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Abstract

Communities under prolonged disruptions operate as interconnected socio-technical sys-
tems in which the effectiveness of any response depends not only on local conditions
but also on the structural relationships that link communities to one another. This study
introduces an agent-based response framework for evaluating policy-driven intervention
strategies across such systems. Each community is described by its population, economic
conditions, and access to critical services, and is linked to other communities through a
social connectivity network that defines the pathways for population movement and chan-
nels the spread of disruption stress between regions. The agent-based model then tracks
how vulnerable each community is by combining its local conditions with the conditions of
the communities it is most connected to, and it measures the toll of any disruption through
a single social cost metric that weighs lost access to healthcare, retail, and food services.
The framework is instantiated using county-level COVID-19 data for Illinois, treated as an
exogenous hazard input, and evaluated through Monte Carlo simulation across risk-averse,
risk-neutral, risk-seeking, adaptive, and no-aid policy regimes. Compared with the no-aid
baseline, the highest-intensity (risk-averse) regime produced the lowest social cost and
the highest level of assistance, while all intervention regimes resulted in lower migration.
Adaptive managerial decision-making was shown to offer no consistent advantage over
simple proactive rules, suggesting that consistency and speed of allocation, rather than
sophistication, drive system-wide outcomes.

Keywords: socio-technical system; disruption; managerial decision-making; agent-based
model; Monte Carlo simulation

1. Introduction

Natural disasters, disease outbreaks, and infrastructure failures impose severe and of-
ten prolonged burdens on communities, disrupting access to healthcare, food systems, retail
services, and the broader supply networks that sustain daily life [1-3]. The consequences of
such events extend well beyond the communities at their epicenter. Because modern com-
munities are structurally interdependent, linked through shared infrastructure, economic
relationships, and dense social network; disruption originating in one locality propagates
outward, placing compounded pressure on neighboring regions and eroding the capacity
of entire systems to function [4,5]. When these cascading effects are not contained quickly,
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they generate secondary disruptions in communities that were not initially at the center of
the event, intensify population displacement, and accelerate the deterioration of critical
facilities across a region [6,7]. The scale and pace of this propagation mean that the window
for effective intervention is narrow, and the cost of a delayed or misdirected response
is high.

This interconnectedness introduces a fundamental complexity into crisis response.
The vulnerability of any given community is shaped not only by its own internal condi-
tions, i.e., its population density, economic capacity, and infrastructure, but also by the
conditions of the communities it is most closely linked to. A community with moderate
internal exposure may nonetheless face severe disruption if it is tightly connected to regions
experiencing high disease burden or infrastructure failure. Conversely, a geographically
isolated community may be partially insulated from cascading effects even when nearby
regions are severely affected. This network-mediated exposure means that resilience and
vulnerability are fundamentally relational properties: they cannot be accurately charac-
terized by examining communities in isolation [8,9]. At the same time, the behavioral
responses of populations; most notably migration away from high-burden areas alter the
distribution of need across the network over time, creating feedback dynamics that further
complicate the resource allocation problem [10-14]. Decision-makers operating in these
environments must therefore contend with a system that is simultaneously interconnected,
dynamic, and highly sensitive to the timing and targeting of intervention.

A substantial body of research has investigated crisis response and resource allocation
in disaster and epidemic settings from multiple complementary perspectives. Social vul-
nerability indices have been developed to classify communities according to their relative
susceptibility to hazardous events, thereby providing a structural foundation for prioritiza-
tion and intervention planning [15,16]. In parallel, willingness-to-pay (WTP) frameworks
have been used to quantify the societal burden associated with service disruptions by
assigning relative importance weights to different categories of critical infrastructure and
essential services [17-19]. Research has also examined how risk perception shapes stake-
holder decision-making, demonstrating that the assessment and communication of risk
can significantly influence the effectiveness of intervention strategies and crisis-response
behavior [20-26]. Building on these insights, resilience-oriented operations research has
incorporated risk-averse and chance-constrained formulations to support infrastructure
restoration and emergency logistics planning under uncertainty [27-31]. At the modeling
level, agent-based approaches have been widely applied to simulate community-level
responses to infectious disease outbreaks, enabling the representation of behavioral hetero-
geneity among individuals and institutions operating under uncertain conditions [32-34].
Complementing these approaches, stochastic simulation and Monte Carlo methods have
been employed to evaluate intervention performance and system behavior under pa-
rameter uncertainty in epidemic and disaster environments [35,36]. This body of work
has advanced the understanding of individual components of crisis response, resilience,
and uncertainty-aware decision-making.

Despite this progress, a critical gap persists. Network-oriented and agent-based
studies have modeled how disruption spreads across connected populations, and resource-
allocation studies have modeled how aid is targeted, but these two lines of work have
largely developed separately: allocation frameworks typically assess local need and dis-
tribute resources without representing how inter-community connectivity shapes the prop-
agation of disruption and the effectiveness of intervention over time, while connectivity-
focused models rarely evaluate competing allocation strategies under that propaga-
tion [37-39]. Recent resilience-oriented studies have further emphasized the importance
of interconnected socio-technical systems, adaptive infrastructure planning, cascading
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regional effects, and network-aware disruption modeling in understanding large-scale
crisis behavior [40-59]. This independence assumption understates the degree to which
conditions in one community are determined by conditions in adjacent ones, and it limits
the ability of decision-support tools to capture the cascading regional dynamics that char-
acterize real-world crises. Furthermore, while risk classification and vulnerability indices
provide useful snapshots of community exposure, they rarely inform a systematic compari-
son of how alternative allocation strategies perform across a range of resource constraints,
intervention timings, and connectivity configurations. The result is that decision-makers
facing large-scale, regionally cascading disruptions lack a quantitative basis for choosing
between competing response strategies and understanding the conditions under which
each is most effective.

Epidemic crises provide a representative context in which interdependent infrastruc-
ture stress, population movement, and policy-driven intervention occur simultaneously.
An infectious disease propagates along the same social and economic pathways that connect
communities under normal conditions, meaning that social connectivity is often simulta-
neously the medium of transmission and the structure through which response resources
must flow [60-62]. The Social Connectivity Index (SCI), derived from Meta’s Data for Good
platform, quantifies the strength of inter-county social ties. It has been used as a predictor
of disease trajectory similarity and behavioral compliance with public health interven-
tions [63,64], and separately as a predictor of inter-area migration destination choice [65,66].
The empirical analysis additionally incorporates publicly available demographic, epidemi-
ological, and connectivity datasets to capture regional variation in population structure,
COVID-19 burden, and inter-county social relationships [67-69]. Integrating such con-
nectivity information into a resource allocation framework; rather than treating it as a
background feature offers a principled basis for identifying which communities face the
greatest networked exposure and directing aid accordingly. The COVID-19 pandemic
provides a rich and well-documented empirical setting for this purpose, with county-level
records of disease burden, population mobility, and service disruption that reveal sys-
tematic disparities rooted in social and infrastructural conditions [70,71]. Critically, this
study does not model disease transmission dynamics. COVID-19 case and death counts
are instead treated as exogenous inputs derived from historical data, and the framework is
designed to analyze how communities and stakeholders respond to observed disruption
through migration, resource allocation, and economic adjustment; not how the disease
itself spreads.

More specifically, this study addresses the identified gap by developing an agent-
based response framework that integrates social connectivity, dynamic migration, risk-
attitude-based policy regimes, and a WTP-based social cost metric into a unified simulation
environment. The framework is instantiated using county-level COVID-19 data for the
state of Illinois and evaluated through Monte Carlo simulation across five policy regimes:
risk-averse, risk-neutral, risk-seeking, adaptive, and no-aid baseline. By holding external
disruption inputs constant across scenarios and varying only the allocation policy, the study
isolates the effect of decision logic on regional outcomes including social cost, population
movement, and assistance reach.

The principal methodological contribution is the integration of a dynamic, connectivity-
weighted Vulnerability Index within a controlled environment for comparing allocation
policies under a common hazard trajectory. The Vulnerability Index combines observed lo-
cal case burden with connectivity-weighted exposure from socially connected communities
and evolves as conditions change across the simulation, and it is embedded in a framework
that holds an exogenous hazard trajectory constant while varying only the allocation policy.
Prior agent-based, mobility, resilience, and network-oriented studies have each addressed
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components of this problem, modeling disruption propagation or aid targeting separately;
the contribution here is to combine dynamic network-mediated vulnerability assessment
with the systematic comparison of risk-attitude allocation regimes under identical disrup-
tion conditions, with connectivity entering as one component of that environment rather
than as the dominant driver of the results. This integration enables three findings that
the separated literatures do not directly establish. First, the highest-intensity (risk-averse)
regime consistently shows the lowest social cost among the intervention regimes across
a broad range of modeling assumptions. Second, intervention timing and prioritization
efficiency exert a stronger influence on regional outcomes than total aid volume, with dimin-
ishing returns emerging once critical community needs are met. Third, adaptive strategies
do not consistently improve upon simpler proactive rules, indicating that consistency
and speed of allocation, rather than policy complexity, are the structural determinants of
resilience under prolonged disruption.

Note that while the empirical instantiation draws on COVID-19 data, the framework
is intended to be transferable in principle to other hazard types, including natural disasters,
infrastructure outages, and supply-chain shocks with similar propagation patterns, subject
to validation in those settings. The remainder of the paper is organized as follows. Section 2
presents the conceptual model and its underlying assumptions. Section 3 develops the for-
mal model formulation, including the Vulnerability Index, policy and decision mechanisms,
and the social cost evaluation approach. Section 4 describes the simulation design and
case study. Section 5 reports robustness, sensitivity, and temporal results. Sections 6 and 7
discuss the findings and outline limitations and directions for future research.

2. Conceptual Framework
2.1. Overview and Design Rationale

The framework developed in this study is designed to support the evaluation of policy-
driven resource allocation strategies in regional systems subject to prolonged external
disruption. Its central purpose is not to predict the evolution of a hazard, but to analyze
how communities and centralized decision-making agents respond to observed disruption
through the reallocation of limited resources, the adjustment of economic activity, and the
redistribution of population across an interconnected regional network. This distinction
is deliberate. In most real crisis-response environments, stakeholders do not control the
hazard itself, instead they act on its observed consequences. The framework is therefore
formulated as a response model, in which the disruption signal is treated as an exogenous
input and all modeled dynamics concern the behavioral, economic, and mobility responses
that follow from it.

