulation-based evidence for the influence of pre-disaster road network design on post-disaster recovery 
outcomes.

The remainder of the paper is organized as follows. Section 2 reviews the relevant literature. Section 3 outlines the methodolog-
ical framework. Section 4 presents results for a diverse set of networks, including a statistical analysis of the relationship between 
topological features and recovery strategy performance. Section 5 concludes with a discussion of practical and policy implications.

2. Related work

2.1. Modeling resilience of road networks

Transport system resilience is a multi-stage characteristic that reflect both the capacity to withstand disruptions and the ability 
to recover functionality afterward. While vulnerability, reliability, and risk each provide useful but partial perspectives, resilience 
uniquely captures the system’s trajectory through disruption and recovery phases [10,11]. Building on early conceptualizations 
from ecology, [12] proposed the widely adopted 4R’s framework (robustness, redundancy, resourcefulness, and rapidity) for socio-
technical systems, which has since been extensively applied in transport resilience studies. In this framework, robustness and 
redundancy shape system performance during disruption, while resourcefulness and rapidity govern the effectiveness and speed of 
recovery. Similarly, [10] introduced one of the first transport-specific frameworks for resilience analysis, identifying ten interrelated 
dimensions including redundancy, efficiency, adaptability, and the ability to recover quickly. In several studies, especially among 
the network architecture community, resilience and robustness are interchangeably used [13,14]. However, in this study, we adopt 
the terminology from [12] 4R’s framework.

Several studies converge on the view that resilience can be understood as a combination of absorptive and restorative capacities 
[9]. Absorptive capacity refers to the ability of a system to maintain critical functionality during disruptions, while restorative 
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capacity encompasses the resources and time required to restore service levels afterward. In transport networks, absorptive capacity 
is shaped by inherent structural properties [15], such as density, redundancy, and modularity, whereas restorative capacity is 
influenced by the ability to mobilize resources and implement dynamic strategies for scheduling repairs and reallocating flows 
[16,17]. Together, these phases define resilience as an evolving trajectory that spans disruption and recovery stages, rather than a 
single scalar indicator.

To operationalize these conceptual frameworks, a wide range of resilience metrics has been proposed, which can be grouped 
into three categories: topological or structural, attribute-based, and performance-based [18]. Topological measures (e.g., centrality, 
clustering) capture structural properties but neglect operational dynamics. Attribute-based metrics often quantify specific resilience 
properties, such as recovery speed or efficiency. Performance-based metrics assess functionality over time, often by measuring 
cumulative losses (e.g., area under the resilience curve). While topological metrics are computationally efficient and widely used for 
heuristic recovery planning, performance-based measures are essential for capturing user-level impacts such as accessibility, equity, 
or delays [19,20]. However, for stress-testing a large number of transport networks and develop generalized policy insights into 
network design, topological metrics have been widely used in the literature [7].

Although earlier efforts focused on one aspect of resilience, recent studies increasingly emphasize the multidimensional nature 
of recovery decisions in road infrastructure [4,21] and the wider transport and logistics domains [22,23]. Transport systems are 
socio-technical systems, and post-disaster recovery planning involves multiple, often conflicting objectives [24]. In this context, 
planners must balance operational efficiency [25] against equitable access [26,27], connectivity [28], feasibility and cost [29], and 
other practical constraints. For example, a strategy that prioritizes major highways may maximize traffic flow but leave peripheral 
communities isolated or exceed budget limits. However, resilience is still commonly measured using a single time-varying indicator, 
typically summarized as the area under the performance curve. Such scalar measures capture one dimension of recovery but miss 
how accessibility or equity is restored for different user groups or regions. To illustrate the multidimensional aspect of resilience, 
Fig.  1 shows how the resilience curves depicting road network recovery can be sensitive to the choice of performance metric. In 
summary, a recovery that appears effective by one network-wide indicator may perform poorly on another objective. Therefore, a 
multidimensional approach is required to evaluate recovery strategies and provide holistic insights to decision-makers.

Fig. 1. Illustrative example of multi-dimensional impacts of road recovery strategies. Network-level recovery can assume very different trajectories 
based on the metric that is used to measure it. This underlines the need for integrated recovery strategies that balance relevant transport objectives.

2.2. Recovery planning and prioritization methods

As a crucial element of resilience, post-disaster recovery planning has received considerable attention in the literature. Recovery 
of networks is a dynamic problem where the sequence of restoring damaged links must be determined under resource and time 
constraints [30]. Because not all components can be repaired simultaneously, prioritizing which links to recover first has significant 
implications for how quickly and equitably the system regains functionality. This problem is inherently multi-objective: strategies 
that maximize efficiency may neglect accessibility for peripheral communities, while those prioritizing equity may impose longer 
delays or higher costs. In the literature, three types of recovery planning methods are identified: graph-based heuristics, network 
optimization approaches, and simulation-based approaches.

Graph-theoretic models rank nodes or links by importance using network indices and then guide repair sequencing. Studies show 
that networks with many high-degree or high-centrality nodes are especially vulnerable, and prioritizing their repair can restore 
flow more quickly than random strategies. Studies show that in infrastructure systems, such as transportation networks, water 
distributions systems and power systems, simple topology-based heuristics often outperform unguided rebuilding. For instance, [11] 
showed that topological heuristics can reduce resilience losses by 40%–50% compared to random recovery. More recent work extends 
this idea by combining centrality with operational indicators to define hybrid heuristics that balance structural efficiency with 
flow-based measures, often producing superior recovery outcomes [31]. Other studies propose network-science–inspired heuristics 
(e.g., Cent-Restore) that explicitly incorporate service network needs during restoration [32].
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A large body of work formulates recovery planning as optimization problems, often bi-level or multi-objective, where the lower 
level computes flows and the upper level identifies optimal repair sequences. For example, [31] and [33] developed bi-level models 
balancing unmet demand and travel time, solved using network design heuristics. Metaheuristics such as discrete particle swarm 
optimization [34] and genetic algorithms [35] improve scalability. Multi-objective formulations are increasingly common: [21] 
showed how outcomes vary depending on user groups emphasized, while [36] integrated risk under uncertainty into restoration 
planning.

Simulation-based approaches are also widely used to capture uncertainty and recovery dynamics. Monte Carlo–based frameworks 
test strategies under stochastic hazards, particularly in rural or geohazard-prone regions [37]. Multi-agent and agent-based 
simulations integrate social, economic, and political dimensions into recovery, showing promise for community-sensitive planning. 
Recent studies highlight the potential of reinforcement learning and deep reinforcement learning to optimize sequencing under 
complex, uncertain conditions, accommodating multiple crews and heterogeneous objectives [38,39]. Scenario-based stress testing 
has also been applied to evaluate novel recovery techniques (e.g., accelerated bridge construction) in reducing downtime and indirect 
losses [7,40].

Comparisons across these categories reveal trade-offs between scalability and realism. Graph-based strategies are fast and 
transferable but abstract from demand and user-level impacts. Optimization models capture flows and trade-offs between efficiency, 
cost, and accessibility more accurately but are computationally intensive and case-specific. Simulation approaches best address 
uncertainty and heterogeneous objectives, but remain data-intensive and less generalizable.

2.3. Relationship between road network topology and recovery

Because network topology influences both initial damage and rerouting possibilities, it likely shapes the absorptive and restorative 
capacities of networks. Prior research hints at the existence of a causal relationship, tying resilience to network density, key nodes, 
and path redundancy [41]. Yet, systematic evidence on how topology drives multidimensional recovery outcomes remains sparse. 
On the one hand, densely interconnected grids facilitate rapid traffic rerouting, boosting efficiency and equitable access. On the 
other hand, sparse, tree-like structures risk cascading failures and prolonged reconnection. Quantifying these dynamics is essential: 
it equips planners to anticipate performance from specific layouts before disasters unfold.

This underscores the value of integrated approaches, such as coupled resilience planning, which calls for joint resource 
allocation across absorptive and restorative dimensions [29,42]. Although the interaction between the two resilience capacities 
is underexplored, structural features of transport networks clearly affect routine operations and disruption responses. Advancing 
this line of research, [7] analyzed the association between topological characteristics on recoverability in 42 urban metro networks 
across the world. Yet, the multidimensional nature of resilience was overlooked. While many studies leverage multiple resilience 
metrics to optimize recovery sequences, evidence on the influence of network topology on multidimensional resilience in realistic 
road networks is still limited.

Network resilience and robustness are commonly analyzed through topological metrics. Applications span social networks 
[43,44], biological networks [45,46], economic networks [47,48], and transport networks. Within transportation, centrality 
measures have been applied to air transport [49], metro networks [50], and road networks [51]. Reviews by Das et al. [52]; Landherr 
et al. [53] provide comparisons across centrality measures, while [54] focuses specifically on transportation networks. Across these 
studies, a common pattern emerges: most rely on a narrow set of centrality metrics. [54] identify 17 measures commonly used, but 
reviews by Landherr et al. [53] and Das et al. [52] show that only a handful of measures dominate applications. Centrality captures 
topological importance but not operational aspects such as flows or accessibility. Its popularity stems from computational efficiency 
and limited data requirements, making it valuable for design insights, but needs to be corroborated with performance-based metrics 
for operational insights.

2.4. Gaps in the literature

Despite significant advances in transport network resilience, several critical gaps remain, particularly in the context of 
multidimensional recovery planning and the association between network topology and recovery outcomes. Many existing studies 
focus on single-dimensional resilience metrics, such as efficiency or connectivity, often overlooking the complex trade-offs between 
competing transport objectives, such as equity, accessibility, connectivity, etc.

