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Abstract

In the context of public health emergencies (PHEs), conventional static indicators are insuf-
ficient for capturing the dynamic supply—demand relationship of emergency medical care.
Grounded in adaptive cycle theory, this study proposes a integrated analytical framework
that sequentially integrates supply baseline identification, disturbance impact simulation,
mismatch diagnosis, and zoning-based response optimization. Taking 475 communities
and 18 major designated hospitals in the Changsha metropolitan area as the empirical
case, we integrate AHP-CRITIC evaluation, the SEIQRDP-SG model, and the 3SFCA-SMI
method to identify the spatial mismatch of emergency-bed supply and demand and to
delineate planning response zones. The results show that: (1) emergency-bed supply
exhibits marked agglomeration and quasi-Pareto polarization, with the top three districts
accounting for 75.83% of effective emergency beds; (2) under the core scenario of Ry = 5 with
moderate intervention, peak bed demand in the metropolitan area reaches approximately
7835 beds around day 21, with high-demand communities emerging in high-density and
high-mobility areas; and (3) although the overall supply-demand ratio is 1.34, 78% of
communities cannot reach any designated hospital within 15 min, and the supply-demand
pattern forms a compound spatial structure characterized by “central carrying, transitional
mismatch, and peripheral weakness”. These findings indicate that the primary constraint
on emergency medical resilience lies not in aggregate bed shortages alone, but in structural
spatial mismatch jointly shaped by effective supply, dynamic demand, and transfer-time
constraints. This study extends emergency medical facility evaluation from static assess-
ment to dynamic matching and provides evidence for the layout of resilient “dual-use”
medical facilities for routine and emergency conditions.

Keywords: adaptive cycle; emergency medical care; designated hospital; SEIQRDP-5G;
supply—-demand matching; spatial accessibility; Changsha

1. Introduction

Public health emergencies (PHEs) impose pressures on urban healthcare systems that
exceed routine service capacity and operational logic [1]. Such events have demonstrated
that an adequate static aggregate supply of urban medical resources does not necessarily
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translate into effective accessibility or equitable allocation under sudden disturbances [2—4].
Rapid short-term increases in infected individuals, quarantined populations, and hospital-
ization demand may transform an originally stable healthcare service network into a highly
dynamic supply—demand coupling system. In some areas, risks of healthcare system over-
load may emerge due to the combined effects of concentrated bed resources, constraints on
patient transfer, heterogeneous population exposure, and overlapping demand peaks [5,6].
To address challenges to urban resilience, the Chinese government introduced the strategy
of “dual-use for routine and emergency conditions” infrastructure in 2023 [7], explicitly
requiring medical facilities to reserve emergency response capacity while fulfilling routine
service functions. Within China’s hierarchical and classified emergency medical treatment
system [8,9], primary healthcare institutions (PHCIs) are responsible for monitoring, early
warning, and referral coordination; Fangcang shelter hospitals or temporary treatment
facilities are used to admit mild cases; and designated hospitals are assigned the central
role of treating critically ill patients [10]. Among these facilities, designated hospitals serve
as core nodes for critical-care resources. Their ability to match available capacity with surge
demand directly determines the surge-capacity ceiling of the urban emergency healthcare
system [11-13]. However, existing planning frameworks still tend to evaluate such facilities
mainly through static aggregate resource coordination, while paying insufficient attention
to the dynamic response capacity and spatial mechanisms through which facility quantity
is transformed into emergency timeliness under sudden disturbances [14,15].
Supply-demand matching (SDM) of medical facilities has long been an important
topic in health geography, urban planning, and public health research [16]. Traditional
assessments often relied on provider-to-population ratios and aggregate indicators, such
as the numbers of hospital beds, physicians, and medical resources per capita. However,
these measures cannot adequately capture spatial impedance or competition for limited
healthcare services [17]. With advances in geographic information system (GIS)-based
spatial analysis, the two-step floating catchment area (2SFCA) method has become a fun-
damental approach because it jointly considers healthcare supply, population demand,
and travel-time catchments [18]. Nevertheless, conventional 2SFCA assumes uniform
accessibility within a catchment and fixed catchment boundaries and may overestimate
demand when the service areas of multiple facilities overlap [19]. To address these is-
sues, subsequent studies introduced distance-decay weighting [20] and variable catchment
sizes [21,22], while others incorporated dynamic travel times [23,24] or facility config-
uration effects (M2SFCA) [25]. To explicitly tackle the overlap-induced overestimation,
Wan et al. proposed the 3SFCA method with a competition-adjustment step [26]. Later
Hulff-based extensions added travel impedance and facility attractiveness to represent prob-
abilistic choice [27]. Building on these, the MH3SFCA method integrates Huff interaction
probabilities with continuous distance decay to better capture patient choice behavior [28].
Unlike routine healthcare settings, acute infectious-disease outbreaks such as COVID-
19 can rapidly reshape the spatial relationship between healthcare supply and demand.
Accordingly, research has gradually expanded from routine accessibility assessment to
emergency healthcare accessibility and equity during PHEs, including dynamic accessibility
to intensive care unit (ICU) beds, temporary healthcare facility location, and resource alloca-
tion during epidemic peaks [14,29,30]. Existing studies have demonstrated that healthcare
accessibility under PHEs is inherently dynamic rather than static. In such contexts, pa-
tients are typically transferred under designated treatment arrangements and substantial
time constraints rather than freely selecting facilities based on facility attractiveness [31].
Therefore, the present study adopts the conventional 3SFCA method to retain the represen-
tation of facility competition and reduce potential supply—demand overestimation, while
avoiding strong assumptions regarding subjective facility-choice behavior under crisis
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conditions. Meanwhile, infectious-disease models have been widely applied to simulate
epidemic transmission and have increasingly incorporated spatial heterogeneity associated
with population mobility, the built environment, and intervention policies [32,33]. Overall,
the literature reflects a transition from static resource allocation toward dynamic network
analysis and from individual facility sitting toward system-level resilience. Nevertheless,
three major limitations remain. First, supply measurement still relies heavily on static
indicators, such as facility hierarchy and bed capacity, making it difficult to accurately
characterize effective supply capacity under emergency conditions. Second, existing mod-
els do not sufficiently integrate complex mechanisms such as the spatially heterogeneous
evolution of emergency demand and competition for healthcare resources. Third, analytical
applications often remain limited to describing spatial patterns or estimating aggregate
deficits, with insufficient translation of diagnostic results into a closed-loop framework for
zoning-based intervention.

To address these gaps, this study takes the Changsha metropolitan area, China, as
the study area and, drawing on adaptive cycle theory, develops an analytical framework
for the dynamic SDM of urban emergency medical facilities. The framework comprises
four sequential components: identifying the supply base, simulating disturbance shocks,
diagnosing supply—demand mismatches, and optimizing zoning-based responses. By
integrating effective emergency supply assessment, SEIQRDP-SG-based demand simu-
lation, and accessibility-based spatial mismatch diagnosis, the study aims to reveal why
the aggregate availability of hospital beds does not necessarily translate into timely and
spatially accessible emergency treatment capacity during PHEs, and to identify priority
areas for differentiated planning interventions.