Three core design choices shape the structure of the framework. First, communities
are represented as nodes in a network rather than as independent units, reflecting the
empirical reality that disruption propagates through inter-community connections and
that the vulnerability of any given community is partly determined by the conditions of
its neighbors. Second, the performance of the system is evaluated through a unified social
cost metric that aggregates the burden of service disruption across multiple facility types
into a single comparable measure, enabling systematic comparison across communities
and policy scenarios. Third, resource allocation is governed by behavioral policy regimes
rather than optimization, reflecting the heuristic and institutionally constrained nature
of real-world emergency decision-making. Figure 1 summarizes the conceptual structure
of the proposed framework, showing how observed hazard inputs, inter-community
connectivity, vulnerability assessment, policy allocation, and social cost evaluation interact
across sequential decision intervals. Each of these choices is elaborated in the subsections
that follow.
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Figure 1. Conceptual workflow of the proposed agent-based response framework. The model inte-

grates exogenous hazard inputs, SCI-based social connectivity, vulnerability indexing, policy-driven

aid allocation, migration feedback, and WTP-weighted social cost evaluation to assess community

resilience outcomes across policy scenarios.

2.2. Community Representation and Networked Interdependence

Each community in the framework is characterized by a set of state variables describing

its demographic composition, economic capacity, and the availability of critical service

facilities. These variables evolve over discrete decision intervals in response to both external

disruption and the policy interventions applied by the centralized agent. Communities

are not modeled as isolated entities; they are embedded within a connectivity structure

that encodes the strength of social and economic ties between pairs of communities. This

structure governs two key dynamics: the propagation of disruption signals across the

network, and the movement of population between communities in response to changing

local conditions.

The connectivity structure is operationalized using Meta’s Social Connectivity Index

(SCI), which quantifies inter-county social ties as a weighted county-to-county network.

Each edge represents the relative strength of social connectedness between a pair of counties

and provides the structural basis for modeling network-mediated exposure and migration

pathways. Each edge in this graph represents the relative strength of interaction between a

pair of counties, and the bidirectional nature of the index reflects the symmetric character of

social connection. This network provides the structural basis for computing a Vulnerability

Index (VI) for each community: a composite measure that combines local disruption inten-

sity with connectivity-weighted exposure from neighboring communities. Communities

that are both internally burdened and tightly connected to other high-burden areas receive

higher vulnerability scores, reflecting their elevated priority for resource allocation.

https:/ /doi.org/10.3390/analytics5030020


https://doi.org/10.3390/analytics5030020

Analytics 2026, 5, 20

6 of 34

Migration is modeled as a sequential, population-conserving redistribution process
along SCI-defined connections. For each origin—destination pair, the migration rate is deter-
mined by normalized differences in hazard intensity and social cost, the origin community’s
baseline migration tendency, the migration scaling parameter, and the aid-adjustment fac-
tor. Positive differences direct movement toward communities with lower disruption
and social burden, while similar conditions across communities leave baseline migration
tendencies as the primary driver. The rate is bounded to ([0, 1]), and migrants are removed
from the origin population and added to the destination population. Within each deci-
sion interval, migration is evaluated after population has been updated for growth and
observed mortality. Although migration conserves population during redistribution, total
regional population may still change because growth and mortality are applied beforehand.
These movements subsequently alter service demand, vulnerability, and future allocation
conditions across the connected regional system.

2.3. Social Cost as the Performance Metric

The primary outcome measure of the framework is social cost, which refers to the
aggregate burden imposed on a community’s population due to disrupted access to critical
services. Social cost is evaluated across three categories of facilities: healthcare, retail,
and food services. Each category is assigned a WTP weight that reflects its relative im-
portance to community functioning [19]. These weights do not represent direct monetary
valuations; instead, they function as relative scaling coefficients that allow heterogeneous
service disruptions to be aggregated into a single interpretable metric. Consequently, social
cost values reported throughout the manuscript represent aggregated weighted burden
units rather than direct monetary currency values and should therefore be interpreted
comparatively across policy scenarios rather than as literal dollar-denominated economic
losses. A community with a high concentration of healthcare facilities, for example, will
incur higher social cost when those facilities are disrupted than a community of comparable
size with fewer such facilities because healthcare carries the highest relative weighting in
the formulation.

This formulation serves two purposes. At the community level, it translates the op-
erational status of critical facilities into a measure of population-level burden that can
be tracked over time. At the system level, it provides a consistent basis for comparing
outcomes across communities and across policy scenarios, allowing the analysis to iden-
tify which allocation strategies reduce aggregate regional burden most effectively and
under what conditions. Social cost is computed at every decision interval, making it a dy-
namic rather than static measure, capturing how burden accumulates or diminishes as the
disruption evolves and as policy interventions take effect.

2.4. Policy Regimes and the Decision-Making Agent

Resource allocation in the framework is performed by a centralized agent that dis-
tributes assistance across communities at each decision interval. The agent does not solve
an optimization problem; instead, it follows one of several predefined behavioral policy
regimes that translate observed community conditions into allocation decisions. This
design reflects the institutional reality of emergency management, in which allocation
rules are often shaped by organizational priorities, political constraints, and simplified
assessment criteria rather than formal optimization.

Four policy regimes are evaluated. The risk-averse regime applies the highest assistance-
effectiveness posture uniformly across all aided communities, converting available capacity
into support at the strongest rate and reflecting a precautionary stance toward worst-case
outcomes. The risk-neutral regime applies an intermediate effectiveness posture, and the
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risk-seeking regime applies the lowest, reflecting a delayed or minimal intervention stance.
The three static regimes therefore differ in how effectively a common baseline capacity
is translated into assistance, not in how that capacity is targeted across communities.
The adaptive regime is the only regime that reclassifies individual communities during the
simulation, raising the effectiveness posture for communities whose hazard or vulnerability
exceeds the system mean. A fifth no-aid scenario serves as a counterfactual baseline,
capturing system evolution in the complete absence of external intervention. By holding all
external inputs constant and varying only the policy regime, the framework enables direct
comparison of how different allocation logics shape system-level outcomes under identical
disruption conditions.

2.5. Scope and Generalizability

The framework is designed to analyze response dynamics rather than hazard genera-
tion. The external disruption is represented as an observed signal; operationalized in this
study using historical COVID-19 case and death data for Illinois counties that informs the
hazard intensity input to the model at each decision interval. No assumptions are made
about how the disruption itself evolves; its trajectory is determined entirely by the histor-
ical record. This design choice isolates the analysis from the considerable uncertainties
associated with epidemic or disaster forecasting, allowing the framework to focus on the
comparative performance of allocation strategies under a common disruption trajectory.

Although the empirical instantiation is grounded in COVID-19 data, the conceptual
structure of the framework does not depend on the characteristics of any specific haz-
ard type. The community representation, connectivity structure, social cost formulation,
and policy regime architecture are each defined in terms that generalize across disruption
contexts. The framework is therefore intended to be transferable in principle, subject
to validation with appropriate data inputs, to the analysis of resource allocation under
natural disasters, prolonged infrastructure outages, and supply-chain disruptions, that
is, settings in which an external event generates cascading service disruptions across an
interconnected regional system and in which a centralized agent must allocate limited
resources under uncertainty.

3. Model Formulation
3.1. System Structure and State Representation

The proposed framework is formulated as a discrete-time, agent-based system de-
signed to capture the evolution of interconnected communities under conditions of external
stress. The model consists of three primary components: (i) community units that represent
geographically defined populations, (ii) a centralized decision-making entity responsible
for allocating limited resources, and (iii) an exogenous hazard signal that reflects observed
disruption intensity. The system evolves over a sequence of discrete decision intervals
indexed by ¢, allowing the model to represent dynamic adjustments in response to chang-
ing conditions.

Each community i € V is represented as an aggregate entity characterized by a set
of state variables that describe its demographic, economic, and infrastructural conditions.
These include population (population, ;), economic attributes such as employment and
income, and the availability of critical service facilities. The aggregation at the community
level is a deliberate modeling choice that enables tractable representation of large-scale
systems while preserving the key structural features necessary to analyze system-level
responses. Communities are embedded within a connectivity structure that governs interac-
tions across the system. This structure captures interdependencies among communities and
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enables the representation of non-local effects, such as migration flows and the propagation
of stress signals across connected regions.

The decision-making component is modeled as a centralized agent that observes
system conditions and allocates resources across communities at each decision interval.
This agent does not optimize a global objective function; rather, it operates according
to predefined policy regimes that reflect different behavioral orientations toward risk.
This formulation is intended to represent stylized decision-making processes observed in
practice, where policy actions are often guided by heuristics or institutional rules rather
than fully optimized solutions. By holding the external conditions constant and varying
the policy regime, the framework enables systematic comparison of alternative allocation
strategies and their implications for system performance.

The external hazard is represented as an exogenous signal that varies across commu-
nities and over time, operationalized using observed indicators derived from historical
data. Two county-level quantities are drawn from the data at each interval ¢: the number
of newly reported COVID-19 cases C;; and the number of reported COVID-19 deaths D; .
Hazard intensity is defined from the case count,

Ciy

hazard;; = ————,
© population,

1)
the ratio of newly reported cases to the current county population. Deaths enter the model
only through the population update,

population; , = population;; ;-¢— Di4,

where g is the baseline growth factor. Case counts drive the hazard term and, through it,
vulnerability and policy response. Deaths reduce the population at risk, which influences
migration, vulnerability, and allocation at subsequent intervals through the changed popu-
lation base. Both series are obtained from daily USAFacts county reports and aggregated
to the bimonthly decision intervals of the simulation. The label “observed impact” used
in the simulation procedure refers to the aggregated case count C;; within an interval
and is not a separate variable. Case incidence serves as the primary hazard indicator
because the framework targets resilience and intervention effectiveness and does not model
disease progression.

