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Abstract: The frequent occurrence of Public Health Emergencies of International Concern (PHEIC)
has posed significant challenges to urban public health, economic, and social systems, exposing
gaps in urban resilience. This study developed a dynamic urban resilience assessment framework
against PHEIC based on the system dynamics method, integrating index analysis and the SEIR
(susceptible–exposed–infectious–recovered) epidemiological model to investigate the interactions
and dynamic evolution of urban subsystems in New York, Hong Kong, and Nanjing during the
COVID-19 epidemic. The findings revealed significant differences in the response mechanisms
and recovery capacities across subsystems. For example, the stringent lockdowns policy in New
York curbed virus spread and heavily impacted economic activities; the “close to Dynamic zero
of COVID-19” policy in Hong Kong demonstrated stronger resilience in balancing public health
and economic recovery; the dynamic control measures in Nanjing China allowed for the rapid
restoration of urban functions with minimal resilience fluctuations. Although strict control measures
can effectively suppress disease spread, they can have profound economic and social impacts. More
scientific strategies, such as those seen in Hong Kong and Nanjing, offer a more balanced approach
to managing both epidemic control and urban function recovery, providing key insights for future
PHEIC response strategies.

Keywords: urban resilience; system dynamics; PHEIC; emergency management; epidemic simulation

1. Introduction

With the acceleration of globalization, cities, as central hubs of human activity, have
become important platforms for the integration of economy, culture, and technology [1–3].
The urbanization process resulted in a high concentration of population and resources,
leading to increasingly prosperous economic development and social life in cities. However,
it also introduced more complex risks and challenges [4]. In particular, the frequent occur-
rence of PHEICs in recent years has placed immense pressure on urban infrastructure and
service systems, posing serious threats to the safety and well-being of urban residents [5].

The COVID-19 pandemic, which began in 2020 and persisted until 2023, has been
one of the most extensive and far-reaching events to impact global urban systems [6].
The pandemic not only led to a widespread disruption of economic activities, severely
affecting both the service and manufacturing sectors, but also placed significant strain
on urban infrastructure systems, with healthcare and public service systems operating at
maximum capacity for extended periods. Additionally, the cholera and MPXV (monkeypox)
outbreaks in 2022 similarly had wide-ranging impacts on public health and infrastructure
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systems around the world, further exposing the vulnerabilities and inadequacies of cities
in responding to PHEICs [7].

As complex and networked systems, cities exhibit high levels of interconnectivity and
dynamic characteristics, where fluctuations in any given node or edge can trigger chain
reactions throughout the entire system [8]. Consequently, when cities face PHEICs, they
are often impacted on multiple levels, making it crucial to mitigate disturbances at these
nodes and edges [9]. In this context, developing scientifically sound response strategies,
enhancing urban resilience, and minimizing the effects of external shocks on urban systems
have become urgent challenges [10]. However, due to the inherent complexity of urban
systems, the internal interaction mechanisms, nodal connections, and dynamic evolution
patterns still require further clarification and exploration.

Against this backdrop, this study aimed to elucidate the interactions among vari-
ous subsystems within urban systems and identify the mechanisms by which PHEICs
impact cities. First, through a systematic literature review, four key urban functional
subsystems—urban economy, infrastructure and health, policy governance, and energy
and supplies—were identified [11,12]. Based on these subsystems, a resilience indicator
framework was established to reflect the functional performance of cities. Next, using
system dynamics (SD), causal loop diagrams (CLDs) of the subsystems were developed
to illustrate the interactions and feedback mechanisms within urban functions, aiding in
the identification of complex interactions during PHEICs. These CLDs were further trans-
formed into stock and flow diagrams (SFDs), and the VENSIM software (Vensim PLE x32)
was used to simulate the dynamic changes in the subsystems during PHEICs, providing
quantitative analysis and data support.

Subsequently, the SEIR epidemiological model was integrated into the SFD frame-
work to simulate the impact of disease transmission on the various subsystems and to
evaluate the effectiveness of different policy interventions. The SEIR model, commonly
used in epidemiological studies, divides the population into four categories: susceptible
(individuals at risk of contracting the disease), exposed (infected individuals not yet infec-
tious), infectious (actively spreading the disease), and recovered (those who have gained
immunity or succumbed to the disease) [13]. This compartmental structure enables the
detailed modeling of disease progression and helps assess the impacts of interventions
such as lockdowns. By incorporating the SEIR model, our study enhanced the ability to
simulate how disease dynamics affect urban systems and provided a robust framework for
evaluating policy effectiveness in managing public health crises.

Finally, through the simulations of various policy scenarios, the effects of policies
on urban resilience were assessed, helping policymakers formulate optimal strategies to
enhance the recovery of urban functions. The methodology offers important decision-
making support for local governments to balance urban functionality with public health
crisis management when responding to sudden public health events.

2. Literature Review
2.1. Urban Resilience Framework and Indicators

The term “resilience” originally comes from the fields of physics and mechanics,
referring to the ability of an object to return to its original state after undergoing elastic
deformation. Holling first applied the concept of resilience to the field of ecology, where he
defined it as the capacity of an ecosystem to resist and absorb change and recover from a
shock [14]. As the concept of resilience further developed across various scientific fields,
Walker et al. argued that resilience not only refers to the ability of a system to return to
its original state but also encompasses the capacity of complex socio-ecological systems
to adapt, transform, and reorganize in response to disturbances [15]. This adaptability
and transformative capacity reflect the dynamic and evolutionary nature of resilience,
enabling systems to maintain functionality while forging new developmental pathways
amidst change. At present, the concept of “resilience” has been widely applied across
various research domains, including key areas such as infrastructure [16,17], ecosystem [18],
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economic [19], and supply chains [20], generally denoting that “the capacity of a system to
withstand external shocks and maintain its core structure and function during crises” [21].

Despite these diverse applications of resilience in fields such as infrastructure, ecosys-
tems, economics, and supply chains, there is still no consensus on a unified definition of
resilience, largely due to the varying contexts in which it is applied. This definitional ambi-
guity is particularly evident in the study of urban systems, which are highly complex and
multidimensional entities [22]. Cities are not merely collections of physical structures; they
encompass multiple layers, including social, economic, environmental, and technological
aspects [23]. Thus, defining urban resilience requires a multidimensional framework that
can comprehensively account for these various facets—economic, social, environmental,
and technological—altogether forming the “urban system”. In this study, we emphasize
the definition of urban resilience proposed by Bozza et al. [24], which conceptualizes urban
system resilience as a capacity inherent to complex systems. Specifically, such complex
systems are composed of heterogeneous components that interact and coexist, enabling
them to withstand external pressures and either return to their original equilibrium state
or transition to a new equilibrium state (i.e., an improved condition). This definition
highlights the flexibility and recovery capability of urban systems in dynamic adaptation
and evolution.

As the most severe PHEIC in the past decade, COVID-19 has garnered sustained
academic attention. Researchers have explored the response capacity and resilience of
urban systems to epidemic disruptions from various dimensions, such as infrastructure and
healthcare, energy and material supply, urban economy, and policy governance. To better
understand urban resilience, it is critical to examine how these subsystems interact dynam-
ically during a crisis. For instance, during COVID-19, increased demand for healthcare
infrastructure (e.g., hospital beds and medical supplies) often diverted resources from other
sectors, such as energy and transportation, resulting in cascading effects that disrupted the
overall functionality of urban systems [25]. Simultaneously, policy interventions, such as
lockdown measures, reduced transportation activities, which, in turn, affected economic
production and supply chain operations [26].

In the domain of critical infrastructure and healthcare, the pandemic highlighted
the necessity of adaptive urban systems to respond to public health emergencies effec-
tively [27]. Healthcare infrastructure experienced increased pressure due to reallocations
of resources, including funding, medical personnel, and hospital bed capacity [28]. Indi-
cators such as ICU occupancy rates have emerged as critical measures for assessing the
resilience and recovery capacity of healthcare systems [29]. For instance, the allocation of
resources and operational priorities in healthcare services shifted significantly to address
pandemic pressures, while information and communication technology (ICT) was widely
deployed to support the prevention and control capabilities of healthcare services, thereby
enhancing the overall resilience of urban systems [30,31]. Furthermore, the dependency
relationships between infrastructure networks shifted significantly during the pandemic.
For example, transportation networks adapted to prioritize the movement of essential
goods and healthcare supplies, illustrating a redirection in logistical capacity to support
healthcare needs [32]. These changes highlight the interconnectedness of urban subsystems,
where adjustments in one sector (e.g., transportation) ripple through others, affecting both
infrastructure functionality and economic performance [33]. Meanwhile, the dependency
relationships within urban infrastructure networks gradually shifted from traditional do-
mains such as energy and water to critical sectors supporting public health, transportation,
and essential services, highlighting the profound impact of the pandemic on infrastructure
adaptability and interconnectivity [34].

As previously mentioned, lockdown policies and restrictions on infected areas sig-
nificantly disrupted the transportation of energy and materials during the pandemic. In
terms of energy demand, industrial and commercial electricity consumption declined
sharply, while household electricity usage increased [35]. These fluctuations highlight the
inherent vulnerability of energy systems and emphasize the need for greater flexibility
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and adaptability in energy supply chains. The substantial decline in regional energy de-
mand further exacerbated supply–demand imbalances, creating significant challenges for
socio-economic recovery [36]. Moreover, disruptions in material supply chains caused by
mobility restrictions revealed the complexity of maintaining urban functionality under
crisis conditions. In particular, the limited adaptability of logistics networks during the
pandemic led to cascading impacts across multiple urban sectors, amplifying vulnerabilities
in interconnected urban systems [37]. These findings underscore the critical importance of
developing resilient energy and material supply systems capable of absorbing and adapting
to shocks [38]. By enhancing supply chain flexibility and implementing dynamic response
strategies, urban resilience against future PHEICs can be significantly strengthened.

