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Abstract: The global population aging poses new challenges in allocating care facilities for the elderly.
This demographic trend also influences economic development and the quality of urban life. How-
ever, current research focuses on the supply of elderly care facilities and primarily uses administrative
divisions as a scale, resulting in low spatiotemporal sensitivity in evaluating the spatial equilibrium
of elderly care facilities (SEECF). The relationship between the SEECF and economic development is
not clear. In response to these problems, we proposed a spatial equilibrium model of elderly care
facilities with high spatiotemporal sensitivity (SEM-HSTS) and explored the spatiotemporal associa-
tions between the SEECF and economic development. Considering the spatial accessibility rate of
elderly care services (SARecs) and the spatiotemporal supply–demand ratio for elderly care services
(STSDRecs), two types of supply–demand relationship factors were constructed. Then, a spatiotem-
poral accessibility of medical services (STAms) factor was obtained based on a modified two-step
floating catchment area (M2SFCA) method. On this basis, the SEM-HSTS was constructed based on
the theory of coordinated development. Further, a panel threshold model was employed to evaluate
the influence relationships among population aging, SEECF, and gross domestic product (GDP) in
different phases. Finally, spatial autocorrelation and Geodetector explored the spatial associations
between SEECF and GDP across complex urban land use categories (ULUC). The experimental results
at a 100-m grid scale showed that the SEM-HSTS exhibited higher spatiotemporal heterogeneity than
the classical accessibility method, with elevated spatiotemporal sensitivity. Effectively identified
various spatial imbalances, such as undersupply and resource waste. The panel model captured
phased relationship changes, showing that SEECF had inhibitory and promotional effects on GDP in
pre- and post-aging societies, with stronger effects as balance approached. Moreover, the combined
interaction of ULUC and GDP had a more significant influence on SEECF than any individual factor,
with GDP exerting a more significant influence. This study provides an empirical basis for creating
resource-efficient elderly care facility systems and optimizing layouts.

Keywords: population aging; spatial equilibrium; spatiotemporal sensitivity; GDP; spatial associations

1. Introduction

According to the aging classification standards established by the United Nations in
1956 [1], when the proportion of individuals aged 65 and above exceeds 7% in a country or
region, it signifies the transition into an aging society; surpassing 14% indicates a deeply
aged society; and crossing the threshold of 20% denotes entry into a super-aged society.
According to reports from the United Nations, the global population is entering an aging
phase, with the number and proportion of elderly populations increasing in almost every
country. Population aging may emerge as one of the most significant social trends of the
21st century. However, as the degree of aging deepens, the supply of elderly care services
fails to meet the increasing demands of the elderly population. Issues such as the lack of
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comprehensive planning and the irrational spatial allocation of elderly care facilities are
becoming increasingly prominent [2–6]. Therefore, addressing population aging trends
effectively and optimizing the layout of elderly care facilities to promote supply–demand
balance holds paramount significance.

Spatial equilibrium has long been considered a cornerstone in the planning research of
elderly care facilities [7–10]. The spatial equilibrium of elderly care facilities (SEECF) implies
that the optimal state is one where the supply of elderly resources within a specific spatial
range matches the demands of the elderly population. Any spatial imbalances resulting
from supply–demand disparities can be rectified by restructuring spatial arrangements
and optimizing existing spaces [11]. Current research on the SEECF varies in terms of
the types of elderly care facilities, research methods, and spatial scale. Firstly, many
studies focus solely on service-oriented facilities catering to the daily living, care, and
recreational needs of the elderly population. Neglecting the essential medical and nursing
care facilities required for the elderly daily life [12–17]. Secondly, in terms of research
methodologies, there is a tendency to downplay the actual needs of the elderly population
in favor of emphasizing the supply of elderly care facilities. As seen in methods such as
kernel density estimation [18–20], service coverage rates [21], the Huff model [22–25], and
accessibility assessments [26–33]. Additionally, in terms of scale, precise population data
are fundamental components of effective urban management and strategic planning [34–36].
However, many existing studies utilize administrative divisions, such as districts [16,37–39],
streets [40–43], or communities [38,44–46], to represent population centers. This leads to
less accurate simulations of real-world scenarios. The deficiencies in different types of
research have brought severe challenges to the spatiotemporal sensitivity measurement of
regional SEECF, making it difficult to conduct a refined study of the SEECF. The refined
analysis of the SEECF is the basis for providing a decision-making basis for the scientific
planning and management of elderly care facilities [47,48]. It is necessary to propose a
fine-scale spatial equilibrium model of elderly care facilities that takes into account the
types of elderly care facilities and the relationship between supply and demand.