The framework does not model disease transmission and does not include epidemio-
logical state variables such as susceptible, exposed, infectious, or recovered populations.
Observed case incidence is treated as an exogenous disruption signal because rising case
prevalence accompanies greater healthcare demand, workforce absenteeism, supply-chain
strain, and reductions in service availability. These effects fall on the healthcare, retail,
and food-service categories that define the model’s social-cost formulation, which makes
case incidence a practical proxy for broader community disruption.

Time progression in the model is governed by discrete decision intervals, during which
the system state is updated sequentially. At each interval, population levels are adjusted
based on growth and reported deaths D;,, the hazard signal is updated, and derived
quantities such as vulnerability and social cost are computed. This sequential update
structure provides a transparent and modular representation of system dynamics, enabling
the integration of multiple interacting components while maintaining clarity in how state
transitions occur over time.
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3.2. Networked Risk and Community Dynamics

The framework represents communities as elements of an interconnected system in
which local conditions depend on internal characteristics and on interactions with other
communities. A network-based representation of social connectivity governs the propaga-
tion of external stress signals and the movement of populations across the system, allowing
the model to characterize networked risk: the exposure of a community is shaped by its
own conditions together with those of its connected neighbors. This relational view is
consistent with recent evidence that disruption and recovery in community systems prop-
agate through inter-community dependencies and do not remain confined to individual
localities [4,6,7].

To quantify community-level exposure, the model defines a Vulnerability Index (VI) that
combines local disruption burden with connectivity-weighted external signals. For com-

Ljenti) SClijt (1+ AHj,)
VI = Ciy > SCI
jeN (i) ij,t

where C;; denotes the observed county-level case burden during interval ¢, SCI;;; rep-

munity i at time ¢,

(2)

resents the social connectivity between communities i and j, and H;; is a binary hazard
indicator equal to 1 when the hazard intensity in community j exceeds the system median
and 0 otherwise. The parameter A controls the influence of high-risk neighboring commu-
nities on the connectivity-weighted exposure term. The neighborhood set N (i) contains the
counties connected to community i through the SCI network. Because the SCI data include
both inter-county and self-referential ties, the exposure term reflects a combination of local
and network-mediated disruption conditions, with C; ; carrying the local burden explicitly
and the SCI-weighted sum carrying the influence of connected communities.

The index expresses two sources of risk within a single quantity. Local case incidence
captures disruption inside the focal community, and the weighted exposure term captures
pressure originating from socially connected communities that are experiencing elevated
disruption. A community with high local case burden and strong ties to other high-risk
regions receives a larger vulnerability score and is prioritized more aggressively under risk-
based allocation. Dividing the weighted exposure term by the total SCI weight prevents
communities with large aggregate connectivity from receiving high scores merely because
of network size. The hazard indicator H;; is binary and threshold-based. It separates
counties experiencing elevated disruption from those at routine levels and limits sensitivity
to short-term fluctuations in reported case incidence, which keeps the exposure term
focused on whether a neighbor is currently a high-risk source rather than on the precise
magnitude of its case count. The threshold is the system-wide median of hazard intensity at
each interval, so classification is relative to the current state of the system and not fixed at an
absolute case level. This relative definition suits the comparative design of the study, since a
county counts as a high-risk neighbor when its hazard exceeds the prevailing system level at
that interval, and the same rule applies across all policy scenarios. A median split partitions
counties by relative standing by construction, so during low-disruption intervals roughly
half of all counties are labeled high hazard even though their absolute case burden is low.
This behavior is intended. The indicator marks which neighbors are comparatively elevated
within the network, while the continuous local term C;; in Equation (2) carries absolute
burden, so a county with low local cases receives a low vulnerability score even when
several of its neighbors sit above the interval median. The two terms play distinct roles: H; ;
encodes relative neighbor standing, and C; ; anchors the index to absolute local conditions.
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Relationship to Existing Vulnerability Frameworks

The proposed Vulnerability Index relates to several established approaches in disaster
resilience, public health preparedness, and community risk assessment. Widely used
examples include the Centers for Disease Control and Prevention (CDC) Social Vulnerability
Index (SVI) [72], Cutter’s Social Vulnerability framework [73], and the Baseline Resilience
Indicators for Communities (BRIC) [74]. These indices identify populations likely to be
disproportionately affected by disasters, disease outbreaks, and infrastructure disruptions,
and they have informed preparedness planning and resource targeting across a range of
hazard contexts.

The CDC SVI characterizes community susceptibility using demographic and socioe-
conomic indicators such as income, age distribution, disability status, housing conditions,
and transportation access [72]. Cutter’s framework similarly emphasizes how social and
economic characteristics shape a community’s capacity to prepare for, respond to, and re-
cover from disruptive events [73]. BRIC broadens this perspective across social, economic,
institutional, infrastructural, environmental, and community-capacity dimensions [74].
These frameworks draw on indicators that change slowly, which suits them to character-
izing baseline vulnerability and limits their ability to track the evolving conditions of an
active crisis.

Recent work has begun to address this temporal limitation. Longitudinal modifications
of the CDC SVI extend the index across historical census periods so that vulnerability can
be examined as societal composition changes over time [75]. Mobility-based formulations
move further in this direction by deriving vulnerability from population movement and
updating it across the pre- and post-disaster phases of an event [76]. These developments
reflect a broader shift toward vulnerability measures that respond to changing conditions
during a disruption.

The Vulnerability Index used here belongs to this emerging class of dynamic measures
and is distinguished by its explicit treatment of inter-community connectivity. Vulnerability
evolves across the simulation as observed disruption intensity changes, so the index tracks
the trajectory of the crisis directly. Inter-community social connectivity enters through the
SCI, allowing a community’s score to reflect network-mediated exposure from connected
regions. Population redistribution feeds back into both connectivity and local conditions,
so migration alters vulnerability trajectories over the course of the simulation. The index
complements established vulnerability frameworks by supplying a connectivity-aware,
time-varying measure suited to policy evaluation within interconnected socio-technical
systems under prolonged disruption.

The SCI provides the structural basis for inter-community interaction. SCI values
act as weights on a dense county-to-county network that encodes the relative strength
of interaction between community pairs [61,63]. To reflect changing system conditions,
connectivity weights evolve with population. Connectivity between communities i and j at
time t 4- 1 updates as

SCI,']'/t+1 = SCIij,t . (1 + A+ A]'), (3)

where A; and A; denote proportional population changes in the respective communities.
This update is a modeling approximation that encodes the intuition that shifts in popu-
lation distribution can alter the intensity of inter-community interaction. It introduces a
mechanism for adjusting network influence over time and does not assert an empirically
estimated relationship.

SCI values are constrained to remain nonnegative after each update and are not explic-
itly re-normalized between intervals. Normalization instead occurs inside the Vulnerability
Index through the weighted-average structure of Equation (2), where the SCl-weighted
exposure term is divided by the total SCI weight of each focal community. Meta’s SCI is
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a static measure of baseline social connectedness, and the update rule allows population
redistribution to modify interaction intensity while preserving the original SCI network
as the baseline structure. Counties gaining population exert greater interaction influence,
and counties losing population exert less. Because the update is proportional to interval-
level population change and bounded below at zero, it keeps connectivity nonnegative
while permitting limited temporal adjustment in connectivity strength. The updated SCI
values are interpreted as a simulation construct and not as directly observed changes
in social relationships. The update changes the relative weights within a focal county’s
neighborhood, since the destination term A; varies across neighbors, so it is not a pure
common rescaling. The internal normalization in Equation (2) removes only the component
of the drift that is common to all of a county’s edges, the overall scale of its total SCI weight,
while preserving the relative differences among neighbors that the weighted average is
intended to capture. Larger relative SCI weights therefore continue to exert greater influ-
ence on exposure by design, and the nonnegativity constraint keeps the updated weights
well defined.

Influence across county pairs is heterogeneous even though the network is dense.
Counties with stronger social ties contribute more heavily to vulnerability through the
SCI-weighted exposure term. For migration, SCI defines the feasible movement pathways,
while migration volume follows from hazard differences, social-cost differences, baseline
migration tendencies, and aid conditions. The use of social connectivity to structure
relocation pathways is supported by evidence that the Facebook Social Connectedness
Index predicts inter-area migration destination choice, including during the COVID-19
period [65], and that social-network structure causally shapes where migrants relocate [66].
The uniform-connectivity ablation reported in Section 5 removes this heterogeneity and
isolates whether the results depend on the specific SCI weighting structure.

Migration between connected communities is modeled as a sequential, population-
conserving redistribution process. For an origin community i and destination community j,
the migration rate is

Rij = (1327/51']‘,1% +5Cjj; + Bi) - Ay (4)

vihere %ij,t is the normalized difference in hazard intensity between counties i and j,
SCijt is the normalized difference in social cost, B; is the baseline migration tendency of
community i, realized at each interval as the risk-adjusted value B;;, <y is the migration
scaling parameter, and A; is the aid-adjustment factor. Migration rates are bounded to
[0,1] to prevent unrealistic population transfers. When two communities present similar
hazard and social-cost conditions, the normalized difference terms approach zero and the
baseline tendency B; governs movement, which keeps destination selection well defined
when origin and destination share comparable disruption profiles.
The number of migrants transferred along a connection is

My = <Pi,t - P! fs_iﬁt> Rijt 5)

where P;; is the current population of community i and Pl?,’tss_iit is the portion of that popula-
tion assisted in the previous interval. Migration is evaluated before the current-interval
assistance step (Algorithm 1), so the most recent available assisted count is the one carried
from interval t — 1. Subtracting this previously assisted population lowers migration pres-
sure in communities that received effective intervention in the prior interval while keeping
the redistribution population-conserving. Positive values of I/JBEZ-]-J and §ffij,t arise when
the origin carries greater hazard burden or social cost than the destination, so movement
is directed toward communities with comparatively lower disruption and lower social
burden, which serve as the more attractive destinations in the network. Migration is
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evaluated only along existing SCI connections, so social connectedness sets the feasible
movement pathways and shapes migration volume indirectly through the structure of
available destinations. SCI enters the destination choice as an eligibility filter and not
as a flow weight: it determines which origin—-destination pairs are admissible, while the
migrated volume along each admissible pair is set entirely by R;; ; in Equation (4), which
contains no SCI term. Two neighbors with identical hazard and social-cost gaps therefore
receive equal migration pull regardless of their SCI magnitude.