2. Materials and Methods
2.1. Conceptual Framework

The adaptive cycle is an important framework in resilience theory for explaining the
evolutionary dynamics of complex systems. It emphasizes that systems evolve cyclically
through resource accumulation, structural consolidation, disturbance-induced release,
and adaptive reorganization. The adaptive cycle consists of four interconnected phases:
exploitation (r), conservation (K), release ((2), and reorganization («) [34]. Unlike the
perspective of static equilibrium, the adaptive cycle focuses more on how system vulner-
abilities are exposed under external shocks and how new adaptive states are achieved
through structural adjustment [34,35]. Urban emergency medical facility systems exhibit
typical characteristics of complex adaptive systems [36,37]. Under routine conditions, the
spatial configuration of facilities and the built environment (BE) constitute the system’s un-
derlying base. Once a public health emergency disrupts the original equilibrium, the scale
of demand, healthcare-seeking flows, and modes of resource allocation may change rapidly
within a short period. This shock forces the relatively stable supply—demand relationship
under routine conditions to transform quickly into a dynamic matching problem under
emergency conditions [38,39], thereby compelling the system to undergo reorganization
and functional adaptation. Therefore, the adaptive cycle provides an appropriate theoreti-
cal lens for characterizing the evolutionary process of emergency medical supply—demand
relations, namely “accumulation—consolidation-imbalance-reorganization” [40,41].

Based on this logic, this study translates the analytical pathway of emergency medical
SDM into four sequential components: supply measurement, demand simulation, matching
diagnosis, and zoning-based response (Figure 1). Each component is explicitly linked to
the corresponding phase of the adaptive cycle. In the exploitation phase, potential capacity
is quantified by constructing a comprehensive evaluation system to accurately measure the
effective emergency supply capacity of designated hospitals. For the conservation and re-
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lease phases, the BE is incorporated to characterize the spatiotemporal changes in demand
scale and the SDM relationship under disturbance. The BE under routine conditions may
be transformed into spatial conditions that amplify demand during disturbances. Within a
specific travel-time threshold and under road-network constraints, this study quantifies
the spatial coupling between community-level “demand flows” and the “supply fields” of
designated hospitals, thereby accurately identifying key nodes of systemic healthcare over-
load and supply—demand mismatch. In the reorganization phase, the results of mismatch
identification are transformed into targets for spatial planning response. Differentiated
response zones are classified according to supply—demand combinations and the degree of
mismatch, and planning intervention directions are specified for each zone.

Theoretical Lens
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Figure 1. Conceptual and methodological framework.

2.2. Study Area and Data
2.2.1. Study Area

This study takes the Changsha metropolitan area as the study area (Figure 2). Chang-
sha, the capital city of Hunan Province and a megacity in central China, is characterized by
a high concentration of medical resources, pronounced spatial differentiation of population
distribution, and frequent cross-district healthcare-seeking interactions, making it highly
representative of megacities in central China. The study area covers the entire administra-
tive areas of Furong, Tianxin, Kaifu, and Yuhua districts, as well as parts of Wangcheng
District, Yuelu District, and Changsha County, with a total area of approximately 2100 km?.
Communities are used as the basic analytical units in this study, comprising 475 units in
total, and their weighted centroids are adopted as spatial anchors of demand.

2.2.2. Data Sources and Preprocessing

The datasets used in this study were grouped into four categories: geospatial data,
medical and healthcare data, population data, and built-environment (BE) and points-of-
interest (POIs) data.

Geospatial data. These data include the metropolitan area boundary, district and
county boundaries, community boundaries, and the road network. Administrative and
community boundaries at different levels were obtained from the Resource and Environ-
ment Science and Data Center of the Chinese Academy of Sciences (https://www.resdc.cn/,
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accessed on 10 January 2026). Road-network data were obtained from OpenStreetMap
(https:/ /www.openstreetmap.org/, accessed on 10 January 2026). After acquisition, the
spatial datasets were transformed to a common coordinate system, clipped to the study
area, and checked for topological consistency. A total of 475 communities were retained as
the basic spatial analytical units.
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Figure 2. Location of the study area.

Medical and healthcare data. These data include the list of designated hospitals,
hospital tiers, approved bed capacity, and numbers of medical staff. Hospital attribute data
were compiled from publicly available information released by the Changsha Municipal
Health Commission and from the annual reports of individual hospitals, while hospital
locations were obtained from the Gaode Maps API (https://ditu.amap.com/, accessed on
10 January 2026). Hospital records were matched and cross-validated based on hospital
names, addresses, and geographic locations. A total of 18 designated hospitals were
included in the study area, comprising 16 Grade III Class A hospitals and 2 Grade III
Class B hospitals. By hospital type, these included 12 general hospitals, 4 traditional
Chinese medicine hospitals, and 2 specialized hospitals. Collectively, the 18 hospitals
provided 13,895 beds and employed 28,597 medical staff. These data were subsequently
used to evaluate hospital emergency supply capacity and estimate the effective supply of
emergency beds.

Population data. Population data include both permanent resident population and
older adult population. The permanent resident population data were obtained from the
100 m gridded population dataset of China’s Seventh National Population Census [42].
After clipping to the study area and aggregation to the community scale, the total permanent
resident population across the 475 communities was 6,766,397. Data on the population
aged 65 years and older were obtained from WorldPop (https://www.worldpop.org/,
accessed on 10 January 2026), calibrated according to the age structure reported in the
Seventh National Population Census, and aggregated to the community scale. The study
area contained approximately 706,700 residents aged 65 years and older.
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BE and POIs data. Relevant data were primarily obtained from the Gaode Maps API
(https:/ /ditu.amap.com/, accessed on 10 January 2026). A total of 5920 residential commu-
nities, comprising 3,959,273 households, were identified. Among them, 1064 were classified
as old residential communities, urban villages, or shantytowns, comprising 419,970 house-
holds. After removing duplicate and invalid records and completing functional classifica-
tion and spatial matching, the final dataset included 883 grassroots governance facilities,
comprising neighborhood committee offices and community service centers, 7217 public
transport stops, 7782 commercial facilities, 1274 high-risk venues, and 2268 activity spaces
for susceptible groups.

2.3. Methods

Based on adaptive cycle theory, this study systematically evaluates the dynamic match-
ing relationship of emergency beds in designated hospitals in the Changsha metropoli-
tan area during PHEs along the pathway of “supply measurement-demand simulation—
matching diagnosis—zoning response”.

2.3.1. Supply Side Measurement

In the context of PHEs, the actual treatment capacity of designated hospitals is jointly
constrained by their comprehensive treatment capacity and their routine-to-emergency
conversion potential [43,44]. In this study, the number of effective emergency beds was
used to represent the actual supply capacity. First, the upper limit of convertible beds was
determined based on the existing bed capacity of each hospital [45]. Then, a comprehensive
evaluation system was constructed from two dimensions, namely “treatment capacity”
and “emergency capacity” (Table 1). All selected indicators represent medical-resource
endowment or routine-to-emergency conversion potential, with higher values indicating
stronger emergency supply capacity; therefore, they were treated as benefit-type indicators.
The AHP-CRITIC combined weighting method was adopted to avoid the subjectivity
associated with a single weighting approach. The effective supply capacity coefficient C; of
each hospital was calculated using Equation (1):

m
Ci = Z w]x:] (1)
j=1

where w; denotes the combined weight of the j-th indicator, and x}; denotes the standard-
ized value of the indicator. Based on this coefficient, the number of effective emergency
beds in each designated hospital was estimated.