Studies exploring changes in urban economic resilience and response strategies un-
der COVID-19 demonstrated that the pandemic significantly impacted urban economic
resilience, with delayed effects leading to a slower recovery of socio-economic systems.
The intricate interactions among stakeholders in complex systems further prolonged the
recovery process, underscoring the need for targeted policy interventions at different stages
of the pandemic [39]. Moreover, research highlighted the critical role of institutional quality
at the national level in shaping urban economic resilience, as high-quality institutional
arrangements enhance a system’s capacity to adapt and recover during crises [40]. Early
studies also evaluated the positive impact of China’s lockdown policies during the initial
stages of the COVID-19 outbreak on reducing daily confirmed cases. This finding under-
scores the importance of early interventions and strict lockdown measures in responding
to public health crises, providing valuable insights for other countries and regions [41].

In summary, research across multiple dimensions—healthcare infrastructure, energy
and material supply, urban economy, and governance—revealed the multifaceted chal-
lenges faced by urban systems during COVID-19 and their corresponding strategies. These
studies provide critical theoretical support and practical guidance for strengthening urban
resilience and formulating effective policies to address future public health emergencies.

2.2. Methods for Evaluating Urban Resilience

Urban resilience is challenging to measure directly, and most studies rely on the 4R
characteristics—robustness, redundancy, rapidity, and resourcefulness—to describe it. Tra-
ditional evaluation methods often focus on static indicators, quantifying resilience based
on attributes at specific time points [42–44]. While these methods provide a foundation
for research, they frequently overlook the dynamic and evolving nature of resilience, rely-
ing heavily on abstract concepts that fail to accurately reflect urban performance during
crises [45]. Given that the normal functioning of cities depends on the effective support
of critical functions [46], systematically assessing and quantifying these functions is es-
sential. However, static frameworks often ignore temporal changes and feedback loops
within urban systems, limiting their ability to comprehensively capture adaptability and
recovery capacities [47]. To address these limitations, researchers increasingly turned to
dynamic evaluation frameworks that aim to capture the continuous evolution of urban
resilience [48,49]. These frameworks integrate real-time data and simulation techniques to
account for temporal changes and the complex interdependencies within systems. Some
studies adopted advanced simulation techniques to achieve more precise and dynamic
assessments. For example, hypergraph network analysis was used to classify post-disaster
resident needs and simulate their dynamic interactions with infrastructure recovery, il-
luminating the relationships between demands and resources [50]. Complex network
theory was also employed to develop a time-independent comprehensive index frame-
work for quantifying resilience, simulating recovery strategies, and evaluating resilience
performance across different stages [51]. While these models excel in analyzing trans-
portation, infrastructure, and supply chain resilience, their applicability to economic and
policy subsystems remains limited, underscoring the importance of adopting integrated
multi-method approaches [52].
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Within the dynamic evaluation frameworks, SD modeling demonstrated unique ad-
vantages in urban resilience research. Its strengths include dynamic analysis, scenario
simulation, feedback mechanism identification, multi-domain integration, and visual-
ization capabilities, making it a powerful tool for understanding and enhancing urban
resilience [53,54]. SD models can integrate data from socio-economic, infrastructure, and en-
vironmental domains, providing a unified framework for evaluating urban resilience [55,56].
For instance, SD-based studies were applied to assess the long-term resilience of transporta-
tion systems, offering valuable insights into the durability of urban transportation under
stress [57,58]. Additionally, SD models were employed to explore the interactions among
food supply chains, water resource management, and energy systems, further emphasizing
the critical role of multi-domain integration in improving urban resilience [59,60].

These applications validate the versatility of SD across different urban systems and
disaster contexts while also advancing the understanding of the multidimensional and
multi-level characteristics of urban resilience. By integrating dynamic data and multi-
domain analyses, SD models provide robust scientific foundations for future urban planning
and policy formulation.

2.3. Urban Governance in Public Health Emergencies

In the context of accelerated global urbanization, PHEICs pose significant challenges
to the sustainable development of cities. In recent years, urban resilience has increasingly
become a key component of urban development strategies worldwide, as well as an innova-
tive concept and emerging trend in global urban planning. Research showed that PHEICs,
as prolonged and widespread public health crises, not only expose the vulnerabilities
of urban systems but also prompt countries to re-evaluate how to enhance their cities’
adaptive capacities to cope with uncertainties and multiple crises [61].

Effective governance encompasses both swift emergency responses and the estab-
lishment of long-term frameworks to enhance urban adaptability and recovery capaci-
ties [62]. Key strategies include optimizing governance structures, allocating emergency
resources, building robust public health infrastructure, and restoring economic stability.
The COVID-19 pandemic, one of the most severe PHEICs, exposed both the strengths
and weaknesses in urban crisis governance [63]. It revealed significant deficiencies in
coordination, resource allocation, and decision-making mechanisms, underscoring the
need for optimized governance structures. For instance, Singapore’s centralized crisis
response model ensured the swift deployment of resources and coordination among stake-
holders during the pandemic, minimizing disruptions to public health services and in-
frastructure [64]. Moreover, Hong Kong’s implementation of timely quarantine and strict
border control measures helped maintain economic stability while effectively limiting virus
spread [65]. However, unclear roles and fragmented coordination among agencies often led
to slow crisis responses, highlighting the importance of streamlined and well-coordinated
mechanisms [66,67].

The allocation of emergency resources and the enhancement of public health in-
frastructure are critical to mitigating the impacts of PHEICs. Studies emphasized the
importance of sufficient medical facilities, quarantine sites, and emergency supplies, as
well as robust infrastructure support systems, in maintaining public safety and bolster
urban resilience [68,69]. However, the early stages of COVID-19 revealed gaps in resource
availability and distribution, emphasizing the need for improved preparedness and rapid
deployment mechanisms [70]. Economic recovery is equally pivotal, reflecting a city’s
ability to sustain operations, minimize losses, and support social stability during crises [71].
Cities with diverse economic structures and strong innovation capabilities demonstrate
higher adaptability, emphasizing the importance of fostering economic resilience through
policy support and innovation-driven growth [72,73].

In conclusion, addressing the complex challenges posed by PHEICs requires an inte-
grated urban governance approach that not only enhances immediate response capacities
but also builds long-term resilience across interconnected urban subsystems. By prioritiz-
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ing effective coordination, resource allocation, infrastructure development, and economic
adaptability, cities can better withstand and recover from public health crises, ensuring
sustainable development in an increasingly uncertain global environment.

2.4. Summary of Literature Review

The existing literature on urban resilience encompasses diverse dimensions such
as infrastructure, ecosystems, economy, and supply chains, highlighting cities’ recovery
capacities during PHEICs. However, the definition and quantification of resilience remain
inconsistent, especially in interdisciplinary studies. Most current methods rely on static
indicators and qualitative analysis, which are insufficient to capture the dynamic evolution
and recovery processes of urban systems under external shocks [74]. While some studies
have attempted to use dynamic evaluation methods and simulation models, these often
focus on specific domains like transportation or infrastructure and fail to address the
interactions and feedback mechanisms among urban subsystems comprehensively. Existing
research on governance strategies largely examines isolated areas such as emergency
resource allocation or public health systems, with limited exploration of integrated multi-
subsystem dynamics.

Given the research gaps, this study aimed to construct a dynamic urban resilience
assessment framework that systematically evaluates the overall impact of PHEICs on urban
systems by integrating the SD method, SEIR model, and a comprehensive set of indicators
from the sustainable development framework. This model combined epidemic simulation
with a comprehensive indicator system within the sustainable development framework,
enabling decision-makers to understand the changes more intuitively in urban resilience
under disaster shocks. The main contributions of this study were threefold: (1) measuring a
city’s disaster resilience through the functional changes of different subsystems, describing
the key operating mechanisms of the entire urban system within the SD model; (2) the
proposed comprehensive model overcame the limitations of traditional static indicators in
simulating the dynamic changes in urban systems in response to external shocks, providing
a new method for disaster resilience assessment; (3) by simulating epidemic scenarios with
different characteristics, this study expanded the scope of PHEIC research and offered
decision support for policymakers.

3. Methodology and Data Collection
3.1. Overview of Research Methods

In order to analyze the changes in urban resilience in the context of PHEICs, this
study constructed a multi-method evaluation framework, aiming to provide a universal
analytical tool for different cities, as shown in Figure 1. The framework can be applied to
different cities to assess urban resilience, with the following key steps:
Step 1: Construct Urban Resilience Indicator System

First, a systematic review of existing literature was conducted to identify urban subsys-
tems related to basic human needs and their key functions, including the urban economy,
energy and material supply, infrastructure and health systems, and policy governance
systems. Based on these subsystems, representative indicators were selected to reflect their
functional performance during public health emergencies, forming an urban resilience
indicator system. For example, urban economic resilience can be measured by the GDP
growth rate, energy system resilience by the electricity supply, and healthcare infrastructure
by the number of hospital beds per 1000 people. This indicator system is adaptable to
different urban contexts, providing a consistent evaluation standard.
Step 2: Develop CLDs

In the second step, the SD method was used to analyze the mechanisms by which
PHEICs impact urban systems. CLDs were created for each urban subsystem to illustrate
the interactions and feedback mechanisms between urban functions. These CLDs employed
positive and negative arrows to denote causal relationships between variables, such as
how economic activity influences energy demand and policy response, or how healthcare
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infrastructure affects public health outcomes. The CLDs helped identify and understand
the complex interactions between urban subsystems in the face of PHEICs.
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the epidemic.