Population aging plays a significant role in the transition of China’s economic growth.
That is from the previous emphasis on the gross domestic product (GDP) scale expansion
to a shift towards high-quality economic development. There is a wealth of research on
the relationship between population aging and economic development [49,50]. Conflicting
conclusions exist concerning internal mechanisms and consequences due to varying re-
search perspectives. Some studies [51–54] find a significant negative impact of population
aging on economic growth. In contrast, others [55–57] argue that population aging may
contribute to GDP growth. Additionally, some research [58] suggests that with population
aging, the GDP growth rate initially increases before decreasing. Moreover, existing studies
on the relationship between elderly population factors and economic growth rarely inte-
grate different attributes of the elderly population into the same research framework. Most
studies only explore quantitative correlations, with limited research on spatial associations.
Furthermore, the relationships among population aging, SEECF, and economic develop-
ment remain unclear. Therefore, based on the panel threshold model, this study considers
that population factors and facility allocation equilibrium simultaneously affect economic
development. Thus, studying their influence patterns to provide multi-dimensional refer-
ences for facility planning and sustainable economic development. While there is extensive
research on the relationship between GDP and urban land use categories (ULUC) [59–67],
much of it focuses solely on construction land type [68–71]. Hence, this study further
explores the spatial associations between the SEECF, GDP, and ULUC.

At present, research on the spatial equilibrium model of elderly care facilities is limited
to service-type elderly care facilities. In the process of model construction, the focus is on
the supply capacity of elderly care facilities, and the actual needs of the elderly population
are weakened. The spatial scale of the research is mostly based on administrative divisions.
This large-scale regional setting makes the spatial equilibrium evaluation of elderly care
facilities low in spatiotemporal sensitivity. Most of the research on the SEECF and economic
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development has only explored the relationship between numerical distribution and rarely
involved the analysis of spatial association relationships. At the same time, the impact of
ULUC on the SEECF has not been considered. Therefore, it is urgent to construct a fine-scale
spatial equilibrium model of elderly care facilities that takes into account different types of
elderly care facilities and supply–demand relationships and further quantitatively analyze
its spatial association with economic development and ULUC.

To solve the above problems, this study first took into account different types of
elderly care facilities, such as service-oriented and medical care-oriented, and considered
the supply capacity of elderly care facilities and the actual needs of the elderly population
to construct a spatial equilibrium model of elderly care facilities with high spatiotemporal
sensitivity (SEM-HSTS). At the 100-m fine grid scale, considering the supply capacity
of elderly care facilities and the actual needs of the elderly population, we proposed
constructing two factors, i.e., the spatial accessibility rate of elderly care services (SARecs)
and the spatiotemporal supply–demand ratio for elderly care services (STSDRecs). By
employing the modified two-step floating catchment area (M2SFCA), we obtained the
spatiotemporal availability of medical services (STAms) factor. Facing the needs of per
capita resource fairness and facility accessibility efficiency, the coordination degree model
was introduced to calculate the SEECF with high spatiotemporal sensitivity. On this
basis, considering the high spatiotemporal sensitivity of the SEM-HSTS, this study further
explored its comprehensive association with economic development. Considering that the
elderly population factor and the SEECF will have an impact on GDP at the same time,
we investigated the phased influence relationships among the population aging, SEECF,
and GDP based on the threshold effect test. Through bivariate local spatial autocorrelation
analysis and risk factor detection, we quantitatively analyzed the spatial associations
among SEECF, GDP, and ULUC. This study can provide valuable insights into the precise
planning and layout of elderly care facilities and furnish a scientific theoretical basis for
the multi-dimensional management of such facilities within the context of joint economic
development and urban spatial structure.