Strategies that optimize recovery for efficiency may not ensure (or worse, deteriorate) equity, while those that improve 
connectivity may compromise accessibility. Although some work has explored multi-objective optimization frameworks, these are 
typically theoretical or limited to specific scenarios, with limited validation of their practical applicability in real-world recovery 
planning. This gap is particularly pronounced in the context of rule- or strategy-based recovery, where predefined priorities are 
often adopted without rigorous analysis of their unintended consequences on other system-wide impacts.

In addition, the association between absorptive and restorative capacities, which are key components of transport network 
resilience, remains underexplored in real-world network settings. While absorptive capacity is frequently linked to network topology, 
restorative capacity has been mostly tied to optimal recovery and resource mobilization, with limited attention to how topological 
features shape recovery dynamics over time.

Finally, to address the above gaps quantitatively, data-driven frameworks for stress-testing resilience across diverse network 
topologies and recovery strategies leveraging open-source transport network data are required. While simulation-based approaches 
and optimization models have advanced, they often require extensive computational resources or case-specific data, limiting their 
applicability to develop generalized insights on the above gaps.
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3. Methodology

The methodological framework of this study is summarized in Fig.  2. We begin by sampling road networks from [55] randomly 
across all geographic regions. Each network is converted into an abstract graph representation using the igraph package in Python 
[56], in which intersections are modeled as nodes and road segments as edges. This abstraction enables the use of graph-theoretic 
measures to describe structural and topological properties that may influence recovery dynamics. Disruptions are simulated by 
applying a random edge failure strategy, where an incremental percentage of edges is removed from the network each time. This 
procedure generates a disrupted network that reflects the stochastic nature of real-world events such as accidents, hazards, or attacks, 
but under varying levels of intensity. To model recovery, we define six strategies for restoring failed edges (road segments): degree 
centrality, edge betweenness centrality, nearest neighbor edge centrality, eigenvector centrality, closeness centrality, and a random 
baseline strategy. These strategies reflect alternative principles for prioritization, ranging from targeting highly connected nodes to 
restoring globally central links.

Fig. 2. Study methodology.

Effectiveness of recovery is measured using resilience metrics derived from five operational measures: (a) operational efficiency, 
(b) accessibility, (c) local redundancy, (d) global connectivity, and (e) spatial fairness. For each strategy, a recovery sequence is 
generated, and performance metrics are computed at each restoration step. The results are aggregated into performance curves for 
every resilience metric.

The simulated dataset is then used to perform statistical analyses and modeling. Beta regression models are developed to examine 
resilience outcomes (cumulative impact throughout the recovery process expressed as a fraction) as a function of network topology, 
disruption intensity, and recovery strategy. The statistical models allow us to unravel the influence of structural characteristics and 
recovery strategies, and to identify conditions under which specific strategies are most effective with respect to a specific resilience 
dimension.

3.1. Mathematical formulation

Each road network is represented as a directed graph 𝐺 = (𝑉 ,𝐴), in which the vertex set 𝑉 = {𝑣1,… , 𝑣𝑁} corresponds to road 
junctions and the arc set 𝐴 corresponds to directed road segments. Directed arcs are used to allow for the incorporation of one-way 
streets. In the case of two-way streets, two separate arcs are introduced for each direction. We define 𝛼𝑖𝑗 = 1 if vertices 𝑣𝑖 and 
𝑣𝑗 are directly connected by an arc, and 𝛼𝑖𝑗 = 0 otherwise. As we consider a directed graph 𝛼𝑖𝑗 does not need to be equal to 𝛼𝑗𝑖. 
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Accordingly, the arc set is defined as 𝐴 = {(𝑣𝑖, 𝑣𝑗 ) ∣ 𝑣𝑖, 𝑣𝑗 ∈ 𝑉  and 𝛼𝑖𝑗 = 1}. We define 𝜎𝑖𝑗 as the travel time of arc (𝑣𝑖, 𝑣𝑗 ), where 
𝜎𝑖𝑗 = ∞ if 𝛼𝑖𝑗 = 0. This also allows us to define 𝜎𝑟𝑠 as the travel time of the shortest route between 𝑣𝑟 and 𝑣𝑠 and 𝜃𝑟𝑠 as the number of 
shortest routes between 𝑣𝑟 and 𝑣𝑠. Then, let 𝜃𝑟𝑠(𝑥) denote the number of shortest routes between vertices 𝑣𝑟 and 𝑣𝑠 that pass through 
𝑥, where 𝑥 may be either a vertex 𝑣 ∈ 𝑉  or an arc 𝑎 ∈ 𝐴. The topological metrics used as heuristics for post-disruption recovery 
sequence determination are defined as 𝐶ℎ𝑖𝑗 , for the arc (𝑖, 𝑗), respectively, where ℎ denotes the strategy (𝐶ℎ𝑖𝑗 ∈ 𝐂). The recovery 
strategies considered are denoted by 𝐻 = {B, D, NN, C, EV}, each of which is described in detail in Section 3.2. In addition to the 
above strategies, a random recovery strategy was also considered as a baseline.

3.2. Recovery strategies

As previously mentioned, the recovery strategies ℎ ∈ 𝐻 considered in this paper are based on centrality metrics. Link travel 
times, computed from open-source speed data, are further incorporated to identify shortest paths, while graph-based measures are 
employed to approximate demand and the relative importance of network components. Centrality-based recovery approaches have 
been extensively adopted in both academic and applied contexts, owing to their low computational complexity and straightforward 
implementation [57,58]. For every damaged arc (𝑖, 𝑗), we calculate a centrality metric denoted as 𝐶ℎ𝑖𝑗 , which serves as its priority 
score. The disrupted arcs are then ranked in descending order based on these scores, and recovery actions are scheduled and carried 
out in the simulations according to this ranking. In this study, we consider five centrality measures and a random sequencing strategy 
that are frequently used in the literature for guiding recovery decisions in transport infrastructure. The definitions of these centrality 
metrics are presented in the following part of this section.

3.2.1. Betweenness centrality
Betweenness centrality quantifies the extent to which a vertex or arc lies on shortest paths connecting other components of the 

network [59]. Using the graph notation introduced earlier, the betweenness centrality of an arc (𝑖, 𝑗) ∈ 𝐴, denoted 𝐶B𝑖𝑗 , is given by: 

𝐶B𝑖𝑗 =
∑

𝑟,𝑠∈𝑉 ,𝑟≠𝑠,𝜎𝑟𝑠>0

𝜃𝑟𝑠(𝑖, 𝑗)
𝜃𝑟𝑠

(1)

where 𝜃𝑟𝑠 represents the total number of shortest paths between vertices 𝑟 and 𝑠, computed using link travel times 𝜎𝑖𝑗 as weights, 
and 𝜃𝑟𝑠(𝑖, 𝑗) denotes the subset of those paths that traverse arc (𝑖, 𝑗).

3.2.2. Degree centrality
Degree centrality captures local importance by counting the number of connections associated with a vertex or arc. In directed 

networks, vertex degree is decomposed into incoming and outgoing components. For a vertex 𝑖, the total degree centrality 𝐶D𝑣𝑖  is 
defined as the sum of its incoming and outgoing arcs: 

𝐶D𝑣𝑖 =
∑

𝑘∈𝑉 ,(𝑖,𝑘)∈𝐴
𝛼𝑖𝑘 +

∑

𝑘∈𝑉 ,(𝑘,𝑖)∈𝐴
𝛼𝑘𝑖 (2)

where 𝛼𝑖𝑘 and 𝛼𝑘𝑖 are indicator variables denoting the presence of arcs (𝑖, 𝑘) and (𝑘, 𝑖), respectively. The degree centrality of an arc 
(𝑖, 𝑗) is then computed as the product of the degree centralities of its incident vertices: 

𝐶D𝑖𝑗 = 𝐶D𝑣𝑖 ⋅ 𝐶
D
𝑣𝑗

(3)

3.2.3. Nearest-neighbor edge centrality
Nearest-neighbor edge centrality is a local edge importance measure [60]. Because it relies primarily on local connectivity 

information, it offers computational advantages over global metrics and may be well-suited for time-critical recovery decisions. 
For an arc (𝑖, 𝑗), the nearest-neighbor edge centrality can be mathematically expressed as: 

𝐶NN𝑖𝑗 = 𝜎𝑖𝑗

(𝜌𝑖 + 𝜌𝑗 − 2 𝜎𝑖𝑗
1 + |𝜌𝑖 − 𝜌𝑗 |

)

(4)

where 𝜌𝑖 denotes the strength of vertex 𝑖, given by 𝜌𝑖 =
∑

𝑗∈𝑉
(

𝜎𝑖𝑗 + 𝜎𝑗𝑖
)

, and 𝜎𝑖𝑗 is the travel time associated with arc (𝑖, 𝑗).
This metric does not explicitly account for arc directionality and is limited in its ability to represent long-range structural 

dependencies within the network.