Algorithm 1: Monte Carlo agent-based simulation procedure

Data: County-level demographic and economic data, SCI network, and observed
county-level case counts C; ; and death counts D; ;.
Result: Time-series measures of migration, social cost, vulnerability, assistance,
and sufficiency.

Initialize communities with population, economic attributes, facility counts,
and SCI connections;

foreach policy scenario do
for v <— 1 to N Monte Carlo replications do
Reset all community states;
foreach decision interval t do
Population update (reduce by reported deaths):;
population;, = population;; 1 -g — D;4;
Connectivity update: adjust SCI;;; from interval population changes;
Hazard intensity:;
Cit _
population;;’
Vulnerability Index: compute VI, ; from local case burden C;; and

hazard;; =

connectivity-weighted exposure from socially connected communities;
Migration: compute flows along SCI connections as a
population-conserving redistribution, using the previous-interval
assisted population Pl.’ftsiifit in Equation (5);
Policy stance: classify each community using hazard intensity and VI; ;;
Assistance: allocate population and business assistance under the
selected policy scenario;
Economic update: compute capability, demand, and sufficiency;
Social cost: compute aggregated social cost from WTP weights and

facility counts;
end

Record simulation outputs for replication 7;
end

Aggregate results across all N replications;
end

Several safeguards keep the redistribution physically consistent with migration be-
havior observed in disaster settings [11,14]. Bounding the rate to [0, 1] prevents any single
transfer from exceeding the available source population at the time it is evaluated. Mi-
gration is applied sequentially, so once migrants move from an origin to a destination,
both populations update before the next transfer is computed, which prevents cumulative
outflows from driving a county below feasible levels during redistribution. All trans-
fers are within-network, so individuals leaving one county enter another SCI-connected
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county and remain in the regional system. Assistance influences migration through the
aid-adjustment factor, through the previous-interval assisted population subtracted in
Equation (5), and through subsequent changes in social cost and policy conditions; current-
interval assistance is computed after migration and therefore affects relocation only at the
following interval.

Together, the Vulnerability Index, the dynamic connectivity update, and the migra-
tion process define the mechanisms through which networked interactions drive system
evolution. They allow the model to represent local and non-local effects and to trace how
stress propagates across connected communities and how behavioral responses redistribute
population and risk over time.

3.3. Policy and Decision Mechanism

A centralized decision-making agent distributes assistance across communities at each
decision interval. The agent applies a set of predefined behavioral rules that represent
stylized decision environments in which allocation follows heuristics and institutional
priorities rather than a fully specified objective function. At each interval the agent evaluates
two indicators for every community: hazard intensity and the Vulnerability Index. Together
these characterize the observed stress level of a community. The static regimes do not
use these indicators to target individual communities; they hold one effectiveness posture
for all aided communities throughout the run. The adaptive regime alone uses the two
indicators to reclassify communities over time, as stated in Table 1.

Table 1. Adaptive Policy Classification Rules.

Condition Assigned Policy
Hazard; > Hazard or VI; > VI Risk-Averse
Hazard; < Hazard and VI; < VI Risk-Seeking
Three consecutive averse intervals Risk-Neutral

Under each static regime, every aided community receives the baseline capacity a and
the same regime-specific effectiveness band, so the regimes set how strongly that capacity
is converted into assistance rather than which communities are favored. The risk-averse
band is highest, the risk-neutral band intermediate, and the risk-seeking band lowest,
which produces progressively weaker mitigation of social burden across the three. These
regimes are behavioral strategies that enable systematic comparison of how the strength of
intervention shapes system outcomes, and they are not intended as optimal policies.

The adaptive regime adjusts allocation as system conditions evolve. At each interval it
reclassifies every community: a community whose hazard intensity or Vulnerability Index
exceeds the current system-wide mean receives a risk-averse posture and more aggressive
assistance, and a community below both means receives a risk-seeking posture and lower
assistance. A community held in the risk-averse posture for three consecutive intervals
is reassigned to a neutral posture, which prevents persistent over-prioritization of the
same locations.

Assistance enters the system through population support, business support, and the
resulting mitigation of service disruptions, which alter economic capacity and social cost
at later intervals and reshape migration incentives across the network. Holding external
conditions identical across scenarios isolates the effect of the decision logic itself on system
outcomes. Assistance is computed in three steps: each aided county starts from the same
intervention capacity, the policy regime sets how effectively that capacity converts into
support, and a random draw within the regime’s effectiveness range determines the realized
assistance for that county and interval. When aid is active, every aided county receives the
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same baseline intervention-capacity parameter 4, set to 2 = 1000 in the baseline scenario.
The parameter a is an abstract intervention-capacity value, not a count of individuals, so
the reported “People Assisted” figures are the estimated number of individuals reached
after capacity passes through this assistance function, summed across all aided counties;
this is why a per-county capacity of 2 = 1000 produces system-wide totals in the tens of
thousands. The no-aid scenario sets assistance to zero for every county.

The capacity pool is not divided among counties; each county draws on the full
parameter independently. The policy regime then fixes an assistance-effectiveness interval
[Lp, Up], which sets how strongly that capacity is converted into support:

[0.5,0.7], risk-averse,
[0.3,0.5], risk-neutral,
[0.1,0.3], risk-seeking,

0, no-aid.

[Lpr up} =

A higher interval means capacity converts into assistance more effectively. The risk-averse
regime therefore has the strongest effectiveness, applied uniformly to all aided counties,
and the risk-seeking regime the weakest. For each county i and interval ¢, a single draw
U(Ly, Up) is taken uniformly from the regime’s effectiveness interval. The assistance
computation is discretized into S sub-trials per interval, and the draw is converted into an
integer success count

Kiy = [S-U(Lp, Up)],

so K; ; of the S sub-trials deliver effective assistance and the remaining S — K; ; deliver only
a low baseline level. A higher effectiveness interval yields a larger K; ; and therefore more
effective support. Population assistance is the average over these S sub-trials of the support
delivered in each:

Ki+(Cisa+0.5(P;; — Cit)a) + (S — K;¢) (0.2 P; 4a)

PAi,t - S ’

where C;; is the number of new cases and P;; is the current county population. In a
successful sub-trial, the case population receives full support and the remaining population
receives partial support at coefficient 0.5; in an unsuccessful sub-trial, the whole population
receives only the low baseline coefficient 0.2. The corresponding number of individuals
effectively reached is

Plpjfsist — ’7Ki,t (Pi,t g Ci,t) 0.5 + (S - Ki,;) Pi,t 0.2 + Ci,t—‘

Business assistance is computed the same way, using an independent draw from the same
interval and county business counts in place of population.

3.4. Economic and Social Cost Evaluation with Simulation Design

The evaluation of system performance combines economic capacity modeling with
a unified social cost metric. The economic component represents baseline productive
capacity and demand, while the social cost formulation quantifies the burden associated
with disruptions to critical services. Economic conditions within each community are
represented using aggregate measures of capability, demand, and sufficiency. Capability
reflects the productive potential of a community based on its population and economic
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attributes, while demand represents the level of economic activity required to sustain
normal operations. For community 7 at time ¢, capability and demand are defined as

capability; , = population; ; - (1 — unemploymentRate;) - medianIncome;, (6)

demand;; = populationi,t - medianlncome; - growthFactor. (7)

The ratio of available resources to required demand is captured through a sufficiency measure,

capability; ; + businessAssist; ; + populationAssist, ,

sufficiency; , = 100, (8)

demand; ;
which indicates whether a community can maintain economic functionality given in-
ternal capacity and external assistance. The assistance terms businessAssist;; and
populationAssist; , are expressed on the same income-equivalent scale as capability so
that the ratio is dimensionally consistent.

The primary outcome measure of the framework is social cost, which quantifies the
burden imposed on a community due to disruptions in access to critical services. Social
cost is a weighted aggregation of service disruptions across facility categories, including
healthcare, retail, and food systems. For community 7 at time ¢,

socialCost; ; = [Z (facilityCountk/i -WTP; - T)} . (Pi,t — Pl.‘ffSiSt) Ay, )
k

where k indexes facility types, WT Py is the weight associated with each service category,
and T is the duration of the decision interval. The WTP; values act as relative weight-
ing coefficients that differentiate the social importance of service categories and do not
represent direct monetary valuations, which allows heterogeneous service disruptions to
be aggregated into a single comparable metric. Because the metric aggregates weighted
burden units across all facilities and the full residual exposed population without rescaling,
the social-cost values are large in absolute magnitude and carry no standalone units; they
are meaningful only in comparison across policy scenarios and intervals.

Aid enters social cost through the residual exposed population P; ; — PlfffSiSt, so counties
with larger effective assistance carry lower residual burden. This residual population is
then scaled by the aid-adjustment factor A;. Under active aid, A; = 1000/a, so the
baseline a = 1000 gives A; = 1.0. The no-aid scenario is treated as a separate branch:
the multiplicative form 1000/a does not apply, PlfffSiSt = 0 because no county receives
assistance, and the residual-burden factor is set directly to A; = 2.0 to represent unmitigated
disruption pressure. The factor A; is a model-based adjustment linking the remaining
exposed population and intervention capacity to social burden, and does not represent an
outage probability or a monetary discount.