Table 1. Indicator system for the treatment—emergency capacity evaluation.

Criterion Indicator Laver Data Source AHP CRITIC Combined
Layer y Weight Weight  Weight
Treatment  Hospital tier Changsha Municipal Health 0.088 0.232 0.160
it Commission
capacity Total number of medical staff Annual hospital reports 0.158 0.264 0.211
Xiang Medical Insurance

Emereenc effective emergency beds WeChat-program, and annual 0.482 0.234 0.358
capacgi;ty y hospital reports

Potential for “three zones and Hospital architectural plans and 0272 0269 0271

two passages” renovation relevant expansion plans

https://doi.org/10.3390/ijgi15080345


https://ditu.amap.com/
https://doi.org/10.3390/ijgi15080345

ISPRS Int. ]. Geo-Inf. 2026, 15, 345

7 of 25

2.3.2. Demand-Side Simulation
(1) Model Specification and Equations

Emergency medical demand during PHEs is not a static mapping of the routine
population. Instead, it emerges dynamically with epidemic transmission and exhibits
substantial spatial heterogeneity [46—48]. To capture this process, this study extends the
classical SEIR model in two ways and develops a spatially corrected and government-
intervened SEIQRDP-SG model, namely Susceptible-Exposed-Infectious—-Quarantined—
Recovered-Deceased—Protected [49]. First, three additional compartments are introduced:
quarantined /admitted individuals (Q), deceased individuals (D), and protected individuals
(P). For designated-hospital bed-demand estimation, Q is operationally defined as admitted
in-treatment cases occupying emergency beds rather than all quarantined or detected cases;
mild or asymptomatic cases managed through temporary or non-designated facilities are
not included in the modeled bed demand. Second, a BE spatial correction coefficient a
and a heterogeneous governance intervention coefficient # are introduced to characterize
the spatial differentiation of transmission rates and the community-level variation in
intervention intensity, respectively.

For community i, the total population is represented by its permanent resident pop-
ulation N;. The evolution of population states is described by the system of ordinary
differential equations in Equation (2):

=B — G- G(1)S,
= i(t)sﬂ%i oE;
d% =0E; = 6i(t)]; — vl;
i = 0i() i — AQ; —xQ; ()
%G;/\Qi + 1
ar = KQi
= 5(H(1 - G(t)S;

where ¢ is the transition rate from exposed to infectious; v is the self-recovery rate of
infectious individuals; A is the recovery rate of quarantined /admitted individuals; « is the
disease fatality rate; and B;(t), d;(t), and ¢;(t) denote the time-varying transmission rate,
admission/isolation rate, and self-protection transition rate of community i, respectively.
Key parameters were specified based on previous epidemiological studies (Table 2).

Table 2. Basic parameter settings of the SEIQRDP-SG model.

Parameter Symbol Parameter Name Value

Ry Basic reproduction number 1.5,3.0,5.0 [50,51]
o Transition rate from exposed to infectious 1/5.2 [52]

0% Self-recovery rate of infectious individuals 1/14 [53,54]

A Recovery rate of quarantined /admitted individuals 1/10 [55,56]

K Disease fatality rate 0.005 [57]

T Simulation period 150 days

(2) Spatiotemporal Heterogeneity Correction and Government Intervention

Micro-scale spatial resistance and policy effects were captured by introducing a spatial
correction coefficient and a government intervention function into the model (Figure 3). The
spatial differentiation of the transmission rate was represented by the built-environment
correction coefficient a, which consists of two dimensions: contact frequency afreq,; and
infection probability apqp, i [58-60]. The frequency dimension includes factors that reflect
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contact opportunities and mobility intensity, such as population density, public transport
density, commercial vitality, high-risk facility density, and the density of activity spaces for
susceptible groups. The probability dimension includes factors that reflect infection ampli-

fication risks, such as the proportion of older adults, the proportion of old residential areas,

urban villages, shantytowns, and road network density (Table 3). Objective weights were

determined using the entropy weight method and then integrated. After normalization,

the time-varying transmission rate of community i is specified as in Equation (3):

Bi(t) = Bo - Afreq,i * ¥probi - Gi(t) 3)

where By denotes the baseline transmission rate, calibrated according to the target Ry
in each scenario; and G;(t) denotes the contact-suppression function under government
intervention. Under the baseline condition without intervention, and with the mean value
of the spatial correction coefficient normalized to 1, g was calibrated according to the

target Ry, so that the effective reproduction number in the initial stage of the model was

consistent with the specified scenario.

G(1): contact restriction d(1): admission rate

Built-environment correction ¢;
(entropy weighting of 8 community factors)

T
i modifies f(t)= Pya; Gi(t)
v

S Bi()SI/N E
Susceptible Exposed
—

:

E(1-G)S

A 4

P

modifies o,(t) = n; - o(t)
Protected

Fmm——————————————————

> (5,(/) -l
Recovered

Quarantined/
Admitted

Government intervention #;

\,

(community-level response capacity, mean-normalized)

Deceased

Sem———
=
~
o

Figure 3. Structure of the SEIQRDP-SG model.

Table 3. Indicators of spatial correction factors.

Criterion Layer Meaning Indicator Layer Meaning
Population density Ratio of permanent resident population to
community area
Public transport stop . .
. Kernel density of bus stops and metro stations
Represents contact density
o opportunities and Commercial facility Kernel density of shopping malls, supermarkets,
Transmission mobility intensity within density markets, and other commercial facilities
frequency communities, affecting the Kernel density of infectious disease hospitals,
potential transmission High-risk venue density wholesale markets, fresh food markets, and other
range high-risk venues
Density of activity spaces Ke%rnel density of nursing hom.e.s,. kindergartens,
. primary schools, and other facilities frequently
for susceptible groups ;
used by susceptible groups
Represents the Proportion of older adults Share of resmle.nts aged 65 ar.ld above in the
‘ lification effect of permanent resident population
Transmission bom lation struct d Proportion of old Ratio of relevant residential land area to total
probability popuiation structure an residential areas, urban

spatial environment on

illages, and shantytowns
infection diffusion risk vitlag y

Road density

community area

Ratio of total road length to community area
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Government intervention was jointly characterized by the contact-suppression func-
tion G(t) and the admission rate 6(t) [61,62]. Specifically, G(t) decreases over time from
1 to the lower bound G, representing the suppression of contact frequency caused by
strengthened control measures. The admission/isolation rate J(t) increases over time from
the baseline level to the upper bound Jcap, representing the gradual improvement of testing
and isolation capacity. To further characterize differences in the implementation of unified
policies at the community scale, the spatial supply level of neighborhood committees
and community centers was used as a proxy for grassroots governance response capacity.
After density transformation and mean normalization, the heterogeneous intervention
coefficient 7; was constructed. The actual intervention effects for community i are given by
Equations (4) and (5):

Gi(t) = G(t)" (4)

0;(t) = min [7]1 . 5(1’),(5(;,;;;} (5)

where #; > 1 indicates that the community governance response capacity is higher than the
citywide average, resulting in stronger contact suppression and higher isolation-transfer
efficiency. Conversely, 77; < 1 indicates relatively weaker response capacity.