3.2.4. Closeness centrality
Closeness centrality reflects how close a network component is to all others in terms of shortest-path distances. An arc is 

considered more central when it is embedded in generally shorter paths to the rest of the network. For an arc (𝑖, 𝑗), closeness 
centrality is computed as: 

𝐶C𝑖𝑗 =
|𝐴| − 1
𝐶C𝑣𝑖 + 𝐶

C
𝑣𝑗

𝐶C𝑣𝑖 𝐶
C
𝑣𝑗
, 𝐶C𝑣𝑖 =

|𝑉 | − 1
∑

𝑘∈𝑉 𝜎𝑘𝑖
(5)

where 𝜎𝑘𝑖 represents the shortest-path travel time from vertex 𝑘 to vertex 𝑖, calculated using travel times as edge weights, and |𝑉 |

denotes the total number of vertices. 𝐶C𝑣𝑖  is set to zero if vertex 𝑖 is not connected to any other vertices. Similarly, if 𝐶
C
𝑣𝑖
+ 𝐶C𝑣𝑗 = 0, 

the arc-level closeness centrality 𝐶C𝑖𝑗 is defined as zero.
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3.2.5. Eigenvector centrality
Eigenvector centrality assigns importance to nodes based on the importance of their neighboring nodes, such that connections 

to highly central nodes increase a node’s score [61,62].
Let 𝜆max denote the largest (dominant) eigenvalue of the transpose of the weighted adjacency matrix 𝐀, where 𝐴𝑗𝑖 is the weight 

of the directed arc 𝑗 → 𝑖 (or 0 if no such arc exists). The node eigenvector centrality 𝐶EV𝑖  of node 𝑖 is obtained by solving the 
following system: 

𝐶EV𝑖 = 1
𝜆max

∑

𝑗∈𝑉
𝐴𝑗𝑖 𝐶

EV
𝑗 (6)

To derive an edge importance score 𝐶EV𝑖𝑗  for each arc (𝑖, 𝑗) ∈ 𝐴, we find the arithmetic mean of the eigenvector centralities of its 
source vertex 𝑖 and target vertex 𝑗: 

𝐶EV𝑖𝑗 =
𝐶EV𝑖 + 𝐶EV𝑗

2
(7)

This proxy assigns higher importance to arcs that connect (or are incident to) two highly central nodes.

3.3. Resilience metrics

The main objective of the study is to investigate the recovery of transport networks through a multi-dimensional approach. 
Specifically, we look at five dimensions of transport network recovery: operational efficiency, accessibility, local redundancy, global 
connectivity, and spatial fairness. We use network-level aggregate indicators for evaluating the recovery of networks under various 
strategies. To compare the recovery across networks, every metric is transformed to a fraction of the performance of the undisrupted 
network, resulting in all metrics being measured on a [0,1] scale. The resilience metrics 𝐏𝑚 where: 

𝑚 ∈ {Efficiency, Accessibility, Redundancy, Connectivity, Fairness}, (8)

are used to evaluate cumulative performance loss under each recovery strategy, and are computed using the trapezoidal method as 
follows. 

𝐏𝑚 =
∫ 𝑡𝑟𝑡0

(

1 − 𝑃𝑚(𝑡)
)

𝑑𝑡

(𝑡𝑟 − 𝑡0)
=

∑𝑡𝑟−𝛥𝑡
𝑡=𝑡0

(

1 − [𝑃𝑚(𝑡𝑖)+𝑃𝑚(𝑡𝑖+1)]
2

)

𝛥𝑡

(𝑡𝑟 − 𝑡0)
; 0 ≤ 𝐏𝑚 ≤ 1, (9)

where 𝑃𝑚(𝑡) is the performance based on resilience dimension 𝑚 at restoration step 𝑡. Throughout this study, 𝑡 denotes discrete 
restoration steps (simulation time) rather than physical time: at each step, a fixed batch of damaged links is restored, and network 
performance is re-evaluated. The recovery trajectories and the resilience metrics 𝑃𝑚 are therefore dimensionless and sequential, 
describing performance as a function of restoration progress rather than of elapsed clock time. Mapping restoration steps to real-
world durations would require assumptions on repair times and crew capacity, which lie outside the hazard-agnostic scope of this 
framework.

The performance is measured between 𝑡0 and 𝑡𝑟, where 𝑡0 denotes the restoration step immediately after the disruption and 𝑡𝑟 the 
restoration step at which the network is fully recovered. Let 𝐺 be the undisrupted network and 𝐺(0) be the network immediately 
after disruption. We also use 𝐺(𝑡) ∶ 𝑡 ≥ 0 denote the network at any timestep 𝑡 after the disruption, such that 𝜎𝑖𝑗 (𝑡) denotes the 
shortest path length between vertices 𝑣𝑖 and 𝑣𝑗 in graph 𝐺(𝑡). 

3.3.1. Operational efficiency
Operational efficiency captures the ease with which travelers can move from their origins to destinations within the network. 

We operationalize this concept using the global network efficiency, defined as the inverse of the shortest-path travel times between 
all ordered node pairs. The normalized network efficiency at timestep 𝑡 is defined as: 

𝑃Efficiency(𝑡) =
Efficiency(𝐺(𝑡))
Efficiency(𝐺) . (10)

Efficiency(𝐺(𝑡)) = 1
|𝑉 |(|𝑉 | − 1)

|𝑉 |

∑

𝑟=1

|𝑉 |

∑

𝑠=1
𝑠≠𝑟

1
𝜎𝑟𝑠(𝑡)

, 𝜎𝑟𝑠(𝑡) <∞, (11)

where 𝜎𝑟𝑠(𝑡) denotes the shortest-path travel time between nodes 𝑣𝑟 and 𝑣𝑠 at timestep 𝑡. Node pairs that are disconnected 
(i.e., 𝜎𝑟𝑠(𝑡) = ∞) contribute zero to the summation. The efficiency of the disrupted network is normalized by the efficiency of 
the undisturbed network, such that 𝑃Efficiency = 1 for the intact network.

In this study, operational efficiency is computed using purely topological information and does not account for origin–destination 
demands or traffic flows, although such weighting could be incorporated in future extensions. Lower values of 𝑃Efficiency indicate 
reduced resilience with respect to operational performance.

International Journal of Disaster Risk Reduction 144 (2026) 106366 

8 



S. Balakrishnan and P. Stokkink

3.3.2. Accessibility
Accessibility reflects the ease with which locations in the network can be reached from one another. We quantify accessibility 

using a closeness-centrality–based measure that weights travel times by the relative importance of destination nodes. For a vertex 
𝑣𝑟, its accessibility at timestep 𝑡 is defined as 

𝐴𝑟(𝑡) =
|𝑉 |

∑

𝑖=1
𝑖≠𝑟

𝐶𝐶𝑖
𝜎𝑟𝑖(𝑡)

; 𝜎𝑟𝑖(𝑡) <∞, (12)

where 𝐶𝐶𝑖  represents the closeness centrality of vertex 𝑣𝑖 computed on the undisrupted network 𝐺. The closeness centrality of the 
undisrupted network serves as a proxy for the concentration of social and economic opportunities at node 𝑖, under the assumption 
that more central nodes tend to host higher levels of activity (e.g., central business districts). This relationship between street-
network centrality and the density of economic activity is well documented empirically [49,63] and enables consistent accessibility 
assessment across cities for which harmonized population and land-use data are unavailable. The proxy nevertheless abstracts 
from actual travel demand, population density, and socio-economic composition, and may bias accessibility estimates towards the 
geometric center of the network in cities with polycentric or peripheral activity concentrations.

The network-level accessibility is the mean of the node-level values, 

Accessibility(𝐺(𝑡)) = 1
|𝑉 |

|𝑉 |

∑

𝑟=1
𝐴𝑟(𝑡), (13)

and the normalized accessibility performance at timestep 𝑡 is given by 

𝑃Accessibility(𝑡) =
Accessibility(𝐺(𝑡))
Accessibility(𝐺) . (14)

As disruptions intensify and paths become longer or unavailable, 𝑃Accessibility decreases accordingly.

3.3.3. Local redundancy
Local redundancy captures the availability of short, alternative routes in the immediate vicinity of each intersection, reflecting 

the redundancy component of the 4R’s framework. We quantify it using the number of triangles (closed triads of mutually adjacent 
nodes) in the underlying undirected representation of the network. In a road network, a triangle corresponds to a small redundant 
loop that offers an alternative local detour if one link fails; a higher triangle count therefore indicates greater local route redundancy. 
This measure is monotone non-increasing under link removal, since deleting an edge can only destroy triangles and never create 
them.

Let 𝛥(𝐺(𝑡)) denote the number of triangles in the disrupted network 𝐺(𝑡). The normalized local-redundancy performance at 
timestep 𝑡 is defined relative to the intact network: 

𝑃Redundancy(𝑡) = min
(

1,
𝛥(𝐺(𝑡))
𝛥(𝐺)

)

. (15)

This measure takes values in [0, 1], where 1 indicates that local redundancy is at or above its intact-network level and lower 
values indicate a loss of alternative local routes.

3.3.4. Global connectivity
Global connectivity describes the extent to which nodes remain part of a single functioning network component following 

disruption. We assess it using the relative size of the largest connected component, which captures network-scale fragmentation 
rather than local structure.

Let LCC(𝐺(𝑡)) denote the number of nodes in the largest connected component of the disrupted network 𝐺(𝑡), and let |𝑉 | denote 
the total number of nodes in the network. Global connectivity is defined as: 

Connectivity(𝐺(𝑡)) = LCC(𝐺(𝑡))
|𝑉 |

. (16)

This measure takes values in [0, 1], where a value of 1 indicates that all nodes belong to a single connected component and 
lower values indicate increasing network fragmentation. To facilitate comparison across networks and recovery trajectories, the 
connectivity metric is normalized relative to the undamaged network: 

𝑃Connectivity(𝑡) =
Connectivity(𝐺(𝑡))
Connectivity(𝐺) . (17)

3.3.5. Spatial fairness
Spatial fairness characterizes how evenly accessibility is distributed across the network during recovery. Building on the node-

level accessibility 𝐴𝑟(𝑡) defined in the Accessibility subsection, we quantify spatial inequality using the far component of a spatial 
Gini decomposition, which emphasizes disparities between geographically distant parts of the network.
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To distinguish inequalities occurring over different spatial scales, we construct a distance-based proximity matrix using the 
Euclidean distances 𝑑𝑟𝑠 between nodes 𝑣𝑟 and 𝑣𝑠 in the intact network. The proximity weight between two distinct nodes is defined 
as: 

𝑤𝑟𝑠 =

⎧

⎪

⎨

⎪

⎩

1
(𝑑𝑟𝑠 + 𝜖)𝑏

, 𝑟 ≠ 𝑠,

0, 𝑟 = 𝑠,
(18)

where 𝜖 is a small constant to avoid division by zero and 𝑏 is a distance-decay parameter, set to 1.0 in this study. The proximity 
weights are subsequently normalized to the interval [0, 1].