4. Simulation Design and Case Study
4.1. Case Study Description

To demonstrate the applicability of the proposed framework, the model is instantiated
using a county-level case study of the state of Illinois. This setting provides a diverse set
of communities with varying demographic, economic, and connectivity characteristics,
enabling evaluation of policy behavior across heterogeneous conditions. The analysis spans
the period from March 2020 to May 2023, with the simulation implemented over bimonthly
decision intervals, resulting in approximately 20 time steps. This temporal structure allows
the model to capture both short-term fluctuations and longer-term system adjustments
under sustained external stress.
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The empirical instantiation integrates multiple data sources to parameterize the system.
Social connectivity between counties is derived from Meta’s SCI, which provides a network-
based measure of interaction intensity between geographically separated populations.
Hazard intensity is operationalized using observed COVID-19 case and death data obtained
from USAFacts [77], which serve as externally observed indicators of disruption. Socio-
economic attributes, including population, employment, and income characteristics, are
obtained from publicly available U.S. Census data [78]. These datasets collectively enable
the construction of a data-driven representation of community conditions while preserving
the general structure of the proposed framework.

County-level COVID-19 case and mortality data were obtained from USAFacts and
aggregated from daily observations to the bimonthly decision intervals used by the simu-
lation. This aggregation was performed to align the temporal resolution of the empirical
inputs with the decision-making structure of the model. To reduce the influence of re-
porting irregularities and uncertainty observed during the earliest stages of the pandemic,
the analysis period was restricted to portions of the dataset exhibiting more stable report-
ing behavior across Illinois counties. Because USAFacts occasionally contains delayed or
irregular county-level reporting during the earliest months of the pandemic, no attempt
was made to interpolate missing observations. Instead, reported values were aggregated di-
rectly within each bimonthly interval, which reduced the influence of short-term reporting
artifacts while preserving the observed temporal pattern of disruption. No epidemiological
forecasting or statistical smoothing procedures were applied beyond temporal aggregation
because the objective of the framework is comparative policy evaluation rather than recon-
struction of disease dynamics. Consequently, reported case observations were used directly
as exogenous disruption indicators within the simulation.

The Illinois case study provides a realistic and data-rich environment for evaluating
how different policy regimes influence system behavior across interconnected communities.
By maintaining consistent model structure and parameters across scenarios, the analysis
enables direct comparison of policy outcomes under identical external conditions, thereby
isolating the impact of decision logic on social cost, migration, and assistance distribution.

4.2. Parameterization

Model parameters are specified to keep conditions consistent across simulation scenar-
ios and to support controlled comparison of alternative policy regimes. All parameters are
held constant across scenarios unless explicitly varied, so differences in system outcomes
can be attributed to the underlying decision logic and not to exogenous variation in model
inputs. The parameters fall into three groups: weighting coefficients used in the social
cost formulation, network influence parameters, and behavioral assumptions governing
growth and migration. Table 2 summarizes the primary parameters used in the analysis.
The WTP values act as relative weighting coefficients that aggregate heterogeneous service
disruptions into a single comparable metric and carry no direct monetary interpretation.

The connectivity amplification parameter A = 0.5 supplies a moderate level of network
influence within the Vulnerability Index. Setting A to zero removes connectivity amplifica-
tion, and large values let neighboring high-risk communities dominate local vulnerability
calculations. The baseline value places network effects at a level that meaningfully shapes
vulnerability while leaving local disruption conditions controlling. The sensitivity analysis
in Section 5 shows that the principal policy conclusions hold across alternative values of
A. Migration behavior is governed by the county-specific baseline tendency B; and the
global responsiveness multiplier 7y that appear in Equation (4). The baseline tendency is
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read from the county-level migration attribute in the initialization file, base_migration;,

and transformed as . .
base_migration;

10 ’

which gives each county its own behavioral baseline for relocation rather than imposing

B =

(10)

a uniform rate across communities. The baseline tendency entering Equation (4) is the
risk-adjusted value

U(0.8,1.1), risk-averse,
By =Bimis,  7is~ { U(0.85,1.15), risk-neutral, (11)
U(0.9,1.2), risk-seeking,

so B; is scaled by a small stochastic factor set by the county’s current risk posture. With this
substitution, the migration rate R;;; in Equation (4) combinegvthe normalized hazard-
intensity difference Pos;; s, the normalized social-cost difference SC;;;, and B;, scaled by
and the aid-adjustment factor A;. The baseline multiplier is ¢y = 1.0, and the aid-adjustment
factor follows the implementation

2.0, no-aid policy or aid unavailable,
A = (12)
1000/a, otherwise,

with a the baseline intervention capacity of Section 3.3. The rate is bounded to [0,1] as
in Equation (4), and the migrant count along i — j follows Equation (5), with the result
floored to whole individuals in implementation.

Because migration behavior is context-dependent and difficult to calibrate consis-
tently across crisis settings, B; and <y are treated as stylized behavioral assumptions rather
than directly estimated parameters. The global sensitivity analysis varies the migration
multiplier across

v € {0.75,1.0,1.25}, (13)

to evaluate whether the relative policy conclusions remain stable under lower, baseline,
and higher responsiveness to disruption gradients.

The service-weighting coefficients WT Pyeqypy, = 85, WT Preygi = 55, and WTPyppq = 40
reflect the relative societal burden of disruptions to each service category. Healthcare carries
the highest weight because the resilience literature identifies healthcare systems as critical
societal infrastructure whose disruption propagates into public health and emergency
response capacity, with downstream economic consequences [79]. Interruptions in medical
access also bear directly on morbidity and mortality. Retail and food services carry substan-
tial weights for their contribution to economic continuity and daily community operations,
with disruption effects that are generally less immediate than healthcare outages. These
values are relative weighting coefficients rather than direct monetary willingness-to-pay
estimates; only their ratios affect the social-cost computation, so the absolute magnitudes
set an arbitrary common scale. Sensitivity analysis on the weights shows that the absolute
social cost magnitude shifts with the chosen values while the relative ranking of policy
scenarios holds, which supports the comparative conclusions.

These choices define a baseline scenario against which alternative assumptions are
evaluated. The robustness analyses show that absolute outcome magnitudes change under
alternative parameter settings while the relative ranking of policy regimes holds, indicating
that the primary conclusions do not hinge on any single parameter choice.
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Table 2. Sample Major Model Parameters and Selection Rationale.

Parameter

Description

Rationale

WTPyearsn, = 85

Relative weight for healthcare
services

Highest weight, reflecting the role of healthcare access in
community stability, emergency response capability, and public
health outcomes during prolonged disruptions.

WTPretait = 55

Relative weight for retail
services

Reflects the role of retail infrastructure in economic continuity
and access to essential goods, placed below healthcare in
relative importance.

WTPfppq = 40

Relative weight for food
services

Reflects the burden of disruptions to food access and supply,
treated as substantial and placed below healthcare-related
disruptions.

Connectivity-based risk
weighting parameter

Moderate amplification value that lets neighboring high-risk
communities influence vulnerability while leaving local hazard
conditions controlling.

g =102

Per-interval growth factor

Applied identically across all scenarios as a fixed reference
dynamic rather than an empirical population-growth estimate for
llinois. Because it enters every scenario equally, it does not affect
the relative ranking of policy regimes, which is the object

of comparison.

Migration scaling parameter

Global multiplier applied to the combined migration signal in
Equation (4), setting the overall responsiveness of relocation to
disruption gradients. The baseline value is 1.0; sensitivity testing
varies v € {0.75,1.0,1.25}.

Baseline county migration
tendency

County-specific term in Equation (4), set as
B; = base_migration;/10 from the initialization file and
adjusted by risk attitude at each interval.

a = 1000

Baseline resource allocation
level

Reference intervention capacity used across policy scenarios and
varied during robustness testing to evaluate sensitivity to
resource availability.

4.3. Simulation Procedure

The simulation is conducted over a sequence of discrete decision intervals spanning

the study period, with each interval representing a bimonthly update of system conditions.

For each scenario, the model is initialized using county-level demographic, economic,
and connectivity data, and the system state is reset at the beginning of each simulation run
to ensure consistency across replications.

At each decision interval, the system evolves through a structured sequence of up-

dates. First, community populations are adjusted to reported deaths. The hazard signal is

then updated using the exogenous input data, followed by recalculation of derived quan-

tities, including the Vulnerability Index and connectivity adjustments. Migration flows

are subsequently determined based on relative system conditions, allowing population

redistribution across communities. The centralized decision-making agent then allocates

resources according to the policy regime defined for the scenario, after which economic

indicators and social cost are computed for each community. This sequence captures the

dynamic interaction between system state, behavioral responses, and policy intervention.

To account for stochastic variability in migration behavior and resource allocation,

each scenario is evaluated using a Monte Carlo simulation approach. Specifically, a mini-

mum of n = 1000 independent replications are conducted per scenario. For each replication,

key outcome variables—including social cost, migration, assistance levels, and economic

sufficiency—are recorded at each decision interval. The stochastic elements of the model
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are the policy-effectiveness draw U(Ly, U, ) that sets the success count K; ;, the analogous
independent draw governing business assistance, and the risk-attitude migration multi-
plier #; ; that scales the baseline migration tendency in Equation (11); all are drawn from
uniform distributions over their policy-specific ranges. Each of the n = 1000 replications
per scenario uses an independent random stream, and deterministic inputs (case and death
series, facility counts, economic attributes) are held fixed across replications. Interval-
level confidence intervals are computed across replications at each decision interval, while
scenario-level intervals first collapse each replication across the simulation horizon and
then compute the interval across replications, so time points are not treated as independent
samples. Aggregated results are summarized using statistical measures such as mean val-
ues, confidence intervals, and interquartile ranges (see Section 5) The simulation procedure
follows the sequential update logic described in Algorithm 1.

5. Results
5.1. Robustness and Sensitivity Analysis

To evaluate whether the observed policy behavior remains stable under varying
modeling assumptions, a series of robustness and sensitivity experiments were conducted.
These experiments systematically altered core model parameters related to social cost
weighting, resource availability, intervention timing, connectivity structure, migration
dynamics, and growth assumptions. Across all experiments, outcomes were evaluated
using mean social cost aggregated across Monte Carlo replications (n = 1000 per scenario).
The relative ordering of policy performance held across configurations, with the risk-averse
regime producing the lowest social cost in nearly every tested case. Adaptive allocation
did not improve on the simpler risk-averse policy despite its greater decision complexity.
The observed policy effects therefore followed from the broader dynamics of the framework
and did not depend on any single parameter selection.