2. Methods

Achieving spatial balance in elderly care facilities necessitates a comprehensive match-
ing between the quantity and quality of elderly care service resources and the demands
of the elderly population. Elderly individuals exhibit a high sensitivity to travel distance,
with inconvenience and distance being primary factors affecting their access to elderly care
services and medical services. The spatial equilibrium of elderly care facilities (SEECF) is
an index to quantify the balance of supply and demand distribution of elderly care facilities.
Accordingly, this study proposed the construction of three factors at a 100-m grid scale,
i.e., SARecs, STSDRecs, and STAms. These factors were integrated with a coordination
degree model to calculate the SEECF. By comparing the SEECF with accessibility using
three indicators—standard deviation, q-value of Geodetector, and the number of signifi-
cant regions of local spatial autocorrelation—this study established SEM-HSTS. Secondly,
leveraging the advantages of high temporal sensitivity, we employed a panel threshold
model to investigate the phased influence of SEECF on economic development in the
context of population aging. Lastly, based on the characteristics of high spatial sensitivity of
SEM-HSTS and Geodetector, we analyzed the spatial associations between the SEECF and
economic development under different ULUC, thereby obtaining precise spatiotemporal
associations of the SEECF and economic development. The overall technical process is
illustrated in Figure 1. It is divided into two main components, i.e., study of the SEM-HSTS
and study of the associations between the SEECF and economic development.
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Figure 1. Technology roadmap.

2.1. Study of the SEM-HSTS
2.1.1. Spatial Accessibility Rate of Elderly Care Services (SARecs)

The network analysis method can be used to analyze service coverage based on the
existing road network system, which, compared to directly selecting straight-line distance
as the service radius, can more accurately reflect the actual service range of elderly care
facility points. The specific steps for constructing the SARecs were as follows: (1) Set the
walking speed v of the elderly, calculate the time consumed for walking based on the road
length, add the walking time cost attribute as the time impedance attribute, and construct a
topologically connected central urban road traffic network. (2) Based on the created road
network dataset, construct service areas using network analysis tools, load the locations
of elderly care service facilities, set n interruption values of time impedance t1, t2, . . . tn,
and determine the service range of elderly care facilities in each period. (3) Score the
service areas for each period as ε1, ε2, . . . εn. To enhance the rationality of the factor from
the demand perspective, for regions with an aging degree α greater than the aging society
standard α0, the scores needed to be multiplied by the loss function ω [18]. The scores
remain unchanged for other regions, resulting in the final SARecs (θ), calculated as follows.

ε(t) =


ε1, 0 < t ≤ t1

...
εn, tn−1 < t ≤ tn

(1)

ϖ = e−α (2)

θ(xi, yi) =

{
ε(t), α ≤ α0

ε(t) · ϖ, α > α0
(3)
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In Equation (1), ε(t) represents the service capacity score of elderly care service facilities
in different periods t1, t2, . . . tn. Equation (2) defines the loss function ω, where α signifies
the degree of population aging. Equation (3) introduces θ(xi, yi) as the SARecs at location
(xi, yi), with α0 denoting the standard of an aging society, namely 7% [1]. Elderly care
service facilities of different scales exhibit a common phenomenon of service capacity
attenuation. That is, as the distance from the facilities increases (represented by time t),
their service capacity diminishes (represented by the service capacity score ε(t )). Compared
to methods such as kernel density, SARecs reveals greater spatial heterogeneity, indicating
higher spatial sensitivity.