Let 𝐴(𝑡) denote the mean accessibility across all nodes, 

𝐴(𝑡) = 1
|𝑉 |

|𝑉 |

∑

𝑟=1
𝐴𝑟(𝑡). (19)

The spatial inequality measure is defined as the far component of the accessibility Gini decomposition, 

𝑄(𝑡) =

|𝑉 |

∑

𝑟=1

|𝑉 |

∑

𝑠=1

(

1 −𝑤𝑟𝑠
)

|

|

𝐴𝑟(𝑡) − 𝐴𝑠(𝑡)||

2|𝑉 |

2𝐴(𝑡)
. (20)

Finally, the normalized spatial fairness metric is computed by comparing the current spatial inequality with that of the intact 
network, 

𝑃Fairness(𝑡) = 1 −
max (𝑄(𝑡) −𝑄(0), 0)

𝐺max −𝑄(0)
, (21)

where 𝑄(0) is the far-spatial Gini coefficient of the intact network and 𝐺max = 1 is the maximum attainable Gini coefficient.
This formulation ensures that 𝑃spatial(𝑡) ∈ [0, 1], where values close to 1 indicate that accessibility inequalities have not increased 

relative to the intact network, while progressively lower values indicate increasing spatial concentration of accessibility disadvan-
tages across geographically distant regions of the network. By focusing on the far component of the spatial Gini decomposition, the 
metric emphasizes regional disparities in accessibility that may emerge during network disruption and recovery.

The resilience metrics adopted in this study are deliberately topology-based and do not incorporate travel demand, origin–
destination flows, or congestion dynamics. Consistent demand data are unavailable across cities, and demand-based assignment 
models are generally calibrated on normal-day travel patterns and equilibrium route choice, assumptions that are least reliable 
under post-disaster conditions marked by trip suppression, demand changes, and non-equilibrium behavior. Topological metrics 
instead characterize the structural substrate on which any demand pattern must operate; the results should therefore be interpreted 
as indicators of structural recovery capacity rather than operational traffic performance.

3.4. Simulation experiments

The data used for stress testing are generated using a structured simulation framework in which each road network is subjected to 
synthetic disruptions, followed by incremental link restoration guided by alternative recovery strategies. At each stage of restoration, 
recovery performance is evaluated across multiple resilience dimensions. An overview of the simulation workflow is provided in 
Algorithm 1.

For each road network in the sample, disruptions are first simulated by randomly removing a predefined fraction of links, and 
the resulting performance is assessed relative to the intact network. Disruption intensity is varied incrementally, ranging from 0% 
to 100% of failed links, to perform stress testing that is agnostic to the type of hazard. This approach provides a benchmark for 
evaluating the intrinsic resilience of networks and facilitates consistent comparison across a large and heterogeneous set of cities 
without focusing on any particular hazard type. To account for randomness in both damage realization and recovery dynamics, 
each combination of initial damage intensity and restoration strategy is simulated 25 times per network. Random failure models 
are commonly used in graph-theory based approaches as baseline representations of robustness [64,65], as they encompass a wide 
range of plausible disruption configurations, including unexpected and compound failures.

Random failures nevertheless assume that link failures are spatially independent, whereas many natural hazards, such as floods, 
earthquakes, and landslides, tend to produce spatially clustered damage, with failure probabilities shaped by the location and extent 
of the hazard as well as by local terrain and exposure conditions. To examine whether this abstraction affects our conclusions, we 
complement the main experiments with a spatially correlated (epicenter-based) disruption model in which link failures cluster 
around randomly located hazard epicenters with distance-decaying intensity Appendix  A. For a representative network, the relative 
ranking of recovery strategies is preserved under spatially correlated damage across all disruption intensities. Absolute performance 
losses, on the other hand, are smaller because clustered damage confines its impact to a subregion of the network. By construction, 
the two damage models converge as the disrupted share approaches 100%. The random-failure stress test, therefore, provides a 
conservative upper bound of recovery losses under more extreme disruptions without altering the comparative conclusions about 
recovery strategies, supporting the use of the hazard-agnostic random model for the large-scale analysis.

In the second stage, damaged links are restored sequentially according to the priority order specified by each recovery strategy. 
After each restoration step, network performance is evaluated along five dimensions, namely, operational efficiency, accessibility, 
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Algorithm 1 Simulation workflow for generating the resilience analysis dataset.
Require: Set of road networks 𝐺 ∈ 𝐆, recovery strategies ℎ ∈ 𝐻 , damage percentages 𝑝𝑐𝑡 ∈  , number of replications 𝑁 , restoration batch size 

𝜈
Ensure: Dataset for regression modeling
1: for each network 𝐺 ∈ 𝐆 do
2:  for each damage percentage 𝑝𝑐𝑡 ∈  do
3:  for 𝑖 = 1 to 𝑁 do
4:  Generate disrupted network 𝐺(0) by randomly removing 𝑝𝑐𝑡% of links from 𝐺
5:  Compute baseline performance metrics on the intact network 𝐺
6:  Compute initial performance metrics on the disrupted network 𝐺(0)
7:  for each recovery strategy ℎ ∈ 𝐻 do
8:  Set restoration step counter 𝑡 ← 1
9:  Initialize current network as 𝐺(𝑡) ← 𝐺(0)
10:  while there exist unrestored links do
11:  Rank remaining disrupted links according to priority rule defined by strategy ℎ
12:  Select and restore the top-ranked batch (approximately 𝜈% of total original links)
13:  Update the list of remaining disrupted links
14:  Re-compute network performance across resilience dimensions 𝑚 ∈𝑀 on the partially restored network 𝐺(𝑡)
15:  Store normalized performance values 𝑃𝑚(𝑡) for each dimension 𝑚
16:  Increment 𝑡 ← 𝑡 + 1
17:  end while
18:  end for
19:  end for
20:  end for
21:  Collect and store all simulation outcomes for network 𝐺 across damage levels, replications, and strategies
22: end for
23: Merge simulation results from all networks into a single dataset
24: Calculate topology-related variables for every network 𝐺 ∈ 𝐆
25: Derive final resilience metrics for each dimension by applying trapezoidal integration over the recovery trajectories
26: Assemble the complete dataset containing topological features, disruption intensity (𝑝𝑐𝑡), strategy indicators, and integrated resilience 

outcomes

local redundancy, global connectivity, and spatial fairness, and recovery trajectories are constructed. We also defined the number 
of damaged links to be repaired at each time step as a fixed percentage of the total number of links in the network, ensuring that 
the availability of recovery resources is controlled and does not affect recovery outcomes across cities. Consequently, ‘‘time’’ in 
the simulations advances in units of restoration steps, and all recovery trajectories are expressed as functions of the cumulative 
share of restored links. Strategy rankings are similar when the batch size is halved or doubled (for more details, see Appendix  B.4). 
Moreover, expressing the batch size as a fixed percentage of network links holds the relative recovery rate constant across cities by 
design, so that differences in recovery outcomes reflect network topology and restoration strategy rather than differences in recovery 
resources. In practice, recovery capacity depends on crew availability, budgets, site accessibility, and repair durations, which vary 
across cities and events.

These recovery trajectories correspond conceptually to the 4R’s framework proposed by [12], in which both performance 
degradation and restoration over time is captured using the concept of resilience triangle. In the third stage, we aggregated simulated 
performance curves across all networks, disruption levels, and strategies, and computed the cumulative performance loss in terms 
of the resilience metrics discussed in Section 3.3 using trapezoidal integration. The resulting resilience metrics are merged with 
network-level topological characteristics to form a comprehensive dataset.

3.5. Statistical analysis and regression modeling

The role of network topology in shaping the effectiveness of recovery strategies is examined through a beta-regression framework 
[66]. This approach is well suited to the analysis because the recovery performance indicators, 𝐏𝑚, are continuous and restricted to 
the unit interval. These indicators compute effectiveness of recovery in terms of resilience metrics by measuring the area above the 
recovery trajectories. Each model treats one of the performance measures introduced in Section 3.3 as the outcome variable.

Model estimation is carried out using a logit link, where the linear predictor 𝜂𝑚 is expressed as 𝜂𝑚 = ln
(

𝜇𝑚∕(1 − 𝜇𝑚)
)

, with 
𝜇𝑚 representing the expected value of the standardized performance metric. The regression coefficients (𝛽0,𝑚, 𝛽1,𝑚, 𝛿𝑟,𝑚, 𝛾ℎ,𝑚, 𝜓ℎ,𝑚) 
describe how recovery performance responds to damage severity, network structure, and recovery policy. Damage severity is 
captured by the variable 𝑝𝑐𝑡, defined as the share of disrupted links. Network structure enters the model through a set of topological 
descriptors 𝑥𝑟. Recovery strategies are incorporated as categorical variables I(ℎ), benchmarked against random recovery, while the 
terms 𝜓ℎ,𝑚 allow the effect of damage to vary across strategies. Because the simulated recovery trajectories are nested within road 
networks (all trajectories from a given city share its topology, and the topological predictors vary only between cities), the model 
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residuals cannot be treated as independent across observations. Statistical inference is therefore based on standard errors clustered 
at the network level [67,68], which are robust to arbitrary correlation among observations from the same network. 