Step 3: Build Stock and Flow Diagrams (SFDs)
Next, the causal loop diagrams were translated into Stock and Flow Diagrams (SFDs) to

numerically represent urban functions. The system dynamics software VENSIM was used
to construct this model, simulating the dynamic behavior of different urban subsystems
during public health emergencies. Key equations and parameters, such as infection rate,
recovery rate, and economic output changes, were incorporated to ensure the accuracy and
operationalization of the model. The SFD model allows for the quantitative analysis of
the recovery process and resilience performance of each subsystem, providing empirical
support for urban management.
Step 4: Integrate the SEIR Epidemiological Model

In the fourth step, the SEIR (susceptible–exposed–infectious–recovered) epidemiolog-
ical model was integrated into the framework to simulate the transmission pathways of
PHEICs and their effects on various urban subsystems. The SEIR model supplied dynamic
inputs to the stock and flow diagrams, simulating the complex impacts of epidemic spread
on urban resilience, recovery speed, and the effectiveness of policy interventions. This ap-
proach helped analyze how urban resilience changes under different intervention strategies
in identifying optimal adjustment plans.
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Step 5: Simulate Different Policy Scenarios and Resilience Outcomes
The final step linked the integrated model with the resilience assessment model to

simulate the response and recovery of urban systems under various policy scenarios. By
simulating different types of public health and governance policies (e.g., lockdowns, social
distancing strategies), the model evaluated the impact of these policies on urban resilience.
In particular, the model calculated resilience indicators for each urban subsystem under
different policy scenarios, such as recovery time and adaptive capacity, providing scientific
data support for decision-makers to formulate optimal response strategies for large-scale
public health emergencies.

3.2. Composition and Functions of Urban Systems

Urban systems are complex and multifaceted, with their resilience hinging on the
interplay of diverse subsystems. Assessing urban resilience requires a systematic frame-
work that captures these interactions while addressing the critical functions necessary for
maintaining stability and recovery during crises. A comprehensive selection of indicators
enables the evaluation of key urban functions and their capacity to adapt to external shocks.

The selection of these indicators was based on their ability to comprehensively reflect
the key components and functions of urban systems. Widely utilized in existing literature
for assessing urban resilience, these indicators possess a robust theoretical foundation and
practical significance. They encompass four dimensions: urban economy, infrastructure and
health, policy governance, and energy and material supplies. In the dimension of urban
economy, GDP and major industrial output serve as core indicators of economic vitality,
reflecting the health of the urban economic system, while tertiary industry consumption
highlights the quality of life for residents and the contribution of service industries to
economic development. Within infrastructure and health, communication infrastructure
and public transportation indicators represent the capacity to support residents’ daily lives
and work, while healthcare infrastructure (e.g., hospital beds per 1000 population) evaluates
the city’s ability to address public health crises. In the domain of policy governance,
government revenue captures the economic support available for policy implementation,
and emergency response efficiency serves as a critical measure of a government’s ability
to manage crises. This framework also has the potential for further expansion to reveal
dynamic changes in more key elements of the urban system from a long-term perspective.
Finally, in the energy and material supplies dimension, industrial waste emissions represent
the sustainability of urban environmental management, electricity and water supply are
fundamental to maintaining essential urban operations, and daily food supply is vital for
ensuring social stability.

By synthesizing relevant literature, this study summarized the key urban functions af-
fected by PHEICs and mapped these functions to the different urban subsystems, as shown
in Table 1. As this study concentrated on the short-term impact of PHEICs on basic human
needs, changes related to environmental and ecological functions were not included.

From the perspective of urban subsystems, urban resilience and functional perfor-
mance involve multiple interconnected domains. The interactions between these sub-
systems form the foundation of overall urban resilience, determining the city’s ability to
sustain operations under various stress conditions. Economic development relies on stable
energy supplies and efficient infrastructure, while the construction and maintenance of
infrastructure and healthcare systems are constrained by economic resources and policy
support. Policy governance plays a crucial role by regulating resource allocation and for-
mulating strategic plans, ensuring the coordinated operation of all subsystems and thereby
enhancing the overall resilience and response capacity of a city. Therefore, this study
outlined the interactions between the four urban subsystems under PHEIC conditions, as
illustrated in Figure 2.
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Table 1. Urban system components and functions.

Urban System Functions Norm References

Urban Economy

Gross Domestic Product (GDP) Real GDP [75–77]

Main Industrial Output
Primary industrial production

[78]
Secondary industrial production

Tertiary Industry Consumption
Value of entertainment and

tourism production [79,80]
Value of business services

Infrastructure and Health

Communications Infrastructure Mobile network coverage [81,82]

Public Transportation Daily public transportation
passenger traffic [83]

Healthcare Infrastructure Number of hospital beds per
1000 population [84]

Policy Governance
Government Revenue Total tax revenue [85]

Disaster Governance Emergency response efficiency [86,87]

Energy and Supplies

Industrial Waste Emissions Domestic solid and liquid
waste disposal [88,89]

Energy Supply
Electricity supply

[90,91]
Water supply

Food Supply Daily food supply [92]
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Figure 2. Mechanisms for the impacts of urban systems under PHEIC.

Figure 2 illustrates the complex interactions and feedback mechanisms among the
four major urban subsystems—urban economy, infrastructure and health, policy gover-
nance, and energy and supplies—in response to a PHEIC (such as COVID-19). The urban
economy subsystem experiences significant disruptions during public health emergencies,
leading to declines in GDP, primary industrial output, and consumption in the service
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sector. These economic contractions affect demand for energy and materials, which, in
turn, has far-reaching impacts on energy supply chains and industrial waste emissions.
Shortages in the energy and supply subsystem further prompt urgent responses from the
policy level while simultaneously exerting additional pressure on the economic system,
increasing systemic instability. The infrastructure and health subsystem are strained by
surging demand for healthcare services and increased reliance on public transportation
and communication infrastructure. Rising resource consumption necessitates adaptation
through policy intervention. The policy governance subsystem functions as a regulatory
mechanism throughout the entire system, where swift and effective policy interventions
influence the operation of the other subsystems, thereby enhancing the overall resilience of
a city. These complex interaction pathways reveal the dynamic response mechanisms and
resilience performance of cities when confronted with a PHEIC.

3.3. Creation of Causal Loop Diagrams for Urban Systems

In the study of urban systems, using SD models to create CLDs has become an
important approach for analyzing urban complexity and enhancing resilience. By applying
the SD model, a comprehensive framework is constructed to reflect the interactions among
various aspects of urban operations. This framework allows for the simulation of the
potential impacts of different decisions and external shocks on the state of urban systems.
In this study, representative functions of each urban subsystem are identified to develop
CLDs under the context of PHEICs. The symbols used in the diagrams and their meanings
are detailed in Table 2.

Table 2. Indicators in the urban economy subsystem.

Components Legend Description

Variable Text Variables in CLD
Shadow variable <Text> Variables in other sub-models

Link
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3.3.1. Urban Economy System CLD

In the face of PHEICs such as COVID-19, urban social and economic development
are severely impacted, with slowed economic activity and diminished human well-being
becoming widespread phenomena. This study conducted a comprehensive evaluation
of the resilience of urban economic systems, focusing on two key dimensions: economic
operations and social activities (relevant indicators are listed in Table 1). Specifically, the
economic dynamics of the city are represented by the output of the primary, secondary, and
tertiary sectors. Changes in human life activities were observed through the performance of
sectors such as entertainment and tourism. The resilience of the urban economy, detailing
the interactions between these indicators to further reveal how the urban economic system
responds to and adapts to the challenges posed by PHEICs is shown in Figure 3.
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3.3.2. Infrastructure and Health System CLD

By constructing the CLD for the infrastructure and health system, as shown in Figure 4,
this study explored the dynamic feedback mechanisms within the system under public
health emergencies. This system primarily consists of three key subsystems: communica-
tion infrastructure, public transportation, and healthcare infrastructure. As indicated in
Table 1, the key indicator for communication infrastructure is mobile network coverage,
which reflects the pressure resulting from increased demand for online social media during
public health crises. The investment level in communication infrastructure determines its
capacity, which, in turn, affects system resilience. For public transportation, the core indica-
tor is daily passenger volume. The reduction in passenger volume due to a public health
emergency impacts the operational efficiency of transportation infrastructure. In terms of
healthcare infrastructure, the key indicator is the number of hospital beds per 1000 people.
A public health emergency leads to an increase in patients, raising demand, and if the
supply is insufficient, a gap will emerge, negatively impacting the overall resilience of
infrastructure and health systems of the city.
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3.3.3. Policy Governance System CLD

With increasing attention to the importance of urban resilience, we developed the
CLD for the policy governance system, as shown in Figure 5, based on the local govern-
ment emergency management framework. This diagram explores the interactions between
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three key subsystems: government revenue, policy intervention, and disaster governance,
as well as their impact on system resilience. Specifically, total tax revenue, policy implemen-
tation efficiency, and emergency response time were considered key indicators for assessing
the governance capacity of government during public health emergencies, highlighting
the crucial role of policy intervention in enhancing overall governance resilience. Policy
interventions can mitigate the effects of disaster factors, improving disaster governance
outcomes and shortening emergency response times. While an increase in government
expenditure on emergency responses may exert short-term fiscal pressure, effective disaster
governance can lead to long-term improvements in government revenue, ultimately increas-
ing tax income and strengthening policy governance resilience, creating a positive feedback
loop. Moreover, GDP growth, influenced by the value of various industries, not only boosts
government fiscal income but also enhances the capacity for disaster governance. Overall,
the interactions between disaster governance, policy intervention, economic growth, and
government revenue form multiple feedback mechanisms, underscoring that effective
disaster governance depends on timely policy responses and economic development.
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3.3.4. Energy and Supply System CLD