Vulnerability Index Threshold Sensitivity. The Vulnerability Index uses the binary indi-
cator H;; to identify whether a neighboring community is experiencing elevated hazard
intensity. In the baseline specification, this indicator is defined relative to the system-
wide median hazard intensity at each decision interval. To evaluate whether the reported
policy conclusions were sensitive to this median-based threshold, the model was re-run
using alternative high-hazard thresholds at the 60th, 75th, and 90th percentiles. Table 3
summarizes the resulting policy stability across these threshold definitions. As expected,
increasing the threshold used to define H;; reduced the mean Vulnerability Index because
fewer neighboring counties were classified as high-hazard contributors to network expo-
sure. However, the full policy ranking remained unchanged across all tested thresholds.
In each case, the risk-averse regime produced the lowest mean social cost, followed by
the adaptive, risk-neutral, risk-seeking, and no-aid scenarios. This indicates that the main
policy conclusion is robust to the selected high-hazard threshold and is not an artifact of
the original median-based Vulnerability Index specification.

Table 3. Policy ranking stability under alternative Vulnerability Index hazard-threshold definitions.

VI Threshold Mean VI Best Policy Best Policy Full Ranking
Unchanged? Unchanged?

60th percentile 2224.34 Risk-Averse Yes Yes

75th percentile 2090.17 Risk-Averse Yes Yes

90th percentile 1945.02 Risk-Averse Yes Yes

WTP Robustness Analysis. The WTP weighting structure influenced the computation of
social cost by modifying the relative importance assigned to healthcare, retail, and food sys-
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tems. To evaluate whether policy outcomes were sensitive to these assumptions, alternative
weighting schemes were examined, including equal-weight settings, healthcare-dominant
weighting, and food-dominant weighting. In Figure 2, the x-axis represents the alterna-
tive service-weighting configurations used within the social cost formulation, including
the baseline weighting structure, equal weighting across service categories, healthcare-
dominant weighting, and food-dominant weighting. The y-axis represents the mean social
cost aggregated across all Monte Carlo replications for each policy regime, where lower
values indicate reduced cumulative disruption burden across the modeled communities.
Figure 2 showed that changes in WTP priorities altered the absolute magnitude of social
cost but did not change the relative ordering of the policy regimes. Across all weighting con-
figurations, the risk-averse strategy consistently produced the lowest social cost, whereas
the no-aid baseline generated substantially higher values. Under healthcare-dominant
weighting, overall social cost increased across all scenarios because disruptions to medical
infrastructure received higher penalties. Food-dominant weighting produced lower overall
cost magnitudes than the healthcare-focused settings. Because the policy ordering held
across every weighting configuration, the comparative performance of the regimes was
insensitive to the selected weighting structure, which matters here because the WTP values
are illustrative coefficients and not empirically calibrated economic valuations.

WTP Robustness

2.75 x 106 4
2.5 x 10% A
2.25x 1004

16
2x10 Policy

—&— Risk Averse
1.75x 1016 4 Adaptive

—&— Risk Neutral
—&— Risk Seeking
15x10% ~#— No Aid

1.25x 1016

1x10% / —e
ﬁ/

Mean Social Cost (raw model burden units)

7.5 x 10%5 4

WTP Setting

Figure 2. Mean social cost across alternative WTP weighting configurations.

Aid Stress Testing. To evaluate sensitivity to intervention capacity, the per-county capacity
parameter a was varied across three levels: a = 500, 2 = 1000, and a = 2000. This parameter
is applied to each aided county rather than divided from a shared regional pool, so it sets
per-county intervention capacity, not a total budget. In Figure 3, the x-axis represents
the per-county capacity parameter a in effect during each simulation interval, with 500,
1000, and 2000 corresponding to low-, moderate-, and high-capacity scenarios. The y-axis
represents the mean social cost aggregated across all Monte Carlo replications, where
lower values indicate greater overall system resilience. Figure 3 presents the resulting
social cost outcomes across the evaluated policy regimes. The results demonstrated a
strong inverse relationship between available aid and system-wide social cost. Increasing
aid availability substantially reduced social cost across all intervention-based strategies,
whereas the no-aid baseline remained unchanged because no assistance was allocated
under that scenario. Under low-budget conditions, the differences among intervention
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policies became more pronounced, with the risk-averse allocation strategy producing the
largest reduction in social burden relative to the alternative regimes. The reduction in social
cost also exhibited diminishing marginal effects as aid availability increased. The transition
from 500 to 1000 units of aid produced a substantially larger reduction in social cost than
the transition from 1000 to 2000. This diminishing pattern follows in part from the reciprocal
aid-adjustment factor A; = 1000/a, which scales social cost inversely with 4, so the change
from 500 to 1000 moves A; from 2.0 to 1.0 while the change from 1000 to 2000 moves it only
from 1.0 to 0.5. The model does not separately represent the progressive satisfaction of
critical needs, so the result is read as a property of the capacity-scaling specification rather
than as an independently estimated saturation effect.
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2.25 x 101 A
m
h=
S 2x10m]
c
[9]
B
S 1.75 x 101 A
o
g Policy
o 1.5x10%4 —8— Risk Averse
g Adaptive

—&— Risk Neutral
© 1.25x10°+
= —— Risk Seeking
*g =~ No Aid
O 1x10%*
©
3
v 7.5x10%
c
©
9]
= 5x10%%4
N N N
N N N
N Q
-b/;) A Pid
S & &
Aid Budget

Figure 3. Mean social cost under varying aid levels.

Intervention Timing Sensitivity. Intervention timing represented an important factor
in the crisis response process because delayed action allowed stress conditions to prop-
agate across interconnected communities before mitigation measures were introduced.
To evaluate this effect, aid allocation was delayed by multiple decision intervals prior to
intervention. In Figure 4, the x-axis represents the number of delayed decision intervals
before aid distribution begins. A value of “Delay = 0 Intervals” indicates that intervention
started immediately at the onset of the disruption, whereas “Delay = 2 Intervals” and
“Delay =5 Intervals” indicate that aid allocation was postponed for two and five simulation
decision intervals, respectively. The y-axis represents the mean social cost aggregated
across all Monte Carlo replications. As shown in Figure 4, delayed intervention consistently
increased social cost across all policy regimes. Immediate intervention (0-interval delay)
produced the lowest observed social cost, whereas delays of two and five intervals pro-
gressively worsened overall system outcomes. The no-aid baseline remained unchanged
because intervention was never initiated under that scenario. The widening separation
among the policy trajectories showed that delayed response let vulnerability and migration
pressure intensify before corrective action took effect, an effect most pronounced in the
risk-seeking and neutral regimes. The risk-averse strategy held the lowest social cost across
all timing conditions, though its advantage narrowed as delays grew. The magnitude of
these timing effects was comparable to that of total aid availability, particularly in highly
connected environments where stress propagated quickly across communities.

Network Ablation Experiments Social connectivity is a central mechanism in the frame-
work for representing inter-community influence and migration. Two ablation experiments
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isolated its contribution to system behavior: connectivity amplification was removed by
setting A = 0, and the SCI-based weights were replaced with uniform connectivity across
communities. In Figure 5, the x-axis gives the connectivity assumption applied in the
Vulnerability Index calculation. “Full” denotes the complete SCI-based structure, “Lambda
Zero” sets A = 0, and “Uniform” replaces the SCI weights with equal values across com-
munities. The y-axis gives mean social cost aggregated across Monte Carlo replications.
The relative ordering of the policy regimes held across all three configurations, and the so-
cial cost of the intervention-based strategies varied only modestly whether the full network,
uniform connectivity, or no amplification was applied.
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Figure 4. Mean social cost under varying intervention delay intervals.
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Figure 5. Mean social cost under alternative network connectivity assumptions.

These ablations also bear on the choice of threshold for H; ;. Setting A = 0 collapses
the connectivity factor in Equation (2) to one, so the Vulnerability Index reduces to the
local case burden C;; and the neighbor-hazard contribution vanishes; replacing the SCI
weights with uniform values keeps the indicator but removes the heterogeneous weighting
that scales each neighbor’s contribution. Both are stronger perturbations of the exposure
mechanism than a shift in the median threshold, yet the policy ranking held under each,
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so the comparative conclusions do not depend on the specific exposure classification,
including the median that defines H; ;, or on the specific connectivity weighting. The SCI
component still captures the non-local interactions and migration-driven redistribution
that would otherwise be absent from the model, and the interpretation of this result for the
role of social connectivity is developed in Section 6.

Global Parameter Sensitivity. A broader sensitivity analysis was conducted by simul-
taneously varying multiple model parameters, including the connectivity amplification
coefficient (A), migration multipliers, growth factors, and baseline aid levels. In Figure 6,
the x-axis represents the parameter configurations evaluated during the global sensitivity
analysis, including variations in A, migration multipliers, growth factors, and baseline
aid levels. The y-axis represents the mean social cost aggregated across all Monte Carlo
replications. Each plotted point corresponds to the average system-wide social cost under
the specified parameter configuration. Figure 6 showed that variations in A, migration
multipliers, and growth factors produced comparatively smaller changes in social cost
than variations in aid allocation levels. Baseline aid availability generated the largest
shifts in system outcomes across all evaluated policy regimes, while migration and connec-
tivity parameters affected behavior to a limited extent relative to the intervention-based
effects. The no-aid scenario stayed comparatively stable across all configurations, since in
the absence of intervention system behavior followed the exogenous hazard conditions.
The risk-averse regime maintained the lowest social cost across every parameter variation.

Parameter Sensitivity
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Figure 6. Global parameter sensitivity analysis across multiple model assumptions.