𝜂𝑚 = 𝛽0,𝑚 + 𝛽1,𝑚𝑝𝑐𝑡 +
∑

𝑟∈𝑅
𝛿𝑟,𝑚𝑥𝑟 +

∑

ℎ∈𝑆
𝛾ℎ,𝑚 ⋅ I(ℎ) +

∑

ℎ∈𝑆
𝜓ℎ,𝑚

(

I(ℎ) ⋅ 𝑝𝑐𝑡
)

, (22)

The explanatory variables included in the model can be grouped into four categories: (i) disruption intensity, captured by 𝑝𝑐𝑡; (ii) 
structural characteristics of the pre-disruption network; (iii) categorical variables representing the centrality-based recovery strategy 
employed; and (iv) interaction variables that allow the effectiveness of recovery strategies to vary with the level of initial damage.

The set of topological predictors is drawn from an initial pool of network descriptors representing size, connectivity, redundancy, 
and spatial configuration. These include the number of road network edges, network density, mean and standard deviation of node 
degree, global and average clustering coefficients, average link length measured in metres, degree assortativity, and average link 
travel time measured in minutes.

4. Results and discussion

In this subsection, we present the analysis and model results and discuss the major findings and inferences.

4.1. Data description

The analysis was performed on a set of 224 real-world road networks (Fig.  3), varying in topological and geographic properties. 
These networks were randomly selected from 75 countries spanning six continents (Europe: 66 cities, Asia: 39, North America: 
32, Africa: 28, Australia/Oceania: 11, and South America: 7), considering a wide variety of urban road network structures, from 
grid-like structures to irregular networks. Generative artificial intelligence tools were also used to assist in the curation of the final 
list of networks. All road networks and associated data were obtained from OpenStreetMap. For each road link, directionality is 
taken from the ‘‘oneway’’ tags in OpenStreetMap as interpreted by the OSMnx package [69]: road segments explicitly tagged as 
one-way are represented by a single directed arc, while segments without a directionality tag follow the OpenStreetMap default of 
two-way operation and are represented by a pair of opposing arcs. Across the 224 networks in the sample, 7.9% of road links belong 
to one-way segments. Although tagging errors or omissions in OpenStreetMap may occasionally misrepresent local directionality, 
oneway coverage in urban driving networks is generally reliable, and any residual misclassifications default conservatively to two-
way operation rather than to spurious one-way restrictions. To manage computational complexity and limit topological variability 
within networks, only cities with at most 2500 road edges are included. Nevertheless, the sample retains substantial variation in 
topological characteristics. Table  1 reports the summary statistics of the key topological features considered in this study.

Fig. 3. Geographic distribution of the road network sample (|𝐆| = 224).

In total, we attempted 369,600 full network recovery simulations (224 networks × 11 initial failure percentages × 6 recovery 
strategies × 25 random edge failure combinations) were attempted, of which 356,400 (96.4%) completed and form the final dataset. 
Each network recovery simulation involved evaluation of performance metrics at multiple stages of recovery as recovery actions 
were performed incrementally, as shown in Algorithm 1. The performance and resilience metrics were computed for each of the 
completed recovery simulations. A small percentage of the simulations were not completed due to computational constraints with 
respect to time and are therefore omitted from the final dataset.
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Table 1
Summary statistics of selected 224 road networks.
 Topological metric Mean Standard deviation Min Median Max

 Number of edges 799.08 637.01 14.00 657.50 2427.00
 Density 0.02 0.03 0.00 0.01 0.21
 Average degree 4.83 0.60 3.10 4.77 6.50
 Degree standard deviation 1.80 0.19 1.19 1.81 2.21
 Global clustering coefficient 0.08 0.05 0.01 0.07 0.40
 Average clustering coefficient 0.08 0.06 0.01 0.07 0.57
 Assortativity (degree) 0.04 0.18 −0.33 0.01 0.51
 Average link length (m) 292.52 528.42 53.45 152.03 5397.43
 Average link travel time (min) 30.93 57.76 4.66 16.32 647.69

4.2. Simulation of road network resilience dataset

All simulations were executed on the DelftBlue supercomputer, hosted by TU Delft [70]. Each simulation run was assigned to a 
dedicated compute node equipped with 32 Intel Xeon Gold 6226R CPU cores (2.90 GHz, max. 3.90 GHz) and 128 GB of memory 
(3.9 GB per core). Within the simulation, parallelization was implemented using Python’s multiprocessing library, distributing 
computations associated with road networks to different CPU cores.

4.3. Simulation results and statistical modeling

4.3.1. Influence of recovery strategy on different performance metrics
Once the road recovery data were simulated, we analyzed the effectiveness of all recovery strategies across all performance 

metrics. Fig.  4 shows the effectiveness of the six strategies on the OpenStreetMap road network from Thenkara, India, with 60% of 
the links initially disrupted. The network is depicted in Fig.  4(a), and the simulated recovery curves for the operational efficiency 
metric are shown in Fig.  4(b). The results indicate that, for this specific network and performance metric, recovering edges based 
on their edge betweenness score generally yields superior performance, with strategies based on eigenvector and degree centrality 
also performing relatively better. While closeness centrality performs moderately well in the early stage of recovery, its performance 
gradually deteriorates at the later stages of recovery.

 
(a) Road network topology in Thenkara, India.

  
(b) Simulated recovery trajectories and confidence intervals.

 

Fig. 4. Simulated recovery curves based on operational efficiency metric under different recovery strategies when initial disruption is 60% of 
links. Strategies with smaller area above the curve are more effective.

However, these recovery patterns cannot be generalized across networks and performance metrics. Fig.  5 shows the performance 
loss curves for all five performance metrics and all six recovery strategies for a different road network based in the city of Honiara, 
Solomon Islands. These results show that strategies do not perform uniformly across disaster intensity and for different performance 
metrics. For example, when spatial fairness is considered as the resilience metric, closeness centrality-based recovery outperforms 
the other strategies for most initial damage levels. For connectedness, nearest neighbor edge centrality outperforms the other 
strategies for most damage levels. Interestingly, certain recovery strategies perform worse than random recovery strategies for 
certain performance metrics. For example, random recovery tends to lead to better connectivity than recovery based on betweenness 
centrality. This is intuitive, as random recovery may involve repair actions that are more spatially dispersed, thereby improving 
connectivity at a faster pace than a betweenness centrality–based strategy.
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Fig. 5. Performance trajectories under the six restoration strategies and 10 damage intensities simulated using the road network in Honiara, 
Solomon Islands.

4.3.2. Modeling the association between multidimensional resilience, topological characteristics, and recovery strategies
To examine the influence of topological design of road networks on the effectiveness of recovery strategies across different 

resilience dimensions, as well as to identify the best strategy for each dimension, we adopted regression analyses. To avoid 
collinearity in the regression models, Pearson correlation tests (Fig.  6) were performed, and a recursive pruning algorithm was 
applied to iteratively remove topological variables with correlations above 0.4. As a result, network-level topological variables, 
including density, global and average clustering coefficients, assortativity, and average travel time, were excluded, leaving four 
relatively independent predictors: number of edges, average node degree, standard deviation of node degrees, and average link 
length. Variance inflation factors (VIFs) computed on the final model dataset confirm the absence of problematic multicollinearity: 
the four retained topological predictors have VIFs between 1.03 and 1.10, well below conventional thresholds (see Appendix  B.2). 
The moderate VIFs of the strategy indicators and their interaction terms (5.8 − 6.2) are structural, arising mechanically from the 
inclusion of interactions with their own main effects and from the shared categorical origin of the strategy dummies, and do not affect 
the interpretability of the estimates. These four variables, together with the baseline damage variable (percentage of undisrupted 
network is chosen due to technical reasons), recovery strategy indicators, and their interactions, form the final predictor set used 
in the regression analysis. Table  2 presents the results of the beta regression models examining recovery outcomes across five 
resilience dimensions. All models are estimated on 356,400 observations and demonstrate a strong fit, with precision parameters 
between 1.53 and 2.62. Likelihood ratio (LR) tests indicated that all fitted beta regression models provided a significantly better 
fit than their intercept-only counterparts (all 𝑝 < 0.001), confirming that the predictors substantially improved model fit. Because 
coefficients are on the logit of the mean response (bounded in [0, 1]), we interpret signs and magnitudes on the mean scale by back-
transforming to predicted values under representative network conditions. Statistical significance is assessed using network-clustered 
standard errors, which exceed conventional standard errors by factors of roughly 1.5 to 4 for the strategy and interaction terms and 
7 to 23 for the topological predictors (see Appendix  B.1), reflecting that the effective information content for between-network 
characteristics derives from 224 distinct networks rather than the independent 356,400 observations. The disruption-intensity, 
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Fig. 6. Pearson’s correlation coefficients of topological characteristic pairs.