2.1.2. Spatiotemporal Supply–Demand Ratio for Elderly Care Services (STSDRecs)

The supply–demand ratio reflected the degree of alignment between the demand
of elderly populations and the supply of elderly care service facilities at different spatial
locations, simultaneously capturing facilities’ quantity and occupancy status. In contrast
to the service coverage rate, it avoided the misconception of resource wastage due to
proximity in layout. With the elderly population as the focus, if they fell within the
service radius of elderly care service facilities, they could access the services provided by
these facilities. Different scales of elderly care service facilities had different service radii,
reflecting spatial heterogeneity. Additionally, the service capacity (number of beds) of
elderly care service facilities and the elderly population varied over time, demonstrating
temporal heterogeneity. In essence, it exhibited high spatiotemporal sensitivity. The
formula for calculating the STSDRecs is as follows:

ζ(xi, yi)T =
∑m bm,r,T

apopT
(4)

In Equation (4), ζ(xi, yi)T denotes the STSDRecs at location (xi, yi) and time T while
apopT represents the elderly population counts at location (xi, yi) and time T. Here, m
stands for the number of facilities within the service radius of the elderly care service
facility from position (xi, yi), and bm,r,T signifies the average supply of beds within the
radius r of elderly care service facilities at time T. The service radius is calculated based on
road network distance rather than Euclidean distance.

2.1.3. Spatiotemporal Availability of Medical Services (STAms)

In medical travel, proximity and convenience are the primary attractions. The Modified
Two-Step Floating Catchment Area (M2SFCA) method [72] assessed the availability of
medical facility resources per capita. Considering that not all facility resources are fully
utilized in the real world, an additional distance decay function was introduced in the
numerator to relax the original model assumptions, allowing for an inevitable loss in the
weighted sum of demand compared to the total supply, thus making the model more
realistic. As medical facility supply (number of beds) and elderly population demand
(number of elderly populations) change over time, considering the distance decay effect, it
exhibited high spatiotemporal sensitivity. This study calculated the STAms based on the
road network, with the formulas as follows [72]:

Rj,T =
Sj,T

∑k∈(dkj≤d0)
G(dkj, d0)Dk,T

(5)

G(dkj, d0) =

 e
−( 1

2 )·(
dkj
d0

)

2

−e−( 1
2 )

1−e−( 1
2 )

, dkj ≤ d0

0, dkj > d0

(6)

AF
i,T = ∑j∈(dij≤d0)

Rj,TG(dij, d0) = ∑j∈(dij≤d0)

{
Sj,T

∑k∈(dkj≤d0)
G(dkj, d0)Dk,T

}
G(dij, d0) (7)
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In Equation (5), where j represents primary healthcare facilities, k denotes grid points
of the elderly population, d0 stands for distance threshold, dkj signifies the distance between
primary healthcare facility j and elderly population grid point k, Dk,T represents the elderly
population counts at grid point k and time T, and Sj,T represents the total supply scale
at primary healthcare facility j and time T, precisely the number of beds. For primary
healthcare facilities without designated beds or experiencing data deficiencies, virtual
bed counts are calculated based on the proportional relationship between bed counts
and the number of physicians and nurses. Rj,T denotes the weighted sum ratio of the
total supply scale to the demand scale at the primary healthcare facility j and time T, i.e.,
the supply–demand ratio. G

(
dkj, d0

)
represents the Gaussian distance decay model with

its specific calculation formula provided in Equation (6). For each grid point i, primary
healthcare facilities j are searched within a radius of d0, and the sum of all supply rates Rj,T
is obtained to yield the STAms at the elderly population grid point i and time T, denoted
as AF

i,T (Equation (7)).