(38) Definition of Bed Demand and Scenario Settings

Medical bed demand was no longer estimated through a static conversion using a fixed
rate. Instead, it was endogenously derived from the Q compartment of the model [63,64]. In
this study, Q7 (t) is defined as the number of admitted in-treatment individuals occupying
emergency beds in community 7 under scenario s. Therefore, its peak value can be directly
used as the theoretical peak of bed demand B}, as shown in Equation (6):

B; = max Qj(f) (6)

To systematically examine the effects of transmission intensity and intervention
strength on demand, twelve orthogonal scenarios were established by combining three
levels of the basic reproduction number (Rg = 1.5, 3.0, 5.0) with four levels of intervention
intensity: S1, no intervention; S2, weak intervention; S3, moderate intervention; and 54,
strong intervention. These intervention levels were jointly regulated by Gmin, djift, and 7.
The simulation period was set to 150 days (Table 4). Among these scenarios, Ry = 5.0 was
used to represent a high-transmission epidemic scenario [65,66]. This value was adopted
as a stress-test parameter rather than an exact estimate for a specific outbreak in Changsha.
Accordingly, Ry = 5.0 combined with moderate intervention (S3) was selected as the core
scenario for subsequent SDM diagnosis under substantial epidemic pressure.

2.3.3. Supply-Demand Matching
(1) Measurement of Emergency Bed Accessibility Based on the 3SFCA

The methodological rationale for adopting 3SFCA was established through a compar-
ison with the Modified Huff Three-Step Floating Catchment Area (MH3SFCA) method
in terms of model structure, facility-choice assumptions, computational complexity, and
applicability (Table 5). Given the designated transfer arrangements and constrained pa-
tient choice during PHEs, the more parsimonious 3SFCA method was adopted. Com-
munity weighted centroids and designated hospitals were used as demand and supply
points, respectively.
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Table 4. Scenario settings of transmission intensity and intervention strength.

Dimension Scenario Type Parameter Value Meaning
Low 1.5 Low transmission pressure
Ry level Medium 3.0 Medium transmission pressure
High 5.0 High transmission pressure
.Sl’ no- Gmin = 1.00, djige = 0.00,tg = —, Baseline without control measures
intervention tond = —
Limited contact reduction with relatively
Gmin = 0.60, 05, = 0.08,tg = 20, delayed strengthening of testing, case
S2, weak ) e . )
tend = 25 identification, isolation, and
Intervention admission/transfer capacity.
level Moderate contact reduction combined with
S3, moderate Guin = 0.35, 035 = 0.13, 19 = 15, .enhar.u?ed .testlpg an.d earlier case
tend = 18 identification, isolation, and
admission/transfer response.
G — 015 610 — 0.18. £ — 10 Intensive and early contact reduction
S4, strong min = 2 Clift = 52950 T T combined with rapid testing, isolation, and
feng = 12 . L
coordinated admission/transfer response.
Table 5. Comparison of 3SFCA and MH3SFCA for emergency medical accessibility assessment.
Dimension 3SFCA MH3SFCA
Allocates demand using normalized Uses capacity-weighted Huff interaction
Model ) A . .
travel-time decay and accounts for probabilities together with continuous
structure " s . .
competition among reachable facilities. distance-decay weights.

Underlying assumption

Computational
complexity

Applicability

Patient-facility interaction is jointly

Demand allocation is governed primarily influenced by facility capacity and travel

by relative travel impedance.

impedance.
Relatively parsimonious, with one More complex, requiring both Huff
normalized impedance weight for each interaction probabilities and separate
reachable OD pair. distance weights for each OD pair.
More suitable for designated, More suitable when capacity-sensitive and
time-constrained emergency transfer with  discretionary facility choice needs to be
limited patient choice. represented.

Under road-network constraints, a 15 min catchment was used to represent emergency
transfer efficiency and the cross-district service characteristics of high-tier hospitals. This
threshold measures potential road-network accessibility rather than total prehospital or
door-to-treatment time, because emergency-call processing, ambulance dispatch, on-scene
triage and stabilization, real-time traffic, and hospital handover were not explicitly modeled
owing to the lack of consistent community-level data [67,68]. Robustness was further
assessed using 20 and 30 min thresholds. A Gaussian time-decay function was used to
calculate the probability that community i selects hospital j:

f(tij) = exp [—; : (2;)2] )

The choice probability P;;, the supply—demand ratio R? of hospital j under scenario

ir
s, and the comprehensive accessibility A} of community i were then calculated using
Equations (8)—(10):
f(ti)
Pj==—7—, (tiu < to (8)
T Lk f(ta) Uae < o)

https://doi.org/10.3390/ijgi15080345


https://doi.org/10.3390/ijgi15080345

ISPRS Int. ]. Geo-Inf. 2026, 15, 345 11 of 25
S‘
Ris==——1—, (i < to ©)
P Y Py Di (8 )
Aj =) PR (10)
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where #; denotes the travel time from community i to hospital j, and o denotes the search
threshold. Pj; denotes the probability that community i selects hospital . R? denotes
the supply-demand ratio of hospital j under scenario s. Aj denotes the comprehensive
accessibility obtained by community i under scenario s. A higher value of A} indicates that
more abundant emergency bed resources are available to the community within the given
travel-time constraint.

(2) Quantification of Spatial Mismatch and Zoning Classification Based on SMI

To further quantify the direction and intensity of supply-demand deviation, accessi-
bility and bed demand under each scenario s were standardized using Z-scores, and the
spatial mismatch index (SMI) was constructed [69,70], as shown in Equation (11):

SMI} = Z(A3) — Z(B) an

where SMI? > 0 indicates relatively sufficient supply, whereas SMI? < 0 indicates higher
demand pressure. A larger absolute value indicates a stronger degree of deviation. Based
on the combination of standardized accessibility and standardized demand, accessible
communities were further classified into four types of matching areas: priority mismatch
zones with high demand and low supply, high-load zones with high demand and high
supply, supply-surplus zones with low demand and high supply, and low-pressure weak
zones with low demand and low supply. Communities that could not reach any designated
hospital within 15 min were separately classified as accessibility blind zones.

3. Results
3.1. Spatial Differentiation in the Effective Supply Capacity of Designated Hospitals

In the exploitation phase of the adaptive cycle, the supply-side measurement was used
to characterize the potential medical resource accumulated under routine conditions and
its spatial distribution characteristics. According to the official list of designated hospitals
released by the Changsha Municipal Health Commission, 18 designated hospitals were
identified within the study area, with a total of 10,525 effective emergency beds.