Table 2
Beta regression models for resilience quantification based on the five metrics.
 Resilience loss models (estimated using beta regression)
 Predictors Efficiency Accessibility Local 

redundancy
Global 
connectivity

Spatial fairness 

  Intercept 2.096‡ 2.603‡ 2.509‡ 1.792‡ 1.288‡  
  Undamaged links (%) −0.043‡ −0.042‡ −0.040‡ −0.048‡ −0.032‡  
 Structural properties of network
  Network edges 0.0002‡ 0.0003‡ 0.0004‡ 0.0003‡ 0.0002†  
  Average degree −0.158‡ −0.207‡ −0.118† −0.408‡ −0.253‡  
  Degree standard deviation 0.092 −0.075 −0.775‡ 0.231∗ 0.096  
  Average length −0.00009‡ −0.00010‡ −0.00007 0.00005 −0.00004  
 Recovery strategy (reference level: Random)
  Betweenness −1.071‡ −1.044‡ 0.720‡ −0.549‡ −0.434‡  
  Closeness −0.973‡ −1.015‡ −0.265‡ 0.033 −0.145‡  
  Degree −0.222‡ −0.106† −0.022 0.274‡ −0.055∗  
  Eigenvector −0.222‡ −0.210‡ 0.065 0.135‡ −0.019  
  Near-neighbor edge −0.304‡ −0.270‡ −0.072∗ 0.283‡ −0.078†  
 Interactions: Disruption extent and recovery strategy
  Undamaged links (%) × Betweenness 0.008‡ 0.008‡ −0.008‡ 0.006‡ 0.003‡  
  Undamaged links (%) × Closeness 0.009‡ 0.009‡ 0.003‡ 0.002‡ 0.002‡  
  Undamaged links (%) × Degree 0.003‡ 0.001‡ 0.001‡ −0.001‡ 0.001‡  
  Undamaged links (%) × Eigenvector 0.003‡ 0.003‡ 0.000 0.0004 0.000  
  Undamaged links (%) × Near-neighbor 0.003‡ 0.003‡ 0.002‡ −0.002‡ 0.001‡  
 Model statistics
  Precision parameter (𝜙) 2.007‡ 1.843‡ 1.529‡ 2.618‡ 1.811‡  
  Number of observations 356,400 356,400 356,400 356,400 356,400  
  Number of networks (clusters) 224 224 224 224 224  
  Likelihood Ratio 549,901‡ 508,541‡ 457,132‡ 712,553‡ 388,496‡  
  AIC −765,200 −724,300 −1,066,000 −1,565,000 −855,600  
Note: All models use beta regression with maximum likelihood estimation. Significance levels are based on the cluster-robust standard errors and denoted as 
∗𝑝 < 0.05, †𝑝 < 0.01, ‡𝑝 < 0.001; coefficients without a superscript are not statistically significant at the 5% level. The dependent variables are cumulative 
performance loss indicators, with higher values corresponding to worse recovery outcomes. Random recovery serves as the reference category for all strategy 
indicators. Local redundancy is operationalized using the triangle count of the underlying undirected network, while global connectivity is quantified using the 
relative size of the largest connected component. A comparison of conventional and cluster-robust standard errors is provided in B.1.
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strategy, and interaction effects that underpin the main findings remain highly significant under clustered inference, whereas several 
smaller topological effects, most notably degree heterogeneity and average link length in some models, are no longer statistically 
distinguishable from zero; these are noted below and in Table  2. The topological coefficients are also found to be stable under leave-
one-out respecification of the covariate set (see Appendix  B.3). Throughout, we emphasize substantive magnitudes over statistical 
significance. The regression results demonstrate that performance loss during recovery is jointly shaped by disruption intensity, 
network structure, and recovery strategies, with significant variation across the five resilience dimensions. Among these, the extent of 
initial damage is a dominant predictor of resilience outcomes. The coefficients on the percentage of undamaged links are consistently 
negative across all models (𝛽 = −0.043 for efficiency loss, 𝛽 = −0.042 for accessibility loss, 𝛽 = −0.040 for local redundancy loss, 
𝛽 = −0.048 for global connectivity loss, and 𝛽 = −0.032 for spatial fairness loss). This indicates that greater intactness at the start 
of recovery significantly reduces losses, while more severe damage exacerbates them. For example, let us assume that the expected 
baseline loss across all resilience metrics is 0.40 for interpretability. A 10 percentage point increase in undamaged links lowers the 
expected efficiency loss to 𝜇′ = 0.30 (𝛽 = −0.043 ⟹ 𝜇′ = logit−1 (logit(0.40) − 0.043 × 10)), a reduction of approximately 24%. If 
the baseline were higher (e.g., 0.60), the same increase in undamaged links would reduce the expected loss to roughly 𝜇′ = 0.49
(𝜇′ = logit−1 (logit(0.60) − 0.043 × 10); 18% reduction). These results suggest that networks with less initial damage are more sensitive 
to further disruptions, while heavily damaged networks experience proportionally smaller improvements.

Beyond disruption intensity and resilience strategies, structural features of the network also shape recovery trajectories. The 
number of edges has positive coefficients across all models (e.g., 𝛽 = 0.0003 in the accessibility loss model), indicating that larger 
networks tend to experience higher performance losses. For example, at a baseline accessibility loss of 0.40, an increase of 100 links 
raises the expected mean loss to about 𝜇′ = 0.41 (𝛽 = 0.0003), a 1.8% increase. While the marginal effect per link is negligible, 
network size becomes a significant determinant of resilience when comparing networks of substantially different sizes, reflecting 
the complexity of recovery in larger networks. By contrast, the average degree is negatively associated with losses. For efficiency, 
a one–unit increase in mean degree reduces expected mean loss from 0.40 to about 𝜇′ = 0.36 (𝛽 = −0.158), approximately a 9.3% 
reduction, while in accessibility it lowers losses from 0.40 to 𝜇′ = 0.35 (𝛽 = −0.207), a 12.1% reduction. These results highlight the 
resilience benefits of more densely connected networks. The role of degree heterogeneity (standard deviation of node degree) is more 
nuanced. Its strongest and most robust effect is on local redundancy, where greater heterogeneity is associated with substantially 
lower losses (𝛽 = −0.775, 𝑝 < 0.001), and it remains positively associated with global connectivity losses (𝛽 = 0.231, 𝑝 < 0.05): 
a one-unit increase raises the expected connectivity loss from 0.40 to about 𝜇′ = 0.46, a 14.1% increase, indicating that hub-
dominated layouts are more prone to fragmentation during recovery. Its apparent associations with efficiency, accessibility, and 
spatial fairness losses, by contrast, are not statistically distinguishable from zero once within-network dependence is accounted for. 
Average edge length has substantively small effects that are statistically robust only for efficiency and accessibility (e.g., a 1000 m 
increase changes efficiency loss from 0.40 to 𝜇′ = 0.38, 𝛽 = −0.00009, about a 5.3% reduction); its coefficients in the remaining 
models are not significant under clustered inference and are not interpreted further. Overall, network topology exerts important 
but mixed influences: more highly connected network structures generally enhance recovery performance, whereas larger network 
size and greater structural heterogeneity can create vulnerabilities that vary across resilience dimensions. These aspects must be 
considered in both design and recovery planning. The sensitivity of predicted mean loss values across the five resilience dimensions 
to changes in disruption- and topology-related predictors is presented in Table  3, which illustrates the scale of these effects under 
a representative baseline disruption.

The regression results further indicate that the effectiveness of recovery strategies is highly contingent on both the extent of 
initial disruption and the resilience dimension considered. Fig.  7 illustrates predicted performance losses based on mean network 
characteristics, highlighting that strategy effects emerge through their interactions with damage levels rather than as constant 
advantages. The mean performance losses are calculated assuming average values for the topological predictors in the model.

For efficiency loss, prioritizing the restoration of high-betweenness roads (for e.g., the arterials carrying the greatest share 
of shortest paths) provides substantial benefits under severe disruption: at 0% undamaged links, betweenness reduces mean loss 
from 0.840 (random recovery) to 0.642, with closeness close behind (0.664), while eigenvector, nearest-neighbor edge, and degree 

Table 3
Predicted mean loss values (𝜇′) for changes in predictor values, assuming a baseline mean loss of 0.40.
 Updated mean loss values based on change in predictors (𝜇′)

 Change in predictor values Efficiency 
loss

Accessibility 
loss

Local 
redundancy 
loss

Global 
connectivity 
loss

Spatial 
fairness loss

 

 Initial undamaged % (+10%) 0.302 0.305 0.309 0.292 0.326  
 Network edges (+100 edges) 0.405 0.407 0.410 0.407 0.405  
 Average degree (+1) 0.363 0.351 0.372 0.307 0.341  
 Degree standard deviation (+1) 0.422 0.382 0.235 0.456 0.423  
 Average length (+1000 metres) 0.379 0.376 0.383 0.412 0.390  
Notes: Predictions assume a baseline mean loss of 0.40. Changes represent unit increases in predictors (e.g., +10% undamaged links, +100 edges, +1 degree, 
+1 degree standard deviation, +1000 m average edge length). 𝜇′ denotes the predicted mean loss after applying the coefficient effect. Column order follows 
the five resilience dimensions: operational efficiency, accessibility, local redundancy, global connectivity, and spatial fairness. Predicted values are shown for 
completeness for all predictors; entries based on coefficients that are not statistically significant under network-clustered inference (see Table  2) should be 
interpreted as indistinguishable from the baseline of 0.40.
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Fig. 7. Interaction effects of recovery strategy and damage extent on performance loss metrics. Notes: (a) all predictions based on mean values 
for network properties of networks considered, (b) predicted performance losses (𝜇𝑚) for various initial damage percentages are standardized 
using corresponding maximum possible loss values.

strategies offer smaller gains. As disruption decreases, strategies converge, with betweenness and closeness maintaining only a 
slight advantage. Accessibility loss shows a similar pattern: at 0% undamaged (indicating full network damage), restoring central 
destinations first through betweenness (0.647) and closeness (0.654) outperforms random recovery (0.839) by significant margins, 
but benefits diminish with higher undamaged percentages. Local redundancy loss, reflecting the availability of short, parallel local 
detours, reverses this ordering: betweenness performs worst under severe disruption (0.821 versus 0.691 for random recovery), 
consistent with its negative interaction term, as concentrating repairs on major arterials leaves the minor connecting streets 
comparatively depleted; closeness is instead the most effective strategy (0.632). For global connectivity loss, which indicates the 
extent to which the network avoids splitting into isolated districts, betweenness is the most effective strategy under severe disruption 
(0.487 versus 0.622 for random recovery), while degree and nearest-neighbor strategies perform worst (0.684 and 0.686). Under 
clustered inference, closeness-based recovery is statistically indistinguishable from random recovery for global connectivity, and 
eigenvector-based recovery does not differ significantly from random recovery for local redundancy and spatial fairness, indicating 
that not all centrality heuristics provide benefits on every dimension. Spatial fairness loss, capturing how evenly restored access is 
distributed across the study area, shows the smallest spread across strategies: betweenness again yields the lowest loss (0.478 versus 
0.586 for random recovery), with the remaining strategies clustered closely together.