Key Insights. These experiments showed that the relative performance of the policy
regimes held across a broad range of modeling assumptions and parameter configurations.
The risk-averse strategy consistently produced the lowest or near-lowest social cost regard-
less of variations in weighting structures, aid availability, intervention timing, network
connectivity assumptions, or global parameter settings. Although the absolute magnitude
of system outcomes varied across experimental conditions, the comparative ordering of the
policy regimes remained highly consistent throughout the analysis. The sensitivity experi-
ments further indicated that the observed effectiveness of proactive intervention was not
strongly dependent on any single parameter specification or modeling assumption. Several
recurring behavioral patterns also emerged across the experiments, including diminishing
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marginal reductions in social cost at higher aid levels, substantial sensitivity to interven-
tion timing, and comparatively lower sensitivity to migration and connectivity scaling
parameters. These patterns suggested that the dominant system behavior was influenced
more strongly by intervention structure than by secondary parameter variation within
the explored parameter space. Across the robustness analysis, the framework behaved
consistently, and early, proactive allocation produced more resilient system behavior under
sustained external stress.

5.2. Temporal and Aggregate Policy Effects

To examine how alternative policy regimes influenced system evolution, a controlled
simulation experiment was conducted across multiple scenarios under identical initial
conditions, parameter settings, and exogenous inputs. Each scenario represented a distinct
allocation strategy, enabling direct comparison of how different decision logics shaped
system behavior over time. Time-series trends for social cost, migration, and popula-
tion assistance were analyzed across all scenarios using Monte Carlo simulation outputs
(n = 1000), with uncertainty represented through 95% confidence intervals.

In Figure 7, the x-axis represents the sequential bimonthly decision intervals spanning
March 2020 through May 2023, while the y-axis represents the mean cumulative social cost
aggregated across Monte Carlo replications. Lower values indicate reduced disruption
burden and greater overall system stability. Figure 7 illustrated the temporal evolution
of social cost across policy regimes. A clear separation between scenarios emerged early
in the simulation and persisted throughout the study horizon. The risk-averse regime
consistently produced the lowest social cost across all decision intervals, while the no-aid
baseline yielded the highest values. These results suggested that applying the highest-
intensity intervention posture from the outset reduced the accumulation of system stress
over time, whereas limited or absent intervention allowed disruption effects to propagate
across the connected system.
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Figure 7. Mean Social Cost Across Policy Scenarios (95% CI).

In Figure 8, the x-axis represents the sequential bimonthly simulation decision inter-
vals, while the y-axis represents the average number of individuals relocating between com-
munities during each interval. Higher values indicate increased population displacement
in response to elevated system stress. Figure 8 presented migration dynamics across policy
scenarios. The no-aid condition resulted in the highest levels of population movement,
indicating stronger relocation responses under elevated stress conditions. All intervention
regimes reduced migration substantially relative to no-aid, which indicates that sustained
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intervention stabilized local conditions and lowered mobility-driven responses, with differ-
ences among the intervention regimes comparatively small. Across all scenarios, realized
migration stayed a small fraction of total regional population, on the order of a fraction of
one percent per interval, so the mechanism did not generate implausibly large displacement.
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Figure 8. Migration Across Policy Scenarios (95% CI).

In Figure 9, the x-axis represents the sequential bimonthly simulation decision inter-
vals, while the y-axis represents the average number of individuals receiving assistance
across all Monte Carlo replications. Higher values indicate greater levels of policy-driven
intervention and aid distribution. Figure 9 showed the evolution of population receiving
assistance across policy regimes. The risk-averse scenario consistently delivered the high-
est level of assistance throughout the simulation horizon, while risk-seeking and no-aid
strategies provided substantially lower levels of support. The relatively stable separation
between assistance trajectories indicated that the observed policy effects emerged from
sustained differences in allocation behavior rather than isolated short-term fluctuations.
Across the temporal results, the higher-intensity intervention postures produced more
stable system behavior over time and delivered more assistance system-wide; under the
static regimes this reflects a stronger effectiveness posture applied uniformly to all aided
counties rather than spatial targeting of the most vulnerable.

To quantify the overall magnitude of policy effects, outcomes were also aggregated
across all decision intervals and Monte Carlo replications. Table 4 summarizes the av-
erage system behavior associated with each policy regime under identical experimen-
tal conditions.

The aggregate results quantified substantial differences in system performance across
policy regimes. Among the intervention regimes, the risk-averse posture produced the
lowest social cost and the highest assistance. Relative to the no-aid baseline, the risk-
averse social cost is approximately 69% lower and intervention migration is approxi-
mately 49% lower, but both no-aid gaps are partly mechanical: the no-aid scenario applies
Ay = 2.0 against A; = 1.0 for active aid, which doubles the no-aid residual-burden factor in
Equation (8) and the no-aid migration rate in Equation (4) before any assisted-population
effect. The among-intervention comparisons, which all share A; = 1.0, isolate the be-
havioral effect and are the basis for the policy conclusions. The adaptive, risk-neutral,
and risk-seeking regimes showed comparatively similar outcome ranges despite their
differences in allocation behavior. Economic sufficiency remained relatively stable across
all scenarios, indicating that short-term system instability was driven more strongly by
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disruption propagation and migration dynamics than by large variations in aggregate
economic capacity. The no-aid sufficiency interval rounds to zero because no assistance
or unemployment-mitigation effects are introduced in that scenario, leaving sufficiency
nearly deterministic under the fixed exogenous input trajectory. The sufficiency intervals
for the intervention scenarios are likewise very small because sufficiency is dominated by
the deterministic capability and demand terms. Migration differs only marginally across
the four intervention regimes because the dominant drivers, the exogenous hazard and
social-cost gradients, are common to all of them, while the regime enters the migration rate
only through the smaller risk-attitude multiplier #; ; and the shared aid-adjustment factor.
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Figure 9. Population Assistance Across Policy Scenarios (95% CI).

Table 4. Scenario-level summary of model outcomes across Monte Carlo replications.

S . Social Cost Migration People Assisted Sufficiency
cenario (Mean =+ 95% CI) (Mean +95% CI) (Mean 3= 95% CI) (Mean = 95% CI)

No Aid 2.304 x 1016 +£3.223 x 1011 30,802.02 +2.39 0.00 4 0.00 95.28 + 0.000000

Adaptive 7.482 x 1015 £2.497 x 1012 15,674.95 +1.43 43,737.97 + 11.80 95.83 + 0.000070

Risk Averse  7.195 x 101> £2.501 x 102 15,730.28 +1.38 49,728.94 +11.79 96.01 =+ 0.000044
Risk Neutral ~ 7.870 x 10> 4+ 2.487 x 1012 15,695.18 + 1.35 42,363.85 + 11.76 95.89 + 0.000044
Risk Seeking ~ 8.539 x 10!° £2.487 x 102 15,658.60 & 1.24 35,035.33 4+ 11.74 95.77 4 0.000044

To evaluate whether the observed differences between policy regimes were statis-
tically meaningful, pairwise comparisons were conducted by bootstrap resampling of
the scenario-level replication outcomes, drawing 10,000 resamples per comparison; the
reported 95% confidence intervals and p-values in Table 5 are derived from the result-
ing bootstrap distribution of the mean difference. Although the differences among the
intervention-based policies were substantially smaller than the difference between any
intervention policy and the no-aid baseline, all pairwise comparisons reached statistical
significance. With n = 1000 replications and deliberately separated effectiveness bands, this
significance primarily reflects the internal stability of the simulation under its assumptions
rather than evidence of real-world policy difference, and it should be read alongside the
effect sizes in Table 4.

Three structural patterns emerged from the simulation results. First, the Vulnerability
Index varied only modestly across scenarios, which indicates that vulnerability tracked ex-
ogenous disruption intensity and the underlying network structure more than the policy in
force, with policy effects surfacing downstream through migration dynamics and assistance
distribution. Second, economic sufficiency held steady even where social cost and migra-
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tion differed sharply, which locates the short-term instability in disruption propagation
and population mobility rather than in aggregate economic capacity. Third, the adaptive
regime did not outperform the risk-averse strategy; the direct comparison in Table 5 shows
the adaptive regime carried significantly higher social cost than the risk-averse regime, so
within the modeled system the added policy complexity yielded no gain over a consis-
tently applied strong intervention posture, which was enough to stabilize interconnected
community dynamics under sustained external stress.

Table 5. Pairwise comparisons for mean social cost across different policy scenarios.

Comparison Mean Difference 95% CI p-Value Significant
Risk Averse vs. Risk Neutral —6.746 x 1014 [—6.781 x 1014, —6.711 x 1014] <0.001 Yes
Risk Averse vs. Risk Seeking —1.344 x 101 [—1.347 x 10'°, —1.340 x 10'%] <0.001 Yes
Risk Averse vs. No Aid —1.585 x 10'° [-1.5855 x 10%, —1.5849 x 10'¢]  <0.001 Yes
Risk Averse vs. Adaptive —2.861 x 1014 [—2.870 x 104, —2.840 x 10'4] <0.001 Yes
Adaptive vs. Risk Neutral —3.880 x 1014 [—3.916 x 10'%, —3.845 x 101¢] <0.001 Yes
Adaptive vs. Risk Seeking —1.057 x 101 [-1.061 x 10'°, —1.054 x 10'°] <0.001 Yes

6. Discussion

The findings of this study indicate that intervention structure plays a central role
in shaping regional resilience outcomes during prolonged disruptions. Across all exper-
imental settings, proactive and risk-averse allocation strategies consistently produced
lower social cost than reactive or no-intervention approaches. More importantly, this rela-
tive ordering remained stable under substantial variation in aid availability, intervention
timing, weighting assumptions, migration parameters, and network connectivity struc-
tures. Such consistency suggests that the observed policy behavior was not driven by
isolated parameter choices, but instead reflected persistent characteristics of the modeled
response dynamics.

One noteworthy finding is that the adaptive policy did not consistently outperform
the simpler risk-averse allocation strategy. Although the adaptive regime continuously
adjusts its prioritization decisions in response to evolving hazard and vulnerability condi-
tions, the results suggest that rapid and consistent intervention may be more important
than dynamic reassessment in this particular context. Because the adaptive policy period-
ically reallocates attention away from previously prioritized communities as conditions
change, assistance may become distributed more broadly across the system before the
most vulnerable locations fully stabilize. The static risk-averse strategy instead applies
the highest effectiveness posture uniformly to all aided communities for the full horizon,
which sustains a higher assistance level system-wide and yields lower overall social cost
across most experimental conditions. This finding suggests that under prolonged disrup-
tion, consistency of intervention may provide greater resilience benefits than increased
policy complexity.