2.1.4. Spatial Equilibrium Model of Elderly Care Facilities with High Spatiotemporal
Sensitivity (SEM-HSTS)

The theory of coordinated development emphasizes the harmony and coordination
among elements within a system, which can propel comprehensive advancement and
enhance overall efficiency and level [73]. In constructing spatial equilibrium models, con-
siderations were given to the fact that the elderly population prioritizes daily service needs
over medical requirements. Consequently, two factors were proposed for elderly care
service facilities, i.e., SARecs and STSDRecs, while STAms was designated for medical facil-
ities. Both categories of facility indicators catered to fairness and efficiency requirements.
Fairness ensured that residents in each region could access essential elderly care services,
with minimal per capita resource allocation disparity manifested in the supply–demand ra-
tio within STSDRecs and STAms factors. Efficiency involved facilitating residents’ efficient
and convenient access to elderly care facilities and maximizing the utilization of eldercare
resources, demonstrated through SARecs and the Gaussian distance decay function within
the STAms factor. This significantly enhanced the method’s rationality, scientific nature, and
goal orientation. Additionally, due to the advantages of the three types of factors in terms
of spatiotemporal sensitivity, the resulting SEM-HSTS also exhibited high spatiotemporal
sensitivity. The specific calculation formulas are provided below [73].

DT =
√

CT × ET (8)

CT =

 ∏u
l=1 δl,T

(
1
u ∑u

l=1 δl,T)
u


1
u

(9)

ET = ∑u
l=1 al,Tδl,T (10)

In the equations, DT , CT , and ET represent SEECF, coordination, and comprehensive
evaluation indicators at time T, respectively. δl,T denotes the Gini coefficient for the l-th
indicator of the system at time T, corresponding to the three factors—SARecs, STSDRecs,
and STAms. The weight al,T for the l-th indicator at time T is determined using the Analytic
Hierarchy Process, satisfying ∑u

l=1 al,T = 1, where u is the number of indicators. It is
important to note that the Gini coefficient is calculated based on Voronoi polygon regions,
which are generated from elderly care facility points, and spatial interpolation is performed
to obtain the grid-scale SEECF.
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2.2. Study of the Associations between SEECF and Economic Development
2.2.1. Influence Analysis between SEECF and GDP Based on the Panel Threshold Model

The rational allocation of elderly care facilities is crucial in enhancing urban quality,
achieving social equity, and fostering economic development. However, there has been a
lack of research that analyzes the interrelationships among population aging, SEECF, and
economic development within the same framework. In the following sections, leveraging
the advantages of the high temporal sensitivity of SEM-HSTS and the enhanced significance
of endogenous threshold effects in panel threshold models, along with improved accuracy
in estimating threshold values, we integrated population aging, SEECF, and GDP into a
unified research framework to identify their phased relationship patterns. We established
the model as follows [49]:

YiT = β1agingiT · I(DiT < γ1) + β2agingiT · I(γ1 ≤ DiT < γ2) + · · ·+ βnagingiT · I(DiT ≥ γn) + ρXiT + εiT (11)

YiT = β1DiT · I(agingiT < γ1) + β2DiT · I(γ1 ≤ agingiT < γ2) + · · ·+ βnDiT · I(agingiT ≥ γn) + ρXiT + εiT (12)

In the equations, I (·) denotes a threshold function taking values of 1 or 0, where
it evaluates to 1 if the condition inside the parentheses is met and 0 otherwise. The
variables inside the parentheses represent threshold variables, with γ1, γ2. . .γn representing
threshold values; YiT denotes GDP; β1, β2. . .βn represent the degrees of the influence of
core variables on GDP at different threshold levels; ρ denotes the parameter capturing the
influence of control variables; XiT represents control variables; and εiT is independently
and identically distributed residuals. This study focuses on the relationships among
population aging (agingiT), SEECF (DiT), and GDP. Equation (11) examines the influence of
population aging on GDP with DiT as the threshold variable. At the same time, Equation (12)
investigates the influence of DiT on GDP with population aging as the threshold variable.
The residual sum of squares is computed for Equations (11) and (12) to calculate threshold
values, followed by calculating the F-statistic to test the significance of the threshold effects.
The null hypothesis for the threshold effects model is as follows [49]:

H0 : β1 = β2 = · · · = βn (13)

If the test for threshold effects does not reject the null hypothesis, it indicates the
absence of threshold effects. Conversely, rejecting the null hypothesis suggests the presence
of threshold effects. Subsequently, a test is conducted on the threshold values by construct-
ing the Likelihood Ratio (LR) statistic to examine their significance. LR is the ratio of the
value of the likelihood function of the unconstrained model to the value of the likelihood
function of the constrained model. The asymptotic distribution of the LR statistic depends
on sample moments and cannot be directly obtained. Therefore, the Bootstrap method
obtains the asymptotic distribution to derive the corresponding p-value. Upon confirming
the presence of threshold effects, the confidence interval for the threshold values is further
determined [49]. Building on these model specifications and hypothesis tests, empirical
tests are conducted on the relationships among the variables of interest in this study.

The selection of variables in the model is shown in Table 1 below, and logarithmic
transformations are applied to GDP, population size, and road network length to mitigate
endogeneity and multicollinearity.

Table 1. Variable selection in the panel threshold model.

Variable Type Variable Name

Dependent variable GDP
Core explanatory variables SEECF; population aging

Control variables Population size; road network length
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2.2.2. Spatial Associations Analysis between SEECF and GDP Based on the Bivariate Local
Spatial Autocorrelation

To obtain comprehensive associations between the SEECF and economic development,
it was essential to analyze the causal relationships between variables and explore their
spatial associations. This study began by utilizing the bivariate spatial autocorrelation,
which is highly applicable and effective in describing the spatial association and depen-
dence characteristics between two geographic elements. The Bivariate Moran’s I statistic
was employed to explore the spatial association features between the SEECF and GDP. The
principle is outlined as follows:

IB
i = cDi∑h ϖihGDPh (14)

In Equation (14), Di represents the SEECF at grid i; GDPh denotes the GDP value at
grid h, where grid h is spatially adjacent to grid i; c denotes a constant proportion factor;
ωih represents the spatial weight matrix; and IB

i indicates the local spatial distribution
correlation between the SEECF at grid i and GDP at grid h. The results can be classified into
the following four types of spatial clusters: H-H (high-high), L-L (low-low), H-L (high-low),
and L-H (low-high).

2.2.3. Spatial Associations Analysis among SEECF, GDP, and ULUC Based on Geodetector

The analysis of the spatial association between the SEECF and GDP, based on bivariate
local spatial autocorrelation, only examined the degree of clustering association. However,
ULUC also played a significant role in the spatial association analysis of both variables. The
high spatial sensitivity of the SEM-HSTS provided an excellent prerequisite for studying
spatial associations under different ULUC. Geodetector, a spatial analysis method for
detecting spatial stratified heterogeneity, is widely used for factor analysis. The Geodetector
includes the following four detectors: (1) Differentiation and risk factor detection, the
detection of the spatial differentiation of Y, and the extent to which the detection of a
factor X explains the spatial differentiation of attribute Y. (2) Interaction detection, which
identifies the interaction between different risk factors, i.e., assesses whether factors X1
and X2 increase or decrease the explanatory power of the dependent variable Y when they
work together, or whether the effects of these factors on Y are independent of each other.
(3) Risk zone detection, which is used to determine whether there is a significant difference
in the mean value of attributes between the two sub-regions. (4) Ecological detection, which
is used to compare whether there is a significant difference in the effects of two factors
X1 and X2 on the spatial distribution of attribute Y. This study primarily utilizes the risk
factor detector to explore the spatial stratified heterogeneity of the SEECF and to investigate
to what extent GDP and ULUC factors explain the spatial stratified heterogeneity of the
SEECF. It assessed the degree of spatial stratified heterogeneity by calculating the q-value
of the dependent variable (SEECF). Furthermore, by separately calculating and comparing
the q-values of individual factors and the q-value after the combination of two factors, it
could determine the presence of interaction between the two factors, as well as the strength,
direction, linearity, or non-linearity of the interaction [74]. The expression is as follows:

qp = 1 −
∑z Npzσ2

pz

Npσ2
p

(15)