The emergency medical supply in the Changsha metropolitan area exhibited pro-
nounced hierarchy-dependent and spatially clustered characteristics. At the hospital scale,
the Gini coefficient of the spatial distribution of effective emergency bed capacity was
0.367 (Figure 4a), indicating a relatively high level of concentration. The four largest Grade-
A tertiary hospitals accounted for 47.1% of the total effective beds, thereby constituting
the core nodes of emergency medical treatment. At the administrative-district scale, Yuelu,
Kaifu, and Furong districts together accounted for 75.83% of the effective beds, far ex-
ceeding the theoretical equal-share value of 42.86% across the seven administrative units.
This pattern closely resembled Pareto-like polarization and formed the core carrying belt
of emergency medical resources. In contrast, Tianxin District, Wangcheng District, and
Changsha County together accounted for less than 7%, forming a pronounced long tail of
weak peripheral supply (Figure 4b).
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Figure 4. Spatial distribution and concentration of effective emergency bed capacity in designated
hospitals; (a) cumulative share of hospitals; (b) the proportion of effective beds in each district.

This spatial pattern can be regarded as the cumulative outcome of the exploitation
phase, during which medical resources have long been accumulated along administrative
hierarchies and development intensity. Under routine conditions, economies of scale
facilitate the intensive use of resources. However, they also create strong path dependence
on a small number of core nodes. Once these core nodes become overloaded and cross-
district coordination mechanisms are insufficient, vulnerabilities may rapidly spill over
along the transport network and referral flows.

3.2. Spatiotemporal Evolution and Emergence of Emergency Bed Demand
3.2.1. Spatial Drivers of Demand Agglomeration

In the release phase of the adaptive cycle, once a public health emergency enters the
system as a strong external disturbance, demand is not uniformly amplified according
to population size. Instead, it is redistributed under the heterogeneous effects of the BE
and government intervention intensity. A spatial correction coefficient, «, was constructed
based on eight BE indicators and was used to spatially adjust the transmission rate. The
multicollinearity test showed that the variance inflation factor (VIF) values of all indicators
ranged from 1.003 to 4.242 (Table 6), indicating no significant multicollinearity.

Table 6. VIF test values of spatial correction factors.

Public . . . Density of . Proportion of Old
. Commercial ~ High-Risk .. Proportion - .
. Population Transport o Activity Spaces Residential Areas, Road
Indicator . Facility Venue . of Older . .
Density Stop Densit Densit for Susceptible Adults Urban Villages, Density
Density y y Groups and Shantytowns
VIF value 1.003 4.030 4.242 1.320 3.213 1.034 1.198 1.998

In terms of spatial distribution (Figure 5a-h), high values of frequency-related indi-
cators (Figure 5a—e) were highly concentrated in the core built-up area on the east bank
of the Xiangjiang River, reflecting high-intensity population contact and mobility. High
values of probability-related indicators (Figure 5f~h) were more frequently distributed in
old urban areas and high-intensity development communities. The superposition of these
two types of indicators resulted in an overall spatial pattern of « characterized by “central
agglomeration and peripheral decline” (Figure 5i). The highest « values were observed in
the core built-up area, indicating that its actual transmission potential was substantially
amplified under the same baseline transmission rate.
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(a) Population density (b) Public transport stop density (c) Commercial density (d) High-risk venue density

(e)Density of activity spaces for (f) Proportion of older adults (g) Old residential ratio (h) Road density
susceptible groups

-

(i) Transmission coefficient (o)

Figure 5. Spatial patterns of built-environment correction factors, the spatial correction coefficient «,
and the governance intervention coefficient #: (a—h) built-environment correction factors; (i) spatial
correction coefficient «; (j) governance intervention coefficient 7.

The governance intervention coefficient 7 further captured spatial inequalities in
community-level admission and control capacity (Figure 5j). The coefficient # not only
affected the susceptible-to-exposed process (5S—E) by regulating contact intensity but also
acted on the infectious-to-quarantined /admitted process (I—+Q) through the isolation and
admission rate, thereby determining the capacity to effectively intercept demand and
convert it into in-treatment bed demand. Together, « and 7 reshaped the relatively balanced
demand expectation under routine conditions into a highly spatially differentiated pattern
under emergency conditions. This constitutes the internal mechanism through which
demand emerges from a homogeneous baseline into spatial agglomeration.

3.2.2. Scenario Responses of Demand Scale and Temporal Rhythm

The scale and temporal rhythm of demand were further jointly regulated by transmis-
sion intensity and intervention strength. Transmission intensity primarily determined peak
magnitude, whereas intervention strength mainly controlled peak reduction and delay.
Across the 12 scenario curves formed by three risk levels (Ryp = 1.5, 3, and 5) and four
intervention intensities (S1: no intervention; S2: weak intervention; S3: moderate inter-
vention; S4: strong intervention), the temporal curves of daily infections and in-treatment
cases reflected the dynamic response process of the system under different disturbances
(Figure 6).

In terms of curve morphology, both the infection curves and in-treatment curves under
all scenarios display unimodal and right-skewed distributions, consistent with the outbreak
pattern of PHEs under a finite population size. The peak of in-treatment cases lagged that
of infections by approximately 3-5 days, reflecting the temporal delay from infection to
symptom onset, testing, isolation, and admission. The stronger the intervention, the more
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pronounced the lag became, as control measures slowed the transmission process and
delayed the peak arrival time of both infections and in-treatment cases.

(a) Low transmission (R, = 1.5) (b) Medium transmission (R, =3.0)  (c) High transmission (R, = 5.0)
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Figure 6. Temporal evolution of infectious and in-treatment populations under 12 scenarios: (a) low
transmission (Rg = 1.5); (b) medium transmission (Rg = 3.0); (c) high transmission (Ry = 5.0).

The concentration of emergency bed demand demonstrated strong structural robust-
ness across scenarios. Regardless of changes in macro-level shock intensity and intervention
strength, the top 10% of core high-pressure communities consistently accounted for 40-70%
of citywide bed demand (Figure 7). This indicates that localized healthcare overload did
not occur randomly; rather, it was structurally rooted in the high-density and high-mobility
BE context [71,72].

(a) Peak infectious population (b) Peak in-treatment population (c) Total bed demand
Beds Beds Beds

225390

1,274,802 301,557

1,988,657 357,899 297,677 403,524

(e) Top 10% community demand burden (f) Maximum community bed demand
Persons

(d) Day of citywide peak
Days Share

R3.0

R=5.0

53 sS4
Moderate Strong

3 S4 S1 2
Mogerale Strong No intervention Wseak

S1 2
No intervention “Feak

S1 S2 3 S4
No intervention Weak Mogerate Strong

Figure 7. Scenario sensitivity matrix of key outcome indicators for emergency bed demand: (a) peak
infectious population; (b) peak in-treatment population; (c) total bed demand; (d) day of citywide

peak; (e) top 10% community demand burden; (f) maximum community bed demand. The green
dashed boxes indicate the core scenario (Ry = 5.0 with moderate intervention, S3).