One of the most important observations emerging from the analysis concerns the
role of intervention timing. Delays in aid deployment consistently amplified system-wide
social burden, particularly in highly connected environments where migration and inter-
community influence accelerated the propagation of stress conditions. In practical terms,
the results imply that emergency response effectiveness depends not only on the quantity
of available resources, but also on how rapidly those resources can be mobilized and dis-
tributed. Even relatively moderate delays allowed vulnerability conditions to accumulate
across connected communities before mitigation measures became active. This behav-
ior highlights the operational importance of pre-positioned resources, adaptive logistics
planning, and rapid coordination mechanisms during the early stages of disruption.
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The aid experiments revealed a similarly important pattern. Although increasing aid
availability reduced social cost across all intervention-based policies, the rate of improve-
ment declined at higher resource levels. The largest reductions in social burden occurred
during the transition from severely constrained aid conditions to moderate resource avail-
ability, whereas additional increases beyond that point produced comparatively smaller
improvements. This diminishing-return behavior suggests that resilience gains are strongly
associated with the ability to stabilize critical needs early in the disruption cycle. For policy-
makers operating under fiscal or logistical constraints, the findings indicate that improving
allocation efficiency and prioritization strategy may generate greater system-level benefit
than simply increasing total resource expenditure.

The study also demonstrated the importance of representing interconnected regional
dynamics within crisis-response models. Traditional aid-allocation frameworks frequently
evaluate communities independently, implicitly assuming that disruptions remain spatially
localized. The proposed framework instead modeled migration-driven redistribution ef-
fects and inter-community influence through the SCI-based connectivity structure. The net-
work ablation experiments showed that the relative policy ordering remained stable across
alternative connectivity assumptions, so the connectivity mechanisms shape where and
how disruption propagates across communities without altering the comparative ranking
of allocation strategies. Such effects are particularly relevant in real-world disruptions
where population displacement, infrastructure outages, and resource shortages propagate
across neighboring regions rather than remaining confined to a single locality.

The network ablation experiments yield a further insight. The SCI-based connectivity
structure shapes migration pathways, vulnerability propagation, and the spatial distribu-
tion of disruption, yet the ranking of policy performance held when alternative connectivity
assumptions were introduced. Social connectivity therefore operates as a moderating mech-
anism within the framework and not as the dominant driver of resilience outcomes: it
governs how disruption spreads and which communities absorb secondary effects, while
the effectiveness of a given intervention strategy depends more strongly on allocation
posture, intervention timing, and resource availability. The network component contributes
explanatory detail about where and when burden accumulates, and the stability of the
rankings across specifications indicates that the advantage of proactive intervention reflects
a system-level characteristic of the model rather than a feature of the SCI formulation.

From a managerial perspective, the framework provides several practical insights
for emergency managers and resilience planners. First, the consistent performance of the
risk-averse strategy suggests that applying a strong intervention posture early and uni-
formly may substantially reduce aggregate regional burden during prolonged disruptions;
under the adaptive regime, which alone targets by hazard and vulnerability, the same level
of targeting did not improve on this uniform posture. Second, the strong sensitivity to
intervention timing indicates that investments in rapid deployment capability, emergency
coordination infrastructure, and decentralized resource staging may produce significant
resilience benefits even when total aid availability is limited. Third, the relatively lower
sensitivity to migration and connectivity scaling parameters suggests that intervention
structure and operational prioritization exert stronger influence on overall system perfor-
mance than secondary behavioral assumptions within the explored parameter space.

Beyond emergency response operations, the framework may also support broader
resilience-oriented planning applications. Because the modeling environment captures cas-
cading stress propagation and migration-driven redistribution dynamics, it may, with fur-
ther validation, be adaptable to disaster-relief coordination, emergency shelter allocation,
healthcare resource distribution, evacuation planning, infrastructure restoration priori-
tization, and regional recovery strategies. The framework is intended for disruptions
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characterized by prolonged cascading effects, including hurricanes, wildfires, prolonged
utility outages, climate-related displacement events, and large-scale supply-chain disrup-
tions. In such settings, localized intervention decisions frequently generate secondary
consequences across interconnected regions, making system-wide evaluation increasingly
important for policy development.

These results should be read in light of the framework’s intended scope. The model is
a controlled simulation environment for comparing the relative performance of allocation
strategies under common disruption conditions, and its outputs are meaningful as com-
parisons across policy regimes rather than as forecasts of realized social cost, migration,
or assistance for any specific event. Within that scope, the study demonstrated that integrat-
ing interconnected social dynamics with intervention-oriented policy modeling can provide
meaningful insight into regional resilience behavior under sustained external stress.

7. Conclusions, Limitations, and Future Research Directions

This study presented a simulation-based framework for evaluating crisis-response
and aid-allocation strategies under conditions characterized by interconnected social stress,
migration-driven redistribution, and cascading regional disruption. The framework is
intended as a controlled environment for comparing allocation strategies under common
disruption conditions rather than as a predictive or operational planning tool. Within this
scope, the model isolates the effect of decision logic by holding external disruption inputs
constant across scenarios, so its outputs are meaningful as comparisons across policy
regimes rather than as forecasts of realized social cost, migration, or assistance for any
specific region or event. The reported social-cost, migration, and assistance values therefore
support conclusions about the relative ordering of allocation strategies and the conditions
under which each performs best, and they are not intended as absolute estimates for a
particular hazard. By integrating aid allocation dynamics, inter-community connectivity,
migration behavior, and infrastructure-sensitive social cost modeling within a unified
simulation environment, the study provided a mechanism for analyzing how intervention
structure and timing influence regional resilience outcomes during prolonged disruptions.

From a theoretical perspective, the study contributed to the growing body of resilience
and crisis-response literature by explicitly incorporating interconnected community dy-
namics into the evaluation of intervention policies. Where conventional allocation models
frequently assess communities independently, the proposed framework captured how
localized disruptions propagated through migration and influence mechanisms across
connected regions. The results demonstrated that policy effectiveness cannot be evaluated
solely through localized outcomes because intervention decisions generated secondary
redistribution effects throughout the broader system. The study therefore extended existing
resilience-oriented modeling approaches by emphasizing the importance of cascading re-
gional interactions in shaping system-wide social burden under sustained stress conditions.

The study also contributed to the practical understanding of crisis-response policy
design and emergency management planning. Across all robustness and sensitivity experi-
ments, proactive and risk-averse intervention strategies consistently produced lower social
cost than reactive or no-aid approaches. The findings further demonstrated that interven-
tion timing exerted substantial influence on system performance, particularly within highly
connected environments where vulnerability conditions propagated rapidly across com-
munities. The aid experiments also revealed diminishing marginal improvements at higher
resource levels, suggesting that effective prioritization and early deployment may provide
greater resilience benefit than simply increasing total aid availability. These findings pro-
vide actionable insights for emergency managers, resilience planners, and policymakers
seeking to design resource-allocation strategies under constrained operational conditions.
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The framework is designed for potential transferability across a range of disruption
contexts in which cascading regional interactions influence recovery behavior. Potential
applications include disaster-relief coordination, emergency shelter allocation, health-
care resource distribution, evacuation planning, infrastructure restoration prioritization,
and regional resilience assessment under hurricanes, wildfires, prolonged utility outages,
supply-chain disruptions, and climate-related displacement events. Because the frame-
work captures interconnected migration and stress-propagation dynamics, it is intended to
support evaluation of policy behavior in large-scale disruptions where localized decisions
generate broader regional consequences, pending validation in those settings.

Several limitations nevertheless define the scope of the present study and motivate
future research. The migration and social influence mechanisms adopted in the frame-
work were intentionally stylized and were not calibrated using region-specific empirical
behavioral datasets. Similarly, the WTP weighting structure represented relative infras-
tructure importance rather than empirically validated economic valuation. The Social
Connectedness Index is derived from Facebook friendship ties and under-represents older,
lower-income, and less digitally connected populations; because these groups are often
among the most vulnerable, the connectivity-weighted component of the Vulnerability
Index may understate their networked exposure, which qualifies the interpretation of
the network-mediated term and its use in prioritization. The connectivity update in
Equation (3) adjusts SCI weights with population change but holds the network topology
fixed across the simulation horizon, so the set of inter-county ties does not itself evolve,
and the weight update is a modeling approximation rather than an empirically estimated
change in social connectedness. Real-world disruptions also alter transportation accessibil-
ity, communication infrastructure, and mobility behavior in ways the present formulation
does not capture. The framework also does not impose a shared regional budget constraint
of the form } ; a;; < B;: each aided county receives the baseline capacity a independently, so
the regimes differ in how effectively capacity is converted into assistance rather than in how
a scarce common pool is divided among competing counties. The comparison is therefore
one of allocation posture and effectiveness rather than constrained allocation under a fixed
budget, and incorporating an explicit budget constraint with county-level decision variables
is an important extension. In addition, the analysis focused on comparative policy behavior
under synthetic stress scenarios rather than operational forecasting for a specific geographic
region or disaster event. The present study demonstrates the framework using a single em-
pirical setting, county-level COVID-19 data for Illinois, and transferability to other hazard
types such as hurricanes, wildfires, infrastructure outages, and supply-chain disruptions
remains a design goal to be validated with case studies specific to those contexts.

Future research may extend the framework in several directions. Incorporating empiri-
cally calibrated mobility and demographic datasets would improve the realism of migration
and redistribution dynamics. Network topology adaptation, in which inter-county ties form
or dissolve as infrastructure accessibility changes during a disruption, could extend the
fixed-edge structure used here. Additional extensions may include stochastic hazard evolu-
tion, multi-agent coordination behavior, adaptive intervention strategies, and integration
with real-time infrastructure and mobility data streams. Further work may also examine
competing policy objectives, equity-oriented allocation mechanisms, and cross-regional
coordination strategies under uncertain resource availability.
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