The energy and supply subsystem consists of several key functions and their corre-
sponding indicators, covering three main aspects, as shown in Table 1: waste emissions,
energy supply, and food supply. To further explore the relationships among these key func-
tions in the context of a public health crisis, the CLD for the energy and supply system was
constructed, as illustrated in Figure 6. This diagram reveals the dynamic feedback mech-
anisms within the system. During public health emergencies, the operational resilience
of these subsystems was directly affected, leading to a surge in demand for energy and
water resources, which further strains the power and water supply systems and widens the
supply-demand gap. At the same time, changes in waste management efficiency imposed
additional pressure on the supply of energy and water resources, thereby affecting the
resilience of the entire system. As urban populations continue to grow, the demand for
water and electricity keeps increasing, exacerbating the strain on the city’s energy and
resource supply systems. This creates a highly complex interaction network, highlighting
the intricate dependencies and feedback loops that shape the resilience of the energy and
supply system during crises.
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3.4. Causal Loop Diagram for PHEIC Spread Simulation

This study used the COVID-19 pandemic as a case to examine the impact of this
PHEIC on the urban resilience system and its underlying mechanisms. To accurately
capture the dynamic changes in pandemic transmission, the SEIR model (susceptible–
exposed–infectious–recovered) was employed. As a classic epidemiological model, SEIR
allowed us to theoretically simulate the development trends and transmission processes
of the pandemic. Based on the SEIR model, this study further developed and presented a
CLD for COVID-19, as shown in Figure 7. This CLD provided a detailed analysis of the
interactions and feedback between COVID-19 and the urban resilience assessment system,
considering the diverse adjustments in pandemic response policies and measures. Through
this diagram, this study revealed how the pandemic affects urban systems on multiple
levels and dimensions, shedding light on the complex ways in which COVID-19 influences
urban resilience.
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3.5. Urban System Resilience Evaluation and Recovery

In the previous sections, we systematically explored the impact pathways and under-
lying mechanisms of PHEICs, particularly in the context of the global COVID-19 pandemic,
on the functioning of various dimensions of urban systems. Therefore, it is essential to
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construct a more comprehensive and realistic evaluation framework to better capture the
complexities of real-world scenarios, enabling more accurate assessment and quantifica-
tion of the specific impact of PHEICs on urban system resilience. Meerow et al. define
urban resilience dynamically as follows: “The ability of urban systems to maintain or
rapidly return to desired functions in the face of a disturbance, to adapt to change, and
to quickly transform systems that limit current or future adaptive capacity” [93]. Under
appropriate policy interventions, the functionality of urban subsystems can be restored
over time, as illustrated in Figure 8. Moreover, the evaluation of urban resilience not only
focuses on short-term recovery capacity but also considers long-term adaptation and evolu-
tion processes, ensuring that cities can better cope with future disturbances and maintain
sustainable development.
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Assessing urban resilience requires considering the magnitude of changes within a
specific time period. Therefore, the resilience of each subsystem can be expressed as the
integral of its rate of change [56,94], as detailed in Equation (1):

S(t)s =
∫ t2

t0

Rvrdt (1)

where S(t)s represents the cumulative resilience of the subsystem over the specified period.
t0 and t2 present the initial and final time points of the evaluation period, respectively,
and Rvr denotes the resilience variation rate, representing the temporal rate of change in
the subsystem’s resilience. This equation captures the dynamic adaptation and recovery
capacity of urban subsystems during public health emergencies.

The total resilience of the urban system can be calculated by integrating the resilience
of each subsystem over the period from the onset of the pandemic to the point when the
city system returns to equilibrium. Urban resilience can be broken down into the contribu-
tions of four subsystems: governance resilience, socio-economic resilience, infrastructure
resilience, and energy and material flow resilience. Over the time interval from the initial
point of the pandemic at t1 to the recovery of the city system, the total resilience is expressed
as shown in Equation (2):

UR =
∫ t2

t0

(U + E + I + P)dt (2)

where UR denotes the overall resilience of the urban system. U represents the resilience of
the urban economy subsystem, E reflects the resilience of energy and supply subsystem,
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I indicates the resilience of infrastructure and healthcare subsystems, and P denotes the
resilience of policy governance subsystems.

Between the time points marking the onset of the pandemic and the system’s return to
equilibrium, the resilience performance of each subsystem is calculated using integration.
This approach allows for determining the overall resilience level of the urban system. To
assess the changing trends in urban system resilience during the COVID-19 pandemic, this
study combined the CLDs of each subsystem with the SEIR simulation model, revealing
the interactions between the various subsystem variables. Figure 9 illustrates these key
relationships within the urban system, highlighting how the interconnected dynamics of
each subsystem contribute to the overall resilience of the system.
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Based on the comprehensive calculation formula for urban systems presented earlier,
this study developed a SFD for analyzing urban systems, as shown in Figure 10. The
diagram visually illustrates the structure of the urban resilience evaluation framework in
the context of COVID-19 and uses four distinct colors to differentiate between subsystems.
To deepen the analysis, the SD model examines the dynamic interactions among various
interconnected subsystems, providing a comprehensive framework for understanding
the evolution of urban resilience during public health emergencies. Among these, the
blue section represents the SEIR epidemic model. This subsystem directly affects med-
ical demand, recovery rate, and mortality rate and also affects other subsystems. The
orange represents the infrastructure and sanitation subsystem, which is closely linked to
the SEIR model, because an increase in the infection rate will increase the demand for
medical resources, resulting in a shortage of hospital beds. At the same time, epidemic
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prevention and control measures may restrict the normal operation of the communication
and transportation systems, further exacerbating the pressure on the city’s operations. For
example, during a crisis, a decline in public transport capacity can restrict the mobility of
workers and affect the activities of the industrial production and service sectors, thereby
exacerbating economic disruption. The purple color represents the urban economy sub-
system, which reflects the broader economic impacts such as fluctuations in GDP, reduced
industrial output, and reduced government revenue. These economic shocks feed back into
the green node, representing the policy and governance subsystem, where reduced fiscal
capacity can affect the efficiency of disaster governance, resource allocation, and emergency
response. For example, reduced tax revenue may limit the government’s ability to invest in
critical infrastructure upgrades or emergency supplies. The red represents the energy and
supply subsystem, which is closely linked to the infrastructure and economy subsystems.
Disruptions to the electricity, water and food supply chains can directly affect healthcare
operations and urban economic activity. For example, disruptions to energy supply can
weaken hospital functions and exacerbate public health crises. Together, these subsystems
form the urban resilience system, in which feedback loops highlight the interdependencies
between epidemiological dynamics, resource management, infrastructure, and governance.
For example, effective governance mechanisms can allocate resources to stabilize healthcare
and supply systems, thereby helping to mitigate the economic impact. By capturing these
interconnected pathways, the model provided insights into how urban systems can adapt
and recover under the stress of a public health emergency, thereby guiding policymakers
in developing comprehensive strategies to improve resilience. The figure explains how
differences in urban functions lead to variations in the resilience of each subsystem, while
the integral of the rate of change over time (t) reflects the resilience level of each subsys-
tem. In the quantitative analysis of urban resilience during the COVID-19 pandemic, this
calculation method was applied. The rate of resilience change in each subsystem directly
influences the overall resilience of the urban system, thereby adjusting the stock variable
“Urban System Resilience (t)” throughout the pandemic period.
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3.6. Data Collection and Processing
3.6.1. Principles

In assessing urban resilience, each urban subsystem (such as urban economy, energy
and material supply, infrastructure and healthcare, and policy governance) is assigned
equal weight. This assumption ensures that changes in the functionality of each subsystem
have a comprehensive impact on the overall operation of the city within the system model.
When evaluating the impact of PHEICs on urban systems, COVID-19 data were selected
as the basis for the model, as COVID-19 is the most representative PHEIC to date, with
the most detailed data available. In this study, COVID-19 data were used not only to
illustrate the dynamic changes in pandemic transmission but also for feasibility analysis
and simulation of the model.

3.6.2. SEIR Model Formulas and Modeling Approach

To ensure that the SEIR model accurately reflects the dynamic progression of the
pandemic, daily COVID-19 data—including infection rates, recovery rates, mortality rates,
and other epidemiological parameters—were used in the model. These data were primarily
sourced from local health authorities and the Centers for Disease Control and Prevention
(CDC). The specific data and formulas are presented in Table 3, detailing the parameters
and equations used to simulate the spread and impact of COVID-19.

Table 3. PHEIC propagation simulation equation.