To assess uncertainty in fixed parameter settings, a local sensitivity analysis using one-
at-a-time +20% perturbations was conducted. Although some parameters substantially
affected bed-demand magnitude, community-level SMI rankings remained highly consis-
tent (Spearman’s p > 0.980), indicating robust spatial mismatch patterns across parameter
perturbations (Table A1).
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3.2.3. Spatial Pattern of Demand Under the Core Scenario

Based on the scenario design above, Ry = 5 with moderate intervention (S3) was
adopted as the core stress-test scenario for subsequent spatial diagnosis. Under this
core scenario, the citywide peak of total bed demand was approximately 7835 beds and
occurred around day 21. Demand was highly concentrated in the core built-up area. The
top 10% of communities with the highest demand, totaling 50 communities, accounted for
approximately 51.8% of citywide bed demand, and the maximum peak bed demand in a
single community reached 225 beds.

Spatially, under the core scenario, peak bed demand and peak timing exhibited gra-
dients of “high in the center and low in the periphery” (Figure 8a) and “earlier in the
center and later in the periphery” (Figure 8b), respectively. The core built-up area showed
high demand intensity and earlier peaks, whereas peripheral communities exhibited lower
demand and delayed peaks. This pattern reflects a process in which the epidemic first
erupted in the core areas with high transmission potential and then diffused outward to
peripheral areas. The spatial coupling between this demand flow and the highly concen-
trated supply field constituted the precondition for exposing supply-demand imbalance in
the release phase.

@ (b)

Beds Days
0-1 I o-15
1-11 B s5-10
11-23 19-22
| 23-37 22-78
I 57-7 78-100
-3 I 100-130
I 134-225 I 130-150

Figure 8. Spatial distribution of peak emergency bed demand and peak timing under the core
scenario (R = 5, S3 moderate intervention): (a) distribution of peak bed demand at the community
scale; (b) distribution of peak timing of bed demand at the community scale.

3.3. Diagnosis of the Spatial Pattern of SDM
3.3.1. Spatial Pattern of Accessibility Based on 3SFCA

In the release phase of the adaptive cycle, the extent to which supply—demand imbal-
ance is exposed depends on the spatial coupling between “demand flows” and “supply
fields” under road-network and time constraints. Community weighted centroids were
used as demand points, and the 18 designated hospitals were used as supply points. Emer-
gency medical accessibility under the core scenario was measured using the 3SFCA with a
15 min threshold.

The results showed that the service coverage of existing designated hospitals displayed
clear ring-like differentiation (Figure 9a). Among the 475 communities in the study area,
only 104 could reach at least one designated hospital within 15 min, indicating a relatively
low overall level of accessibility. Communities with medium and high accessibility values
were mainly concentrated in the core built-up areas along both sides of the Xiangjiang River.
Furong, Yuelu, and Kaifu districts developed relatively high response capacity because of
their dense designated hospital nodes and strong road-network connectivity. In peripheral
areas, accessibility generally remained at low levels due to the combined constraints of
distance decay, insufficient medical resources, and poor road-network connection. The
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number of accessible beds in Wangcheng District and Changsha County together accounted
for less than 6% of the metropolitan total.
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Figure 9. Spatial pattern of emergency bed SDM in the Changsha metropolitan area based on the
3SFCA-SMI framework: (a) emergency bed accessibility under the 15 min threshold; (b) SDM types
based on standardized accessibility and demand; (c) degree of supply-demand mismatch measured
by SML

3.3.2. Identification of Matching Types Based on Four-Quadrant Classification

A four-quadrant classification framework was constructed using standardized accessi-
bility values on the vertical axis and standardized peak bed demand on the horizontal axis.
Communities were classified into four types: priority mismatch zones with low supply and
high demand, high-load zones with high supply and high demand, supply-surplus zones
with high supply and low demand, and low-pressure weak zones with low supply and
low demand.

Under the core scenario, emergency medical SDM in the Changsha metropolitan area
no longer followed a simple pattern of “strong center and weak periphery”. Instead, a
composite structure emerged, characterized by “central carrying, peripheral weakness, and
transitional mismatch” (Figure 9b). A total of 26 communities were identified as priority
mismatch zones with high demand and low supply, accounting for 13.1% of the population
(Table 7). These communities were widely distributed in the transitional zones around the
core built-up areas on both sides of the Xiangjiang River and faced severe risks of systemic
healthcare overload.

Table 7. Composition of community SDM types under the core scenario.

Matching Type

Demand-Supply = Number of . o . Population
Relationship Communities Proportion (%) Population Proportion (%)

Priority mismatch zones
High-load zones

Supply surplus zones
Low-pressure weak zones
Accessibility blind zones
Total

High-low 26 55 887,549 13.1
High-high 12 2.5 647,518 9.6
Low-high 25 5.3 360,750 5.3
Low-low 41 8.6 611,674 9.0
— 371 78.1 4,258,906 62.9
— 475 100.0 6,766,397 100.0

A total of 12 communities were classified as high-load zones with high demand
and high supply. These areas were mainly embedded within the core built-up area and
located around large Grade-A tertiary hospitals, where high medical-resource supply and
high demand overlapped. When patients from surrounding priority mismatch zones
continuously concentrate in core hospitals, high-load zones may be transformed from
resource-advantaged areas into system congestion areas, thereby weakening the supporting
function of designated hospitals for the entire emergency medical network.
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The 25 supply-surplus zones with low demand and high supply were mainly dis-
tributed around clusters of large Grade-A tertiary hospitals. These areas had relatively high
accessibility but low demand and therefore could serve as supporting areas for flexible
allocation and spatial coordination. However, in the absence of cross-district dispatching
and bed-conversion mechanisms, an inefficient pattern may emerge in which resource
idleness coexists with overload in the core areas.

Low-pressure weak zones with low demand and low supply were mainly located in
the periphery of the metropolitan area. A total of 41 communities were included in this
category. Although both accessibility and bed demand were low, these areas still exhibited
potential vulnerability due to sparse resource distribution.

3.3.3. Quantification of Supply-Demand Spatial Mismatch Based on SMI

The SMI was further used to quantify the direction and intensity of deviation. Negative
mismatch dominated both numerically and spatially, indicating prevailing demand-side
pressure (Figure 9c). Under the core scenario, 21 communities showed significant negative
mismatch (SMI < —0.5), among which 13 reached a severe mismatch level (SMI < —1).
Spatially, these communities were distributed in patches in the core built-up area on the
east bank of the Xiangjiang River and its periphery. A cross-scenario comparison showed
that the number of communities with significant negative mismatch remained stable within
the range of 14-29. This suggests that these mismatch target areas are robust features across
the full disturbance range and can be regarded as reliable objects for planning intervention.

To assess the sensitivity of the spatial diagnosis to travel-time thresholds, the 3SFCA-
SMI analysis was recalculated using 20 and 30 min thresholds while holding all other
model settings constant (Table 8). The number of covered communities increased from
104 to 156 and 233, corresponding to coverage rates of 21.9%, 32.8%, and 49.1%, respectively.
The SMI ranking under the 20 min threshold remained highly consistent with the 15 min
baseline (Spearman’s p = 0.982), whereas the correlation declined to 0.739 under the 30 min
threshold, accompanied by an increase in negatively mismatched communities. This
indicates that substantially expanded service catchments and cross-district competition can
reconfigure spatial supply-demand relationships.