In summary, three findings emerge from the analysis that have significant policy implications for both infrastructure development 
and management. Road network resilience is intrinsically multidimensional: no single restoration strategy dominates across all 
metrics, and the best strategy in one dimension may perform poorly in another, as betweenness-based restoration illustrates by 
serving global connectivity and spatial fairness well but local redundancy poorly. Network topology also shapes recovery: a higher 
average number of connections per junction lowers efficiency, accessibility, and connectivity losses, whereas hub-dominated layouts 
and larger network size tend to increase them. Finally, although graph-based strategies offer little advantage under mild disruptions, 
they substantially accelerate recovery under large-scale disruptions.

From an engineering perspective, these results highlight the importance of evaluating trade-offs among multiple recovery 
objectives and tailoring restoration strategies to network topology and disruption intensity.

5. Conclusions

Using a dataset of 224 real-world road networks extracted from OpenStreetMap, this study simulated network disruptions 
and recovery under six semi-operational strategies, evaluated across five performance dimensions, namely network efficiency, 
accessibility, local redundancy, global connectivity, and spatial fairness. Statistical analysis of the resulting performance trajectories 
revealed how disruption intensity, network topology, and repair strategies jointly shape recovery outcomes.

The findings demonstrate that road network resilience cannot be captured using one metric. No single recovery strategy delivers 
consistent benefits across all resilience dimensions. In particular, strategies that improve recovery outcomes from the standpoint of 

International Journal of Disaster Risk Reduction 144 (2026) 106366 

17 



S. Balakrishnan and P. Stokkink

one dimension (e.g., efficiency) may not be optimal in the case of another dimension (e.g., local redundancy), underscoring the need 
to evaluate recovery holistically. Pre-disaster robustness, expressed through denser and more connected network structures, generally 
enhances recovery capacity, although the effects of structural heterogeneity vary across resilience dimensions. Meanwhile, graph-
theory-based repair strategies offer limited advantage under minor disruptions but accelerate recovery significantly in large-scale 
events.

These results highlight the importance of coupling proactive network design with adaptive, context-sensitive recovery planning. 
Policymakers should therefore adopt a multidimensional approach to resilience, explicitly accounting for trade-offs between 
resilience dimensions, such as, efficiency, accessibility, local redundancy, global connectivity, and spatial fairness, instead of 
depending on uniform, generic solutions. Structured methods such as multi-criteria decision analysis could help capture stakeholder 
priorities and weigh different resilience dimensions. At the same time, investments in robust and redundant infrastructure prior to 
disasters remain critical. More connected network structures generally enhance resilience, whereas greater structural concentration 
can create vulnerabilities, particularly for global connectivity. Particularly in disaster-prone regions, deliberate design choices 
that balance everyday performance with efficient recovery under disruptions are, therefore, needed to ensure that robustness and 
redundancy at the design stage translate into resilience in practice.

These findings have significant practical implications, particularly in light of the projected US$6.9 trillion in annual investments 
by 2030 for infrastructure supporting the Sustainable Development Goals (SDGs) and the Paris Agreement [71]. This study 
demonstrates that network topology and design significantly influence post-disaster recovery, offering actionable insights for resilient 
infrastructure design. By integrating resilience into the planning phase of critical infrastructure networks, such as power distribution 
systems, water systems, and communication networks, investors and operators can reduce recovery costs and ensure long-term 
functionality, particularly in the event of climate-induced extreme events and natural hazards.

At the same time, the study presents several opportunities to improve the results further, as follows:

• The topology-based metrics capture structural recovery capacity but not operational traffic performance. Incorporating demand 
and congestion dynamics could alter the findings: capacity constraints would penalize strategies that concentrate restored flow 
onto few high-centrality arterials, potentially narrowing the betweenness advantage under severe disruption, while demand-
weighted accessibility could shift the spatial fairness results where population and network centrality diverge. Dynamic traffic 
assignment for selected case-study cities with available demand data would allow these effects to be quantified.

• The framework assumes homogeneous, proportionally scaled recovery resources; in practice crew availability, budgets, site 
accessibility, and repair durations vary across cities and events, and incorporating heterogeneous resource constraints is a 
natural extension.

• For city-specific policies, beyond the stylized random and epicenter-based models considered here, probabilistic hazard-specific 
scenarios (flood depth maps, ground-motion fields) must be developed to more accurately represent floods, earthquakes, or 
landslides and thereby produce recovery patterns that reflect real-world conditions.

• Validation with observed post-event recovery data would enable evaluation of transferability and strengthen the correspon-
dence between simulated resilience metrics and operational recovery performance.

Despite further room for improvement considering the above aspects, this study showed that road network resilience is shaped 
by the interaction of disruption intensity, network structure, and recovery strategies, and that resilience must be understood as a 
multidimensional concept. Explicitly recognizing trade-offs between efficiency, accessibility, local redundancy, global connectivity, 
and spatial fairness can guide both the design of more sustainable transport networks and the planning of recovery strategies that 
are equitable, robust, and adaptive to future hazards.
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Appendix A. Recovery under spatially correlated disruptions

The main analysis employs uniformly random link failures as a hazard-agnostic stress test, whereas real hazards such as floods, 
earthquakes, and landslides produce spatially clustered damage. To assess whether the comparative conclusions are sensitive to the 
spatial distribution of damaged links, we repeat the recovery experiments on the road network of Honiara, Solomon Islands, under 
an epicenter-based disruption model and compare the outcomes with those under random failures.

In the epicenter model, each disruption scenario begins by placing a hazard epicenter at a location 𝐞, sampled uniformly at 
random from the junction coordinates of the network. The severity of the hazard then decays smoothly with distance from this 
epicenter, in the way that ground shaking attenuates away from an earthquake source or flood depths recede from an inundation 
core. Formally, the hazard intensity 𝜔𝑎 experienced by a road link 𝑎 = (𝑣𝑖, 𝑣𝑗 ) ∈ 𝐴 is evaluated at its midpoint 𝐳𝑎 using a Gaussian 
decay function, 

𝜔𝑎 = exp

(

−
‖𝐳𝑎 − 𝐞‖2

2 𝑑20

)

, 𝑑0 = 𝑓𝐿, (A.1)

where 𝑑0 controls the spatial extent of the hazard footprint. Rather than fixing this width in absolute units, it is expressed as a 
fraction 𝑓 of the diagonal 𝐿 of the network’s bounding box (here 𝑓 = 0.15), so that the hazard footprint occupies a comparable 
share of the urban area regardless of whether the city under study is spatially compact or extensive.

To keep the two damage models directly comparable, the epicenter model fails exactly the same number of links as the random 
model at any given damage percentage 𝑝𝑐𝑡, namely 𝑛f = max(1, round(|𝐴| ⋅ 𝑝𝑐𝑡∕100)); the two models differ only in which links 
fail. The failed links are drawn without replacement, with the probability of failure increasing steeply with local hazard intensity 
(proportional to 𝜔𝜅𝑎 , implemented using a Gumbel top-𝑘 sampling procedure). The sharpness exponent, set to 𝜅 = 8, concentrates 
failures strongly within the hazard footprint: at low damage percentages, the failed links form a contiguous ‘‘hole’’ of impassable 
roads around the epicenter, and as 𝑝𝑐𝑡 increases, the damaged region grows outward, mimicking hazard footprints of increasing 
severity. A thin fringe of scattered failures away from the epicenter is deliberately retained, reflecting the isolated damage (for 
example, from debris or localized flooding) that typically accompanies real events beyond the main impact zone.

All other elements of the simulation are identical to the main experiments: the same six recovery strategies, the same restoration 
batch size, and the same performance evaluation at each restoration step. A fresh epicenter is drawn for each of the 20 disruption 
realizations per damage level (𝑝𝑐𝑡 ∈ {20, 60, 80}%), so that the results average over hazard positions rather than reflecting the 
vulnerability of any particular district. Because the number of failed links and the restoration increments coincide across the two 
damage models by construction, any difference between the resulting recovery trajectories is attributable solely to the spatial 
clustering of damage.