Variability Mathematical Equation

Susceptible Population =INTEG (−rate of infection, 8,804,190)

Rate of Infection =contact rate ∗ susceptible population

Contact Rate
=(real-time virus carriers ∗ individual exposure
probability ∗ probability of infection
(disease))/population

Probability of Infection (disease) =IF THEN ELSE (policy response = 1, 0.05249, 0.1426)
(taking New York as an example)

Exposed Population =INTEG (rate of infection − conversion rate
ep − diagnostic rate ei, 0)

Symptomatic Population =INTEG (conversion rate es-diagnosis rate si, 0)

Patients in the Latent Phase =INTEG (diagnostic rate pa − conversion rate ep, 0)

Infected Residents =INTEG (diagnosis rate pi + diagnosis rate
si − lethality rate − recovery rate, 44)

Real-time Virus Carriers =Patients in the latent
phase + symptomatic population

Rehabilitated Population =INTEG (recovery rate, 0)

Died Population =INTEG (lethality rate, 0)

Government Medical Expenditures =diagnosis rate ∗ average cost of
treatment ∗ government health insurance coverage

Cost of Case Tracking and Confirmatory Testing =average cost of case tracking and confirmatory
testing ∗ case population tracking rate

Other Expenditures to Suppress COVID-19 =IF THEN ELSE (policy response = 1, 600, 0)

3.6.3. Data Sources and Processing

The data for this study primarily came from various official sources, including the U.S.
Bureau of Economic Analysis, New York City Department of City Planning, Department of
Health and Mental Hygiene, Metropolitan Transportation Authority, and the NYC Office of
the Mayor. Taking New York as an example, the initial setup, data sources, and processing
methods are detailed in Appendix A.1. First, data for the urban economy subsystem was
obtained from official fiscal reports and statistical yearbooks. GDP data from 2010 to 2019
were processed using exponential smoothing to derive the GDP baseline in the absence of
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pandemic effects. Data for the energy and material supply subsystem was sourced from
government reports on resident population statistics. Daily water and electricity demand, as
well as waste management capacity, were calculated based on the city’s resident population
and daily GDP and were adjusted according to policy assumptions issued during the
pandemic. Data for the infrastructure and healthcare subsystem were obtained from
government-released healthcare resource reports and local news, ensuring the accurate
tracking of changes in healthcare system demand during the pandemic.

After data collection, the data were dynamically processed and quantified using the
SFD, enabling simulations to capture daily changes and interactions between subsystems.
For example, in the urban economy subsystem, monthly and quarterly economic data, such
as GDP and industrial output, were disaggregated into daily values using table functions.
These values were then embedded into the SFD, and baseline GDP without pandemic
impact was forecasted using exponential smoothing, dynamically reflecting economic fluc-
tuations. For the energy and material supply subsystem, the model estimated production
and residential water and electricity demand, as well as waste management capacity, based
on the daily GDP and resident population of the city. It also simulated fluctuations in
resource supply and demand under various policy scenarios, such as lockdowns or reduced
industrial operations. In the infrastructure and healthcare subsystem, if-then-else logic
functions were employed to simulate the impact of policies such as lockdowns or Dynamic
Zero-COVID policies. These policies influenced healthcare facility demands indirectly by
reducing the availability and use of public transportation services (e.g., subway, bus, and
taxi), which created gaps in public transport and increased reliance on alternative com-
munication and infrastructure systems. Finally, the policy governance module quantified
COVID-19-related public health expenditures by calculating variables such as “government
revenue rate” and “public health event cost rate.” These values were used to assess the
cascading impact of policy decisions on urban governance and public spending, providing
a dynamic view of governance efficiency. Detailed mathematical expressions for these vari-
ables and the urban resilience subsystem can be found in Appendix A.2, where we provide
examples such as the specific table function for GDP disaggregation and the if-then-else
logic applied to infrastructure demand calculations.

4. Case Study

Considering data availability, city size, form, and economic structure, this study
selected New York, Hong Kong, and Nanjing as case studies to validate the robustness
of the urban resilience assessment model. These cities represent diverse characteristics
and offer a comparative perspective on urban resilience. The selection of New York,
Hong Kong, and Nanjing was based on their diverse social, economic, and geographical
attributes, as well as their varied experiences with COVID-19 outbreaks and the control
policies they implemented. These differences provide a solid basis for analyzing and
comparing the resilience performance of cities in response to PHEICs, offering valuable
insights for enhancing resilience strategies in similar urban settings. New York, with a
population of approximately 8.8 million, is characterized by a service-oriented economy
dominated by finance and real estate industries, a highly interconnected infrastructure,
and extensive external transportation networks, including airports and seaports. Hong
Kong, a densely populated city of 7.5 million, serves as a global financial hub with a high
dependence on international trade and an advanced public transit system but faces land
constraints that challenge urban development. Nanjing, with a population of 9.4 million,
represents a regional economic center in China, blending industrial and service sectors
with significant historical and cultural heritage, supported by well-developed rail and
highway networks.

New York experienced one of the earliest and most severe outbreaks of COVID-19. At
that time, the government and society lacked experience in managing such a pandemic.
In this context, policymakers implemented stringent lockdown measures to curb further
deterioration, which was a necessary response. Hong Kong adopted a more balanced
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approach, implementing targeted measures while maintaining critical economic functions.
Nanjing, under a “Dynamic Zero” strategy, showcased rapid containment efforts through
centralized governance and community mobilization. These differences in outbreak scales,
timing, and policy responses make these cities representative cases for studying the impact
of COVID-19 on urban resilience and the effectiveness of corresponding strategies. Our
study did not aim to assess the merits or drawbacks of different political systems but rather
focused on the efficiency of policy implementation and its impact on urban resilience.

4.1. Epidemic Simulation Results

This study employed a dynamic simulation of the COVID-19 transmission process in
New York, Hong Kong, and Nanjing, with a one-day time step for iterative calculations. The
parameters of the SEIR (susceptible–exposed–infectious–recovered) model were calibrated
and optimized using actual epidemic data from these three cities to ensure accuracy and
relevance. Following calibration, the model simulated the cumulative number of confirmed
cases, and the results were compared with the actual reported data for each city. Figure 11
illustrates the following simulation results: (a) presents the simulation outcomes for New
York, while (b) and (c) display the results for Hong Kong and Nanjing, respectively. The
alignment between the SEIR model’s predictions and the observed trends of COVID-19
in these cities indicates the model’s strong applicability and effectiveness in capturing the
dynamics of the epidemic.
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Due to differences in medical infrastructure and government responses to COVID-19
in New York, Hong Kong, and Nanjing, the pandemic’s development trends also exhibited
significant variation. Table 4 lists the relevant parameters and simulation results from the
SEIR model. During the initial outbreak from March to June 2020, New York experienced a
higher case fatality rate, primarily due to the lack of timely and accurate information at the
onset and the implementation of strict lockdown policies [95]. Additionally, the healthcare
system in New York was under immense pressure. In contrast, Hong Kong and Nanjing had
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relatively lower case fatality rates. This difference can be partly attributed to the more robust
healthcare systems, widespread testing measures, and more effective government policies
in place in these cities. For example, the Nanjing government implemented a “Dynamic
Zero-COVID” policy, which had minimal impact on the city’s operational systems while
effectively controlling the spread of the virus [96].

Table 4. Comparison and simulation of COVID-19 epidemic parameters in New York, Hong Kong,
and Nanjing.

Parameters New York Hong Kong Nanjing

Susceptible
population 8.804 × 106 7.474 × 106 9.42 × 106

Virus type Alpha Omicron Delta

Fatality rate 0.085 0.004 0.03

Response policy Strict lockdown
(NY on PAUSE)

Close to
Dynamic zero Dynamic Zero

Infection rate under
no-response policy 0.697 0.643 0.667

Infection rate under
response policy 0.25 0.052 0.01

Individual exposure
probability under

no-response policy
15 12 8

Individual exposure
probability under
response policy

5 4 3

Actual cumulative
confirmed population 207,472 7006 235

Simulated cumulative
infected population 207,051 7138 230

4.2. Urban Resilience Simulation Results

The impact and recovery speed of different urban resilience subsystems during the
COVID-19 pandemic varied significantly across cities. The dynamic trends of the four
key subsystems—urban economy (UE), policy governance (PG), infrastructure and health
(IH), and energy and supplies (ES)—revealing the degree of decline and recovery in urban
functionality, as shown in Figure 12a. In New York, the COVID-19 pandemic began on
1 March 2020 and lasted until 26 August 2020, with 207,472 infections and 17,561 deaths.
The lockdown policy, “NY on PAUSE”, was implemented on 22 March 2020 and lasted
for 78 days. This study simulated the impact of the lockdown starting on day 22 of the
pandemic and extended the simulation to 365 days.

During the early phase of the pandemic (days 0 to 50), all subsystems experienced
significant fluctuations. The policy governance subsystem declined by 83.7% in the early
days of the pandemic, indicating insufficient emergency management capacity. Although
it showed some recovery later, it remained unstable [23]. The infrastructure and health
subsystem experienced significant volatility between days 22 and 50 due to shortages in
medical resources, with a gap of 71.3%. However, as the government increased investment,
this subsystem recovered relatively quickly. The urban economy subsystem saw a slower
decline but also a slower recovery. Even after the lockdown was lifted, economic rebound
remained sluggish, with recovery above the baseline only achieved in the last three months
of 2020. The energy and supply subsystem showed short-term fluctuations, primarily due
to disruptions in the food supply chain, though the energy supply–demand imbalance did
not significantly worsen. These fluctuations were compounded by regional supply chain
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interruptions, which disrupted the transportation of essential goods such as food, medical
supplies, and industrial raw materials, further aggravating urban system vulnerabilities.
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Figure 12b illustrates the dynamic changes in the resilience of urban subsystems
during the COVID-19 pandemic. In the early phase of the pandemic, the policy governance
subsystem experienced the most significant decline, reflecting the governance pressures and
coordination challenges faced by governments in responding to public health emergencies.
This was largely due to delayed policy formulation and insufficient preparedness for the
pandemic. Additionally, the strain on governance systems was exacerbated by disruptions
in inter-regional supply chains, which necessitated the rapid allocation of emergency
resources and recalibration of policies to address cascading failures. In contrast, while the
urban economy subsystem was affected, it gradually recovered in the later stages, driven
by economic recovery, business reopening, and the restoration of consumer confidence.
However, the energy and supply and infrastructure and health subsystems recovered more
slowly, showing no significant rebound even a year after the outbreak. These subsystems
were heavily affected by interdependencies, with healthcare infrastructure requiring stable
energy supplies and efficient logistics systems to fully recover. Delays in supply chain
restoration further hindered their stabilization. In particular, the healthcare system and
public infrastructure required more time and investment for full recovery. This highlights
that while policy adjustments can facilitate quicker recovery in economic and governance
systems, the stability of infrastructure rebuilding and energy supply restoration presents
greater challenges, underscoring the necessity of enhancing urban resilience.