Table 8. Sensitivity analysis of SDM under alternative travel-time thresholds.

Travel-Time

Covered

SMI Rank Correlation (p) with

Threshold Communities, n, (%) SMI<—0.5,n SMI<—1,n the 15 min Baseline
15 min 104 (21.9%) 21 13 1.000
20 min 156 (32.8%) 28 18 0.982
30 min 233 (49.1%) 78 37 0.739

In summary, the principal challenge of emergency medical SDM in the Changsha
metropolitan area is not an aggregate shortage of beds, but a structural spatial mismatch
between concentrated effective supply and spatially differentiated demand. Effective sup-
ply is highly polarized in a limited number of core nodes, whereas emergency demand
is concentrated in the core built-up area and diffuses outward under disturbance. Con-
sequently, the most pronounced mismatches occur in transitional zones where demand
diffusion, supply attenuation, and travel-time constraints overlap. District-level results
further show that aggregate supply sufficiency does not necessarily eliminate community-
level mismatch, while Tianxin, Wangcheng, and Changsha County face clear overall supply
deficits (Table 9). These findings identify priority areas for differentiated zoning-based
regulation in the reorganization phase.
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Table 9. Summary of SDM by district/county under the core scenario.

District

Communities

Number of

Number of Priority Effective  Core-Scenario Supply- Minimum
Blind Spots  Mismatch Zones Beds Demand Demand Ratio SMI

Furong
Tianxin
Yuelu
Kaifu
Yuhua

Wangcheng

Changsha
County
Total

23
33
90
55
63
83

128
475

14 3 2304 965 2.39 —2.27
25 303 801 0.38 —-091
53 2852 1702 1.68 —4.64
44 2826 859 3.29 —2.56
50 1831 1549 1.18 -3.77
80 72 429 0.17 0.66

105 337 1530 0.22 —-2.39
371 26 10,525 7835 1.34 —

g O NN~ W

Drivers

4. Discussion
4.1. Spatial Mechanisms of Emergency Medical Supply—Demand Mismatch

Based on adaptive cycle theory, emergency medical SDM in Changsha can be inter-
preted as a transition from routine resource accumulation to disturbance-induced release
and planning reorganization (Figure 10). Consistent with previous studies on healthcare
accessibility, the findings indicate that the vulnerability of the emergency medical system
is not attributable solely to an aggregate shortage of beds. Rather, it reflects the failure of
resources accumulated under routine conditions to be effectively converted into timely
and spatially accessible service capacity when the system is exposed to sudden distur-
bances [2,4]. Building on this understanding, the present study further reveals that the
divergence between the static resource base and emergency response capacity is manifested
through three spatially coupled processes: the hierarchical concentration of effective emer-
gency bed capacity, spatially differentiated surges in demand, and travel-time constraints
imposed by the road network.
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Figure 10. Supply-demand coupling and feedback mechanism for emergency medical planning
in Changsha.

On the supply side, the long-term accumulation of medical resources along adminis-
trative hierarchies and gradients of urban development intensity has produced a spatial
structure dominated by the urban core and higher-tier hospitals. On the demand side,
PHESs do not amplify medical demand uniformly in proportion to the permanent resident
population. Instead, heterogeneous demand shocks emerge through the combined effects
of the built environment, population mobility, the distribution of vulnerable groups, and
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variations in governance intervention. This finding is consistent with spatial epidemiologi-
cal research showing that epidemic transmission is strongly shaped by spatial heterogeneity
and interregional interactions. However, the present study does not simply reproduce
the conventional “strong center-weak periphery” pattern commonly identified in routine
healthcare accessibility studies [73,74]. Once heterogeneous demand shocks interact with
an existing core-concentrated supply structure under transfer-time constraints, the spatial
pattern of risk is further reorganized into a composite structure comprising core carrying
zones, transitional mismatch zones, and peripheral weak zones. Notably, the weakest
points of emergency medical resilience are not necessarily located in the most remote
communities. Instead, they tend to emerge in transitional areas surrounding the core
built-up area [75]. These areas lie simultaneously at the diffusion frontier of high-intensity
demand and the decay boundary of timely access to higher-tier medical resources concen-
trated in the urban core. The spatial superposition of demand growth, supply attenuation,
and transfer-time constraints therefore generates a more structurally embedded form of
emergency vulnerability.

The scenario comparison further shows that several priority mismatch communities
remained stable across disturbance settings. These communities should therefore be treated
as robust targets for planning intervention, rather than as accidental outcomes under
a single epidemic scenario. This finding supports a shift from passive gap filling after
demand surges to proactive reservation, conversion, and transfer organization under
routine—emergency dual-use planning.

4.2. Planning Responses: Tiered Supply Network and Zoned Strategy

Planning interventions should move beyond homogeneous capacity expansion based
on aggregate administrative-unit indicators and address both supply-network organization
and spatially differentiated demand risks. Accordingly, the mismatch diagnosis is trans-
lated into two complementary responses: a tiered supply network and a zoned response
strategy (Figure 10). The former addresses the supply-side question of where emergency
capacity can be generated and how it should be organized, whereas the latter addresses the
demand-side question of where limited resources should be prioritized and what types of
intervention should be implemented. Together, they establish a “node-network-area” link-
age within the emergency medical system and support a cyclical planning process of routine
accumulation—disturbance-induced release-mismatch diagnosis—system reorganization—
reaccumulation.

The tiered supply network represents the supply-side feedback from point-based
resources to networked surge capacity. Major designated hospitals should serve as core
critical-care nodes; secondary and higher-level hospitals with conversion potential should
be incorporated as synergistic expansion nodes; and PHClIs should function as early-
warning, triage, and referral interfaces embedded in 15 min community life circles [76].
This structure can enhance hierarchy, redundancy, and convertibility in the emergency
medical network.

The zoned response strategy represents a demand-side feedback mechanism that
translates mismatch diagnosis into prioritized spatial intervention. For priority mismatch
zones characterized by high demand and low effective supply, the principal challenge is
the direct gap between peak demand and timely service capacity. Convertible beds should
therefore be reserved in advance, cross-district transfer routes should be predefined, and
targeted support arrangements should be established with nearby supply-surplus nodes or
synergistic expansion hospitals. For core carrying zones characterized by high demand and
high supply, the existing resource base is relatively strong, but sustained demand shocks
may transform high load into systemic overload. These areas should therefore prioritize dy-
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namic bed monitoring, optimization of internal patient flows, and predefined cross-district
diversion before early-warning thresholds are reached. In supply-surplus zones, planning
should avoid further expansion of fixed capacity and instead incorporate spare capacity
into regional coordination networks through predefined dispatching arrangements. Low-
pressure weak zones, characterized by both low demand and low supply, should maintain
essential baseline emergency capacity and reinforce primary-level response functions to
prevent new mismatches from emerging when demand rises unexpectedly. For accessibil-
ity blind zones located beyond the 15 min service threshold, priority should be given to
improving transfer connectivity, while the need for additional primary-level emergency
nodes or coordinated transfer facilities should be assessed according to population size and
risk levels.