Fig.  A.8 presents mean recovery trajectories with 95% confidence bands for operational efficiency, accessibility, and spatial 
fairness under the two damage models. Three observations emerge. First, the relative ranking of recovery strategies is preserved 

Fig. A.8. Recovery trajectories under uniformly random (panel a, solid lines) and spatially correlated epicenter-based (panel b, dashed lines) 
disruptions for the Honiara road network, across three resilience dimensions (columns) and three initial damage levels (rows). Lines show means 
over 20 disruption realizations with 95% confidence bands; under the epicenter model a fresh epicenter is sampled per realization.
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across damage models at every damage level and dimension shown: strategies that dominate under random failures also dominate 
under clustered failures, so the comparative conclusions of the main analysis are not artifacts of the uniform-failure assumption. 
Second, absolute performance losses are consistently smaller under spatially correlated damage. This is an expected consequence 
of clustering rather than an indication that such hazards are less severe: when the same number of failures is concentrated within 
a compact footprint, the remainder of the network stays intact and continues to provide short alternative paths, whereas dispersed 
failures degrade shortest paths throughout the network. The random-failure stress test therefore constitutes a conservative upper 
bound on network-wide losses for a given damage percentage, although localized hazards may still impose severe losses on the 
affected subregion, a distributional effect partially reflected in the persistent gap for the spatial fairness dimension. Third, the two 
damage models converge as damage intensifies: at 80% damage the trajectories are already close, and in the limit of complete failure 
the models coincide by construction, since the removed link set approaches the full arc set regardless of its spatial arrangement. 
Spatial correlation of damage is thus most consequential at low-to-moderate disruption intensities. These results support the use of 
the hazard-agnostic random failure model for the large-scale comparative analysis, while absolute loss estimates for specific hazard 
types warrant hazard-informed damage models, as noted in Section 5.

Appendix B. Robustness of statistical models for road network resilience

B.1. Cluster-robust standard errors

The regression dataset contains 356,400 recovery trajectories nested within 224 road networks, and observations from the same 
network share its topological characteristics and are therefore not independent. Conventional standard errors treat all 356,400 
trajectories as independent observations and therefore overstate the precision of the estimates, particularly for the between-network 
predictors, whose effective sample size is closer to the number of networks than to the number of trajectories. The cluster-
robust (sandwich) estimator corrects for this by aggregating the score contributions of all observations within a network before 
estimating the coefficient covariance, thereby allowing arbitrary correlation and heteroscedasticity within networks while assuming 
independence only between them [67,68]. The resulting standard errors are valid measures of sampling variability with respect 
to the population of networks, treating each city, rather than each simulated trajectory, as the fundamental unit of analysis. All 
inferences reported in Table  2 are therefore based on cluster-robust (sandwich) standard errors with clustering at the network level.

Table  B.4 compares conventional and cluster-robust standard errors for the four topological predictors across the five resilience 
models. Clustered standard errors exceed their conventional counterparts by factors of approximately 7 to 23 for the topological 
predictors, and by factors of approximately 1.5 to 4 for the strategy indicators and their interactions with disruption extent 
(not tabulated), confirming substantial within-network dependence. The effects underpinning the main findings are robust to this 
correction: disruption intensity, the strategy contrasts for efficiency and accessibility, the interaction effects, network size, and 
average degree remain significant at the 0.1% level in all models. A small number of weaker topological effects do not survive 
clustered inference at the 5% level: degree standard deviation for efficiency (𝑝 = 0.09), accessibility (𝑝 = 0.40), and spatial fairness 

Table B.4
Conventional versus network-clustered standard errors for the topological predictors.
 Model Predictor Conventional 

Standard Error 
(𝑆𝐸)

Clustered 
Standard Error 
(𝑆𝐸𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑒𝑑 )

Ratio 
(𝑆𝐸𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑒𝑑∕𝑆𝐸)

 

 Efficiency loss Network edges 0.000002 0.000013 6.7  
 Average degree 0.0023 0.0192 8.2  
 Degree standard deviation 0.0073 0.0548 7.5  
 Average length 0.000003 0.000024 7.9  
 Accessibility loss Network edges 0.000003 0.000024 9.4  
 Average degree 0.0025 0.0289 11.8  
 Degree standard deviation 0.0077 0.0889 11.6  
 Average length 0.000003 0.000028 9.8  
 Local redundancy loss Network edges 0.000003 0.000042 14.8  
 Average degree 0.0027 0.0375 13.6  
 Degree standard deviation 0.0086 0.1143 13.3  
 Average length 0.000005 0.000068 13.8  
 Global connectivity loss Network edges 0.000002 0.000024 13.7  
 Average degree 0.0020 0.0342 16.8  
 Degree standard deviation 0.0064 0.0952 14.9  
 Average length 0.000003 0.000027 10.5  
 Spatial fairness loss Network edges 0.000003 0.000070 23.3  
 Average degree 0.0025 0.0429 16.9  
 Degree standard deviation 0.0079 0.1501 18.9  
 Average length 0.000003 0.000031 10.9  
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(𝑝 = 0.52); average link length for local redundancy (𝑝 = 0.14), global connectivity (𝑝 = 0.06), and spatial fairness (𝑝 = 0.20); the 
closeness strategy contrast for global connectivity (𝑝 = 0.21); the degree (𝑝 = 0.48) and eigenvector (𝑝 = 0.13) strategy contrasts for 
local redundancy; and the eigenvector contrast for spatial fairness (𝑝 = 0.42). The corresponding interpretations in Section 4 are 
qualified accordingly, while all remaining conclusions are unaffected.

B.2. Variance inflation factors to check multicollinearity

Variance inflation factors (VIFs) were computed for the final design matrix to evaluate multicollinearity among the predictors, 
with the results presented in Table  B.5. 

Table B.5
Variance inflation factors for the regression design matrix.
 Predictor VIF  
 Structural properties of network
  Network edges 1.10  
  Average degree 1.09  
  Degree standard deviation 1.04  
  Average length 1.03  
 Disruption extent
  Undamaged links (%) 6.00  
 Recovery strategy indicators
  Betweenness, Closeness, Degree, Eigenvector, Near-neighbor edge 5.84 (each) 
 Interactions with undamaged links (%)
  All five strategy interactions 6.17 (each) 
Note: VIFs are computed on the design matrix used in all five beta regression models (the 
predictor set is identical across models); the intercept is excluded. Identical values within the 
strategy and interaction groups reflect the balanced experimental design, in which every strategy 
is applied to every disruption realization. The elevated VIFs for strategy and interaction terms 
are structural, arising from the inclusion of interaction terms alongside their main effects, and 
do not indicate collinearity among distinct predictors.

The topological predictors retained after recursive correlation pruning (Section 4.3.2) exhibit VIFs close to 1, indicating that their 
coefficients are estimated from essentially independent variation. The elevated VIFs of the strategy indicators and interaction terms 
reflect the mechanical correlation between interactions and their constituent main effects rather than redundancy among distinct 
predictors, and are therefore not a cause for concern.

B.3. Model specification stability

As an additional check on specification sensitivity, each of the five models was re-estimated dropping one topological predictor 
at a time, and the signs of the remaining topological coefficients were compared with the full specification. Across all five resilience 
dimensions and all leave-one-out specifications, 19 of the 20 topological coefficients retain their sign. The single exception is degree 
standard deviation in the accessibility model, whose coefficient is statistically indistinguishable from zero under clustered inference 
(Table  2); sign instability of a null coefficient under respecification is expected and corroborates, rather than contradicts, the 
clustered-inference result. The topological effects interpreted in Section 4 are therefore stable with respect to both within-network 
dependence and the choice of covariate set.

B.4. Recovery batch-size sensitivity

Finally, we assess the sensitivity of the findings to the restoration batch size 𝜈, which the main experiments fix at 5% of network 
links per restoration step. For a stratified subsample of ten networks spanning the size range of the study sample, the recovery 
experiments were repeated with the batch size halved (𝜈 = 2.5%) and doubled (𝜈 = 10%) at three initial damage levels (20%, 60%, 
and 80%), holding all other settings identical to the main experiments. For every network, damage level, and resilience dimension, 
the six recovery strategies were ranked by mean cumulative performance loss, and the agreement of these rankings across batch 
sizes was quantified using Kendall’s rank correlation coefficient 𝜏𝐾 (Table  B.6). Rankings are invariant across batch sizes: mean 𝜏𝐾 is 
at least 0.97 for all dimensions and batch-size pairs, and the lowest value observed in any individual network-damage combination 
(𝜏𝐾 = 0.733) corresponds to two adjacent strategies exchanging places among the six, never to a reordering of the best- and worst-
performing strategies. The comparative conclusions of the main analysis are therefore robust to the assumed restoration batch 
size.
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Table B.6
Agreement of strategy rankings across restoration batch sizes (Kendall’s 𝜏𝐾 ).
 𝜈 = 2.5% vs 5% 𝜈 = 5% vs 10% 𝜈 = 2.5% vs 10%
 Resilience dimension Mean Min Mean Min Mean Min  
 Efficiency 1.000 1.000 0.987 0.867 0.987 0.867 
 Accessibility 0.996 0.867 0.991 0.867 0.996 0.867 
 Local redundancy 0.991 0.867 0.978 0.867 0.969 0.733 
 Global connectivity 0.996 0.867 0.991 0.867 0.987 0.867 
 Spatial fairness 0.991 0.867 0.991 0.867 0.982 0.867 
Note: Strategy rankings computed per network and damage level from mean cumulative performance loss over 20 disruption realizations; means and minima 
taken over ten networks × three damage levels (20%,60%, 80%). With six strategies, 𝜏𝐾 = 0.867 corresponds to a single adjacent transposition in the ranking 
and 𝜏𝐾 = 0.733 to two.

Data availability

The simulation code, processed datasets, and analysis scripts used in this study are publicly accessible at:
https://github.com/srijithbalakrishnan/transport_stresstesting. The underlying road network data are publicly available through 

OpenStreetMap under the Open Database License (ODbL).
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