The trends in urban resilience and urban resilience variation rate (UR variation rate) in
New York during the COVID-19 pandemic are shown in Figure 13a. During the lockdown
period (1 March 2020 to 8 June 2020), the urban resilience index dropped by approximately
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45%. The average rate of change across the four subsystems reveals a significant decline in
urban functions, leading to an overall reduction in resilience until the pandemic’s end, are
shown as Figure 13b. Although containment measures contributed to the partial recovery
of urban functions, the negative impacts of the pandemic were not fully eliminated, and the
complete restoration of the urban system will require a longer time. Therefore, in addition
to pandemic control measures, formulating strategies to promote recovery is crucial for
enhancing urban resilience.
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Hong Kong’s fourth wave of the COVID-19 pandemic began on 10 November 2020,
and ended on 5 February 2021, with a total of 7006 reported cases. During this period,
the Hong Kong government implemented strict control measures, such as closing some
commercial venues and limiting gatherings. Although the duration of the pandemic was
similar to that of New York, Hong Kong successfully kept the number of infections low due
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to more targeted public health policies, as shown in Figure 12c. The resilience variation rate
of each subsystem, where the urban economy experienced the most fluctuation, indicating
that lockdown measures had a significant impact on the economy, especially the service
sector and commercial activities. In contrast, the infrastructure and health subsystem
saw smaller changes, supported by a well-developed healthcare system and effective
testing mechanisms, which limited the strain on medical resources during the pandemic.
Moreover, Hong Kong did not implement a full-scale lockdown, so the material supply
chain was less affected, allowing the energy and supply subsystem to recover quickly within
two months. Compared to New York, Hong Kong reported fewer confirmed cases and
faced less fiscal pressure, resulting in minimal impact on the policy governance subsystem.
Overall, through scientific control policies and a robust healthcare system, Hong Kong
demonstrated stronger urban resilience than New York during the pandemic.

As shown in Figure 12d, the resilience of the infrastructure and health subsystem
decreased by only about 10 units during the COVID-19 pandemic. Despite facing a public
health crisis, Hong Kong quickly mobilized resources, increased the supply of medical
materials, and expanded healthcare services, preventing a systemic collapse. Additionally,
Hong Kong demonstrated high efficiency in rapid testing, isolation policies, and contact
tracing, which helped maintain relative stability in the early stages of the pandemic, with
no significant functional disruptions. At the same time, the energy and supply subsystem
exhibited a resilience decline of only about five units, reflecting its strong stability. This was
due to Hong Kong’s efficient logistics system, ample energy reserves, and the government’s
effective measures in supply and resource management. Despite the implementation
of lockdowns and transportation restrictions, the supply of energy and essential goods
was not severely affected, highlighting Hong Kong’s robust emergency response and
supply chain resilience, which mitigated the impact of the pandemic on daily life and
industrial production.

The urban system’s resilience declined significantly within approximately 20 days
after the outbreak, as shown in Figure 13c. Restrictions on socio-economic activities
and the increased burden on the public health system led to a sharp drop in overall
urban resilience. Over time, resilience gradually recovered but remained at a lower level,
indicating a relatively slow recovery of the urban system. Figure 13d illustrates that with
the strengthening of control policies, the rate of change in urban functionality rapidly
increased after day 24, peaking as a result of the significant impact of the pandemic control
measures on various subsystems. Subsequently, the rate of change fluctuated, indicating
that despite the progressive implementation of preventive measures, urban functions were
still adapting to the dynamic changes in the pandemic and the control policies, with high
instability during this period.

On 20 July 2021, Nanjing reported its first case of COVID-19 in the outbreak originating
from Lukou Airport. By 19 August, the outbreak was effectively controlled, with a total
of 235 cases reported. Figure 12e shows the resilience trends of subsystems. The decline
in urban functionality resilience was primarily due to the disruption of socio-economic
activities and increased pressure on infrastructure. The urban economy subsystem declined
as economic activities stalled, and infrastructure was impacted by shortages in medical
resources. However, the recovery of the socio-economic sector was slower, indicating that
the pandemic’s indirect impact on the economy was greater than its direct effect on the
healthcare system. Given the relatively low number of confirmed cases, the fiscal burden
and the impact on the policy governance subsystem were minimal. Additionally, the dy-
namic control strategy prevented large-scale lockdowns, avoiding supply chain disruptions
and ensuring stable energy and material supplies. Figure 12f shows that during the pan-
demic, the policy governance and energy and supply subsystems remained relatively stable,
while socio-economic resilience, after an initial decline, gradually recovered. Although
infrastructure resilience also improved, further strengthening is needed due to the ongoing
uncertainty and increasing demand for medical resources.
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As shown in Figure 13e,f, local governments and relevant departments swiftly acti-
vated emergency response mechanisms after the outbreak, successfully curbing the further
spread of the virus through efficient contact tracing and the implementation of targeted
closures. These measures ensured that the pandemic was controlled within a short period,
significantly mitigating potential long-term socio-economic impacts. Compared to New
York and Hong Kong, Nanjing’s outbreak lasted for a shorter duration and involved fewer
infections, resulting in a relatively lighter overall impact on the urban system. This reflects
the effectiveness of Nanjing’s pandemic response and management.

4.3. Comparison of Urban Resilience Under Different Epidemic Scenarios

New York, Hong Kong, and Nanjing each demonstrated unique characteristics of
urban resilience. In the urban economy subsystem, New York’s “NY on PAUSE” lockdown
policy severely impacted the service and retail sectors. Despite economic stimulus plans
aiding recovery, issues such as income inequality and job instability worsened. Hong Kong,
heavily reliant on foreign investment and tourism, faced significant economic challenges
but managed a swift rebound through timely economic support measures. Nanjing, by
implementing a Dynamic Zero-COVID policy, quickly resumed industrial production and
consumption activities after controlling the pandemic, resulting in the least economic
disruption among the three cities. In the energy and material supply subsystem, New
York did not face significant supply shortages but struggled with unequal distribution of
resources. Hong Kong, through close cooperation between the government and businesses,
maintained relatively stable material supplies. Nanjing, with efficient resource allocation
and strong community management, ensured ample supplies of essential and protective
goods, demonstrating robust resilience. In the infrastructure and health subsystem, New
York’s healthcare system faced immense pressure in the early stages of the pandemic, with
insufficient emergency management capacity. While Hong Kong’s public health system was
well-established, it experienced strain from limited human resources and rapid depletion
of supplies. Nanjing, through swift testing and resource allocation, effectively controlled
the outbreak, minimizing pressure on its healthcare system and showcasing high resilience.
In terms of policy governance, New York struggled with the execution of control strategies
due to a lack of national coordination, leading to poor outcomes. Hong Kong demonstrated
strong responsiveness with strict border controls and the use of contact-tracing apps. Nan-
jing excelled in policy governance resilience, effectively curbing community transmission
through efficient administrative management and social mobilization capabilities.

5. Discussion

This study presented a dynamic urban resilience assessment model designed to quan-
tify the impact of PHEICs on urban functions. The results indicated that changes in urban
resilience vary significantly depending on the type of PHEIC and the response measures
adopted by local governments. However, whether it is necessary to sacrifice certain urban
functions to contain the spread of PHEIC. Therefore, this section further explored the
dynamic changes in urban resilience under different policy responses, providing scientific
evidence to inform the development of more effective strategies.

Based on the characteristics of COVID-19 transmission, the virus may mutate over time,
leading to new waves of infections. This requires local governments to adopt more scientific
responses, dynamically adjusting policies according to the transmission characteristics
of different variants. To provide a more comprehensive comparison of urban resilience
changes under different policy responses, the simulation period for Hong Kong and Nanjing
was extended to 365 days, and the results were compared with the resilience trends in New
York. Additionally, to explore how urban resilience evolves without policy interventions, a
scenario analysis based on New York’s data was conducted with no policy response. The
simulation results revealed the resilience differences among the three cities under various
scenarios, as illustrated in Figure 14.
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response scenarios.