4.3. Methodological Integration and Contributions

The methodological contribution of this study does not lie in proposing a new
standalone model. Rather, grounded in adaptive cycle theory, it establishes an explicit
information-transfer mechanism linking epidemic disturbance simulation, spatial supply—
demand matching, and mismatch diagnosis. In conventional healthcare accessibility stud-
ies, demand is commonly treated as an exogenous and relatively static input, such as the
permanent resident population or the estimated number of potential patients at a given
time point. Although infectious-disease dynamic models can characterize epidemic evolu-
tion over time, they often terminate at predictions of infection magnitude, peak timing, or
intervention effects, and less frequently address how dynamically generated healthcare de-
mand is translated into spatial competition, localized overload, and accessibility mismatch
within an actual healthcare facility network. In this study, communities are used as the
common spatial unit, and the peak emergency bed demand simulated by the SEIQRDP-SG
model under different transmission and intervention scenarios is directly incorporated as
the demand input to the 3SFCA model. This demand is then jointly evaluated against the
effective emergency supply of designated hospitals, road-network travel times, and facility
competition. The SMI is subsequently used to identify the direction and intensity of spatial
mismatch. Epidemic evolution is therefore not treated as an independent background
scenario; instead, changes in demand generated by the disturbance process are directly
transmitted into hospital supply—demand ratios, community-level accessibility, and spatial
mismatch patterns.

The study extends existing research in three respects. First, compared with health-
care accessibility studies based on 2SFCA, 3SFCA, and their variants, population demand
is not treated as a fixed input but is explicitly linked to the evolution of public health
disturbances, allowing accessibility outcomes to vary with transmission intensity and inter-
vention strength. Second, compared with SEIR-type dynamic models primarily designed
for epidemic forecasting and intervention assessment, the present framework translates
disease-transmission outcomes into spatially explicit emergency bed pressure with direct
implications for facility demand, and subsequently evaluates whether such demand can
be absorbed by the healthcare service network. Third, compared with existing static—
dynamic frameworks for urban health resilience, this study operates at a finer spatial scale
by translating city-level disturbances into specific community—hospital supply—demand
relationships, thereby identifying localized mismatches and potential systemic overload
nodes that aggregate resource indicators may fail to reveal.

5. Conclusions

Taking the Changsha metropolitan area as the empirical case, this study developed a
dynamic framework for emergency medical facility SDM based on adaptive cycle theory.
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By integrating the SEIQRDP-SG model, 3SFCA, and SMI, the study identified how routine
medical-resource accumulation is transformed into emergency spatial mismatch under
public health disturbances. The findings show that the key constraint on emergency medical
resilience is not aggregate bed shortage alone, but a structural mismatch jointly shaped by
effective supply, dynamic demand, and transfer-time constraints.

Three main conclusions can be drawn. First, effective emergency bed capacity is highly
concentrated in higher-tier designated hospitals in the core urban area, whereas peripheral
districts have markedly weaker supply. Second, under the core scenario of Ry = 5 with
moderate intervention, emergency bed demand peaks at approximately 7835 beds around
day 21 and exhibits strong spatial heterogeneity, with high-demand communities concen-
trated in the core built-up area and adjacent expansion zones. Third, the coupling of supply
polarization and demand diffusion produces a composite structure of core carrying zones,
transitional mismatch zones, peripheral weak zones, and accessibility blind zones. Priority
mismatch zones represent robust intervention targets because they remain exposed across
multiple disturbance scenarios.

Based on these findings, emergency medical planning should be adjusted simultane-
ously from the perspectives of supply-network organization and spatially differentiated
response. On the supply side, a tiered emergency supply network should be established by
integrating core designated hospitals, synergistic expansion hospitals, and PHCls, thereby
transforming routine medical resources into an emergency capacity system that can be
activated hierarchically, converted flexibly, and coordinated across districts. On the de-
mand side, reserved beds, transfer corridors, dynamic monitoring, cross-district diversion,
surplus-capacity dispatching, and primary-level response capacity should be allocated
according to different mismatch types. Together, these measures form a “node-network-
area” spatial response mechanism that enables limited emergency resources to be directed
preferentially toward high-risk areas and locations with persistent mismatch.

Several limitations should nevertheless be acknowledged. First, the study primarily
uses effective emergency bed capacity as the core supply indicator and does not fully
incorporate specialized treatment capacity, medical staffing, or emergency material reserves.
Second, some model parameters are scenario-based and require further calibration against
epidemiological surveillance data and empirical healthcare utilization records. Third, the
uniform 15 min threshold represents modeled road-network transfer time rather than the
complete prehospital emergency-care process. The analysis does not explicitly incorporate
emergency-call processing, ambulance availability, dispatch and on-scene delays, triage,
prehospital stabilization, real-time traffic congestion, hospital handover, or differences in
patient severity. Fourth, the use of community-level spatial units may be affected by the
modifiable areal unit problem (MAUP), and cross-jurisdictional healthcare flows have not
yet been incorporated. Future research could integrate dynamic traffic and healthcare-
utilization data to improve spatiotemporal accuracy, employ finer-scale population data
to test model robustness, and extend the framework to the metropolitan-region scale to
incorporate cross-jurisdictional coordination and emergency resource sharing.
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Appendix A

To further assess parameter uncertainty, a one-at-a-time local sensitivity analysis was
conducted under the core scenario by perturbing key epidemiological and spatial het-
erogeneity parameters by £20%. Because the model is deterministic and its parameters
were specified from literature-supported scenarios rather than statistically estimated from
repeated observations, no sampling distribution was available from which conventional
confidence intervals could be derived. Uncertainty was therefore characterized by sce-
nario variation, parameter perturbation, and rank-stability tests. The results show that
peak bed demand was most sensitive to v, followed by ¢ and «, whereas x and 7 had
relatively limited effects. Across all perturbations, total bed demand ranged from 4762 to
12,738 beds, corresponding to a supply-demand ratio of 0.83-2.21. Despite these variations
in demand magnitude, the SMI rankings remained highly consistent with the baseline
results (Spearman’s p > 0.980), indicating strong robustness of the spatial mismatch pattern
(Table A1). Accordingly, the baseline supply—-demand ratio of 1.34 should be interpreted
as a scenario-specific output rather than a population estimate with a sampling-based
confidence interval.

Table Al. Local sensitivity analysis of key SEIQRDP-SG model outputs under +20% parameter
perturbations.

Parameter Catego Parameter Change in Peak Bed Demand Supply-Demand Minimum SMI
gory —20% +20% Ratio Range Rank Correlation
o —27.4% 28.9% 1.04-1.85 0.997
Epidemiolosical 0% —39.2% 62.6% 0.83-2.21 0.980
pidemiologica A 18.5% ~13.4% 1.13-1.55 0.998
[ 0.8% —0.8% 1.33-1.35 1.000
Spatial /Governance —20.7% 28.5% 1.05-1.69 0.991
P —6.3% 10.6% 1.21-1.43 0.980
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