In Equation (15), qp represents the q-value of the factor p; Np and σp respectively
represent the number of observations and the total variance of factor p across the entire
study area; Npz and σpz respectively denote the number and total variance of factor p within
the z-th sub-area. The q-value ranges from 0 to 1, with a higher value indicating more
significant spatial stratified heterogeneity of the SEECF and stronger explanatory power of
the factor for the SEECF. Conversely, a lower value suggests less significance and weaker
explanatory power.
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3. Study Area and Materials
3.1. Study Area

According to the “Analysis of Population Aging Situation in Wuhan in 2018” report
released by the Civil Affairs Bureau of Wuhan, by the end of 2018, the total registered
population of Wuhan was 8.8373 million, with 1.2425 million people aged 65 and above,
accounting for 14.06% of the total population. This marked the first time it has exceeded
14%, indicating that Wuhan has entered a stage of an aged society. Wuhan comprises seven
central urban districts, including Jiang’an District, Jianghan District, Qiaokou District,
Hanyang District, Wuchang District, Qingshan District, and Hongshan District. The degree
of aging in these central urban districts has consistently ranked in the top 10 among the
13 districts. These central urban districts possess advantageous geographical locations,
dense elderly populations, developed economies, convenient transportations, abundant
elderly care facilities, and diverse ULUC, making them suitable for studying the spatial
equilibrium of urban elderly care facility allocation and its associations with the economy.
The geographical location of the study area is shown in Figure 2.
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3.2. Data Description
3.2.1. Data Sources and Pre-Processing

The data used in this study include population, elderly population (aged 65 and
above), points of interest (POI), road network, GDP, primary healthcare facilities, elderly
care facilities, and ULUC data. The data information is summarized in Table 2 below:

Regarding POI data, the initial step involved filtering for subcategories under the
broad categories of healthcare services and sanatoriums under the category of sports and
leisure services. Following this, data cleansing and processing were conducted to obtain
datasets of elderly care facilities, with attributes such as the number of beds assigned
based on information obtained from the Elderly Care Information Network. Subsequently,
subcategories under healthcare services, including clinics and health centers, were selected.
Through data cleansing, classification, and processing, primary healthcare facilities were
obtained. Which include attributes such as the number of physicians, nurses, and beds.
Aging data could be computed based on population and elderly population grid data.
ULUC data were converted into raster data, and all raster data were resampled to 100-m
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pixel size. The coordinate systems for all data were standardized to the Equal Area Albers
projection system (Krasovsky_1940_Albers).

Table 2. Name, source, year, and type of the experimental data.

Name Source Year Type

population WorldPop (https://hub.worldpop.org, accessed on
23 July 2024) 2010, 2015, 2020 Raster (100 m)

elderly population WorldPop (https://hub.worldpop.org, accessed on
23 July 2024) 2010, 2015, 2020 Raster (100 m)

POI Amap (https://ditu.amap.com/, accessed on
23 July 2024) 2010, 2015, 2020 Point

road network Amap (https://ditu.amap.com/, accessed on
23 July 2024) 2010, 2015, 2020 Line

GDP https://doi.org/10.6084/m9.figshare.17004523.v1 [75],
accessed on 23 July 2024 2010, 2015, 2020 Raster (1000 m)

elderly care facilities https://www.yanglaocn.com/, accessed on 23 July 2024 2023 Point

ULUC http://data.ess.tsinghua.edu.cn/ [76], accessed on
23 July 2024 2018 Polygon

3.2.2. Settings of Relevant Parameters

When calculating the SARecs, impedance threshold values of 5, 10, 15, 30, and 60 min
were set, respectively, to determine the service areas of elderly care service facilities at
different time intervals, as shown in the corresponding initial scoring table in Table 3.