Figure 14a illustrates the changes in urban resilience under different policy scenarios
during the COVID-19 pandemic. The “NY on PAUSE” scenario represents the implemen-
tation of strict lockdown measures, whereas the “New York-open” scenario reflects the
absence of response policies, apart from enhanced medical support. Figure 14b depicts
the resilience trends of urban systems under varying policy responses. In the absence of
policy intervention, urban resilience declines rapidly within a short timeframe, potentially
leading to the collapse of urban functionality. However, regardless of whether governments
implemented strict lockdowns or more scientific response strategies, these interventions
significantly alleviated the adverse impacts of COVID-19 on urban systems. Notably, under
the “Dynamic Zero” policy, the resilience of urban systems showed only a slight decline,
highlighting the effectiveness of this policy in maintaining urban functionality. Figure 14c
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highlights changes in economic resilience across different policy responses. Open policies
failed to contain the spread of the pandemic effectively, leading to reduced labor force
participation, weakened consumer and investor confidence, and severe disruptions to
economic activities. Conversely, strict lockdown policies, while successful in controlling
the pandemic, imposed comprehensive restrictions on business operations, production
supply chains, and consumer demand, also creating substantial economic pressures. In
comparison, more scientific response strategies minimized the duration of economic dis-
ruption, maintained system stability, and effectively mitigated economic shocks. As shown
in Figure 14d, different policies have a significant impact on urban infrastructure resilience.
Under the fully open policy, although the spread of the pandemic imposed certain pressures
on key infrastructure such as healthcare systems, other infrastructures (e.g., transportation,
electricity, and water resources) were able to maintain normal operations. This prevented
the usage restrictions on infrastructure seen under full lockdown policies, resulting in a
relatively balanced load distribution. However, full lockdown policies may trigger panic-
driven hoarding behavior among residents, further exacerbating pressure on supply chains
and critical infrastructure, thereby reducing system resilience. In contrast, the “Dynamic
Zero” policy and “close to Dynamic zero” policies, through refined management strategies
(e.g., zoned lockdowns and differentiated measures), effectively ensured the continuous
operation of critical infrastructure (e.g., transportation, electricity, and logistics) in non-
affected areas, avoiding the systemic disruptions that could arise under full lockdowns.
Moreover, these policies significantly shortened the duration of the pandemic’s impact on
urban operations, enabling cities to quickly resume normal social and economic activities.
This reduced the potential risks to infrastructure systems associated with prolonged high
loads or maintenance disruptions. Such refined governance strategies effectively enhance
the stability and adaptability of urban infrastructure resilience. As shown in Figure 14e,
under open policies, the lack of effective control measures allowed the virus to spread
rapidly, leading to a surge in infections, exhaustion of medical resources, and overburdened
public service systems, significantly weakening urban governance resilience. Additionally,
the government’s passive response could be perceived as incompetence, undermining
public trust and reducing policy implementation efficiency. Under lockdown policies, strict
containment measures caused economic activities to halt, businesses to shut down, and ur-
ban economic functions to suffer severe disruptions, with prolonged lockdowns potentially
leading to economic recession. Meanwhile, restricted social activities increased demand on
critical infrastructure such as healthcare systems and communication networks, potentially
causing system overload and further reducing governance resilience. Nevertheless, com-
pared to open policies, lockdown measures remain an effective means of mitigating the
decline in governance resilience during the early stages of a pandemic outbreak. Figure 14f
illustrates the impact of various policies on energy and material supply resilience. Open
policies resulted in severe supply chain disruptions, leading to a sharp decline in supply
resilience. In contrast, policies emphasizing efficient resource allocation effectively main-
tained stable supply chains, demonstrating higher resilience levels. Meanwhile, lockdown
policies did not significantly affect energy and material supply resilience.

In the early stages of managing highly transmissible PHEICs, governments and so-
cieties often lack experience in pandemic management, with limited vaccine availability,
insufficient response mechanisms and resources, and minimal understanding of the fun-
damental mechanisms of viral transmission. Under such circumstances, strict lockdown
policies are crucial for curbing the further spread of PHEICs. However, from the per-
spective of long-term urban resilience recovery, lockdown policies may not represent the
optimal strategy for addressing PHEICs. Prolonged lockdown measures can exert severe
negative impacts on urban economies and governance systems. Moreover, considering
that viruses like COVID-19 may evolve over time, exhibiting increased transmissibility
but decreased lethality, more scientific policy responses (e.g., Dynamic Zero or close to
Dynamic zero policies) may be better suited to balancing pandemic control with urban
development. Therefore, governments should make precise and rapid decisions based on
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the trajectory of viral evolution, adopting proactive and scientific measures to minimize
the loss of urban resilience.

6. Conclusions

This study developed an integrated framework based on SD to quantitatively assess
and simulate the dynamic changes in urban resilience, with a particular focus on the re-
silience performance of New York, Hong Kong, and Nanjing in the context of PHEICs. By
integrating an epidemic transmission model with a multidimensional evaluation indicator
system, the framework dynamically captured the complex interactions and feedback mech-
anisms among key urban functions. This approach offered a novel quantitative method for
evaluating the effectiveness of various pandemic control strategies.

The main advantage of the SD model lies in its ability to simulate the nonlinear inter-
actions between urban subsystems and their evolution over time, revealing the complex
causal relationships between policy measures and urban resilience. The study results indi-
cated that, while strict control measures can effectively curb virus transmission in the short
term, they also have profound impacts on urban governance structures, economic activities,
and social stability. Furthermore, the recovery process from these impacts demonstrated a
high degree of complexity and regional variation.

The case analysis further validated the differing resilience performances of cities dur-
ing the COVID-19 pandemic and the underlying reasons. New York’s “NY on PAUSE”
lockdown policy effectively curbed the spread of the virus but severely disrupted economic
activities, leading to a slow and painful recovery in urban resilience. In contrast, Hong
Kong adopted a more scientific “close to Dynamic zero” strategy, which, through strict
border control and social distancing measures, successfully controlled the pandemic while
minimizing disruptions to economic and social activities, demonstrating higher system
recovery capacity. Nanjing, with its “Dynamic Zero” policy, showcased efficient administra-
tive management and social mobilization, swiftly controlling the virus’s spread, enabling a
rapid recovery of social and economic activities, and resulting in minimal fluctuations in
urban resilience.

Although the SD framework developed in this study demonstrated strong applicability
and inclusiveness in simulating the dynamic changes in urban resilience during a pandemic,
there are still some limitations. First, the quantification of urban socio-economic resilience
heavily relied on the availability of real-time, high-frequency data. However, data lag may
limit the accuracy and practicality of the model. Second, the study primarily focused on
the internal dynamics of urban resilience, without fully accounting for external factors
such as regional virus transmission, vaccination efforts, and pharmaceutical treatments.
Future research should expand the range of variables and data collection to include more
characteristics of urban systems and a broader set of pandemic scenarios. This would
allow for a more comprehensive and accurate simulation of the dynamic evolution of
urban resilience in the context of prolonged pandemics. Additionally, the model should
incorporate a wider range of social, economic, and policy intervention factors to provide
policymakers with scientific support, enabling them to develop more scientific and effective
public health response strategies.
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Appendix A

Appendix A.1. Initial Setup, Data Sources, and Processing Methods (New York as an Example)

Sub-System Variability Initial Value Unit Data Processing Method Data Source

Urban Economy System

First industrial production; Secondary
industrial production; Value of entertainment

production; Value of tourism production
\ \

Calculate the daily average of the monthly
data and use a table function to reflect the

changing trend.
U.S. Bureau of Economic Analysis

GDP baseline 4939.72 ∗106 $/day
Calculate the expected annual GDP without

COVID using the exponential smoothing
method and determine the daily mean value.

Statista

Restaurant and hotel vacancy rates \ \
Calculate the daily average of the monthly
data and use a table function to reflect the

changing trend.

New York City Department of City
Planning Central office

Closure rate of tourist attractions and
entertainment venues \ \

Calculate the daily average of the monthly
data and use a table function to reflect the

changing trend.

New York City Department of City
Planning Central office

Delivery Volume Decline \ \
Calculate the daily average of the monthly
data and use a table function to reflect the

changing trend.

New York City Department of City
Planning Central office

Energy and Supplies System

Ratio of electricity production to GDP 16,759.78 kWh/million dollars Average electricity consumption per unit of
GDP over the past 10 years U.S. Bureau of Economic Analysis

Urban per capita electricity demand 9.34 kWh/day∗people Average electricity consumption per capita a
day over the past 10 years U.S. Bureau of Economic Analysis

Ratio of water production to GDP 1.385 10,000 tons/million dollars Average electricity consumption per unit of
GDP over the past 10 years U.S. Bureau of Economic Analysis

Urban per capita water demand 7.717 × 10−4 10,000 tons/day∗people Average water consumption per capita a day
over the past 10 years U.S. Bureau of Economic Analysis

Urban per capita food demand 2.75 × 10−3 tons/people∗day Average daily per capita food consumption United States Department
of Agriculture

Urban per capita domestic waste production 0.199 tons/people∗day Average daily per capita domestic
waste production

New York City Department
of Sanitation

Electricity Supply Capacity 1.452 × 109 kWh/day Daily average of total electricity consumption New York State Public
Service Commission

Water Supply Capacity 366.986 10,000 tons/day Daily average of total water consumption NYC Department of
Environmental Protection

Food supply capacity 21,708.961 tons Daily average of total food consumption United States Department
of Agriculture

Domestic Waste Treatment Capacity 1,753,424.7 tons/day Daily average of Domestic Waste Treatment New York City Department
of Sanitation
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Sub-System Variability Initial Value Unit Data Processing Method Data Source

Infrastructure and Health System

Healthcare Infrastructure supply 22,573 \ Number of hospital beds in New York City
before the COVID-19 outbreak

New York City Department of Health
and Mental Hygiene

increment in beds 20,000 \ \ New York City Department of Health
and Mental Hygiene

Actual Internet coverage rate 0.897 \ Number of Internet users/permanent
residential population NYC Office of the Mayor

The reduction of the number of trains in
the subway 0.056 Number of suspended metro lines/total

number of metro lines
Metropolitan Transportation

Authority

The reduction of the number of trains
in the bus 0.187 \ Number of suspended bus lines/total

number of bus lines
Metropolitan Transportation

Authority

The reduction in taxi service 0.824 \ Number of suspended taxis/total number
of taxis Taxi and Limousine Commission

Policy Governance System

Total tax revenue baseline 254.795 ∗106 $/day

The smoothed index method is used to
calculate the expected annual government
revenue in the absence of the epidemic and

convert it into the daily average

New York City Comptroller
Brad Lander

Disaster governance ability baseline 1 \ \ \

Emergency response efficiency 1 \ \ \

Focus on disasters 0 \ The focus on COVID-19 is set to 0 before its
outbreak and changes to 1 after it occurs. \

The ratio of government revenue to GDP 0.3466 \ Calculate the average ratio of government
revenue to GDP over the past 10 years

New York City Comptroller
Brad Lander

Other public health emergency expenditures 27.368 ∗106 $/day Average daily other public health
emergency expenditures

Project-level expenditure data in
international development agency

online databases and annual financial
statements and reports

Appendix A.2. Urban Resilience Subsystem Variables and Mathematical Expressions

Sub-System Variability Mathematical Equation

Urban Economy System

First industrial production =WITH LOOKUP (Time, ([(0, 0)–(365, 1000)], (1, 55.1765), (90, 55.1765), (91, 80.498), (181, 80.498), (182, 95.689), (273, 95.689), (274,
81.413), (365, 67.674)))

Secondary industrial production =WITH LOOKUP (Time, ([(0, 0)–(365, 2000)], (1, 679.458), (90, 731.225), (91, 952.870), (181, 952.870), (182, 1143.096), (273,
1100.547), (274, 1081.305), (365, 1081.305)))

Value of entertainment and tourism production =WITH LOOKUP (Time, ([(0, 0)–(365, 5000)], (1, 1350.275), (90, 1350.275), (91, 1785.432), (181, 1785.432), (182, 1965.871), (273,
1965.871), (274, 1920.568), (365, 2018.864)))
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Sub-System Variability Mathematical Equation

Urban Economy System

Value of business services =WITH LOOKUP (Time, ([(0, 0)–(365, 3000)], (1, 1203.456), (90, 1289.789), (91, 1432.567), (181, 1520.345), (182, 1625.678), (273,
1690.432), (274, 1745.123), (365, 1771.878)))

GDP =First industrial production + Secondary industrial production + Value of entertainment and tourism production + Value of
business services

GDP baseline =Annual GDP projections under a COVID-19 free scenario/365

The gap in Net social activity =(GDP baseline − GDP)/GDP baseline

Restaurant and hotel vacancy rates =WITH LOOKUP (Time, ([(0, 0)–(365, 365)], (1, 0), (13, 0), (14, 0.00678), (31, 0.01224), (90, 0.1224), (91, 0.07553), (181, 0.07553), (182,
0.03471), (273, 0.03471), (274, 0.03652), (365, 0.03652)))

Closure rate of tourist attractions and entertainment venues

=WITH LOOKUP (Time, ([(0, 0)–(365, 365)], (1, 0), (13, 0), (14, 0.0293), (31, 0.0293), (32, 0.01579), (59, 0.01579), (60, −0.001677), (90,
−0.001677), (120, −0.001677), (121, −0.013), (151, −0.013), (152, −0.0215), (181, −0.0215), (182, −0.002376), (212, −0.002376), (213,
0), (243, 0), (244, −0.002491), (273, −0.002491), (274, −0.000973), (304, −0.000973), (305, −0.0046), (334, −0.0046), (335, −0.00548),
(365, −0.00548)))

Delivery Volume Decline

=WITH LOOKUP (Time, ([(0, 0)–(365, 365)], (1, 0), (13, 0), (14, 0.0198), (31, 0.0198), (32, 0.0146), (59, 0.00146), (60, 0.0026), (90,
0.0026), (91, −0.001158), (120, −0.001158), (121, −0.00061), (151, −0.00061), (152, −0.00122), (181, −0.00122), (182, −0.000523),
(212, −0.000523), (213, −0.00093 (243, −0.00093), (244, −0.0015), (273, −0.0015), (274, −0.00162), (304, −0.00162), (305, −0.00114),
(334, −0.00114), (335, −0.000325), (365, −0.0003259)))

Energy and Supplies System

Industrial and Commercial Electricity Demand =GDP ∗ Ratio of electricity production to GDP

Urban Electricity Demand =Urban per capita electricity demand ∗ Total urban population

electricity demand =Urban Electricity Demand + Industrial and Commercial Electricity Demand

Electricity Supply =IF THEN ELSE (electricity demand >= Electricity Supply Capacity, Electricity Supply Capacity, electricity demand)

Electricity Supply Capacity =IF THEN ELSE (Policy response = 1, 8,804,190 ∗ Impact on the Electricity Supply System, 8,804,190)

gap in Electricity Supply-demand =IF THEN ELSE (electricity demand >= Electricity Supply, (electricity demand-Electricity Supply)/electricity demand, 0)

Industrial and Commercial Water Demand =Ratio of water production to GDP ∗ GDP

Urban Water Resources Demand =Total urban population ∗ Urban per capita water demand

water demand =Industrial and Commercial Water Demand + Urban Water Resources Demand

Water Supply =IF THEN ELSE (water demand >= Water Supply Capacity, Water Supply Capacity, water demand)

gap in Water Supply-demand =IF THEN ELSE (water demand >= Water Supply, (water demand-Water Supply)/water demand, 0)

Water Supply Capacity =IF THEN ELSE (Policy response = 1, Impact on the Water Supply Chain ∗ 366.986, 366.986)

Urban food Resource Demand =Urban per capita food demand ∗ Urban per capita food demand

Food supply capacity =IF THEN ELSE (Policy response = 1, DELAY1 (21,709 ∗ Impact on the Food Supply Chain, 3), 21,709)

Food reserve =INTEG (Food supply capacity-Food supply, 145,894)

Food supply =IF THEN ELSE (Urban food Resource Demand >= Food reserve, Food reserve, Urban food Resource Demand)

gap in Food Supply-demand =IF THEN ELSE (Urban food Resource Demand <= Food supply, 0, (Urban food Resource Demand-Food supply)/Urban food
Resource Demand)

Domestic Waste Production =Total urban population ∗ Urban per capita domestic waste production

Domestic Waste Treatment =IF THEN ELSE (Domestic Waste Production >= Domestic Waste Treatment Capacity, Domestic Waste Treatment Capacity,
Domestic Waste Production)
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Sub-System Variability Mathematical Equation

Domestic Waste Treatment Capacity =IF THEN ELSE (Policy response = 1, Impact on the Domestic Waste Treatment ∗ 1,753,424.66, 1,753,424.66)

Energy and Supplies System

gap in waste treatment =INTEG (variation rate in GW, 0)

variation rate ES =(“gap in Electricity Supply-demand” + “gap in Food Supply-demand” + gap in waste treatment “gap in Water
Supply-demand”)/4

Energy and Supply System Resilience (t) =INTEG (−variation rate ES, 0)

Infrastructure and Health System

Healthcare Infrastructure supply =INTEG (Rate of increase in hospital beds, 22,573)

gap in Healthcare Infrastructure rate =Shortage of hospital bed capacity/Healthcare Infrastructure demand

Online social media demand =IF THEN ELSE (Policy response = 1, 1, 0)

variation rate IHR (t) =(gap in Communications Infrastructure + gap in Healthcare Infrastructure rate + gap in public transport service)/3

Shortage of hospital bed capacity =IF THEN ELSE (Healthcare Infrastructure demand-Healthcare Infrastructure supply > 0, Healthcare Infrastructure
demand-Healthcare Infrastructure supply, 0)

Rate of increment in hospital beds =DELAY1(increment in beds, 12)

increment in beds =IF THEN ELSE (Shortage of hospital bed capacity <= 20,000, Shortage of hospital bed capacity, 20,000)

required Internet coverage rate =IF THEN ELSE (Online social media demand = 1, 1, 0.897)

Actual Internet coverage rate =INTEG (Internet coverage increase rate, 0.897)

gap in Communications Infrastructure =required Internet coverage rate-Actual Internet coverage rate

The reduction of the number of trains in the subway =IF THEN ELSE (Policy response = 1, 0.056, 0)

The reduction in taxi service =IF THEN ELSE (Policy response = 1, 0.824, 0)

The reduction of the number of trains in the bus =IF THEN ELSE (Policy response = 1, 0.187, 0)

gap in public transport service =(The reduction in taxi service + The reduction of the number of trains in the bus + The reduction of the number of trains in the
subway)/3

Infrastructure and Health resilience =INTEG (−variation rate IHR (t), 0)

Policy Governance System

Government Revenue rate (t) =GDP ∗ Ratio of government revenue to GDP

Cost rate of public health events (t) =Total cost of controlling public health events + Other public health emergency expenditures

Total cost of controlling public health events =Cost of case tracking and confirmatory testing + Government medical expenditures + Other expenditures to suppress
COVID-19

Total tax revenue (t) =Government Revenue rate (t) − Cost rate of public health events (t)

gap in DGA (t) =(DGA baseline − Disaster governance ability (t))/DGA baseline

Disaster governance ability (t) =(Emergency response efficiency (t) + Focus on disasters (t))/2

gap in DGA (t) =(DGA baseline − Disaster governance ability (t))/DGA baseline

variation rate PG (t) =(gap in TTR (t) + gap in DGA (t))/2

Policy Governance resilience (t) =INTEG (−variation rate PG (t), 0)
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