Table 3. Scores of service scope of elderly care service facilities.

Time Period Score

[0, 5] min 10
(5, 10] min 9

(10, 15] min 8
(15, 30] min 6
(30, 60] min 3

>60 min 0

After comprehensive review and redefinition, the term “elderly care facilities” men-
tioned in this study included elderly care service facilities and medical facilities. Taking the
data of community-based elderly care facilities in the central urban area of Wuhan city as an
example for experimentation, elderly care service facilities included nursing homes, homes
for the elderly, elderly care homes, senior apartments, daycare centers, elderly daycare
centers, and senior activity centers, while medical facilities referred to primary healthcare
facilities, including community health service centers, community health service stations,
and clinics. According to relevant standards [77], the service radii of elderly care service
facilities and primary healthcare facilities are shown in Tables 4 and 5, respectively.

Table 4. Service radii of elderly care service facilities.

Type Service Radius/m

Homes for the elderly (including social welfare
centers, honor homes, and elderly sections in

social welfare institutes)
1000

Nursing homes 1000
Elderly care homes 1000
Senior apartments 1000

Elderly daycare centers 500
Daycare centers 500

Senior activity centers 500

https://hub.worldpop.org
https://hub.worldpop.org
https://ditu.amap.com/
https://ditu.amap.com/
https://doi.org/10.6084/m9.figshare.17004523.v1
https://www.yanglaocn.com/
http://data.ess.tsinghua.edu.cn/
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Table 5. Service radii of primary healthcare facilities.

Type Service Radius/m

Community health service centers 1000
Community health service stations 300

Clinics 500

4. Results

In empirical research, we first computed the SEECF for 2010, 2015, and 2020 based
on the model constructed in this study. We compared our approach with the classical
accessibility assessment method, evaluating the sensitivity to spatiotemporal dynamics
using three indicators, i.e., standard deviation, q-value of Geodetector, and the number
of significant regions detected by local spatial autocorrelation. Furthermore, employing a
panel threshold model, we identified the phased influence patterns of population aging,
SEECF, and economic development. Lastly, utilizing factor detection of Geodetector along
with bivariate spatial autocorrelation analysis, we investigated the spatial associations
among SEECF, economic development, and ULUC.

4.1. SEM-HSTS

The spatial equilibrium of elderly care facilities (SEECF) is an index to quantify the
balance of supply and demand distribution of elderly care facilities. It is a numeric variable
with a value range of [0, 1]. The spatial equilibrium state of elderly care facilities (SESECF)
is an index to evaluate the balance of supply and demand distribution of elderly care
facilities, which is a text variable, and its correspondence with the SEECF is shown in
Table 6 below. The larger the value of the SEECF, the more imbalanced, and the smaller the
value of the SEECF, the morebalanced. This indicates that there is a negative correlation
between the SEECF and the SESECF.

Table 6. Table of correspondence between SEECF and SESECF.

SEECF SESECF

[0, 0.2] well balanced
(0.2, 0.4] moderately balanced
(0.4, 0.5] mildly balanced
(0.5, 0.6] mildly imbalanced
(0.6, 0.8] moderately imbalanced
[0.8, 1] severely imbalanced

To further quantitatively compare the spatial sensitivity of the two methods, this study
evaluated three indicators, i.e., standard deviation, q-value of Geodetector, and the number
of significant clusters in local spatial autocorrelation. These indicators represented three
evaluation dimensions. Since the SEECF, obtained through computation, was dimension-
less and ranged from [0, 1], normalization of the accessibility results was required for
comparison. A higher standard deviation indicates greater dispersion, hence higher spatial
sensitivity. The q-value of Geodetector represents spatial stratified heterogeneity, with a
range of [0, 1]. Moreover, calculations were made using the Graphical detector tool in the
QGIS software. A higher q-value indicates more pronounced spatial stratified heterogeneity,
implying higher spatial sensitivity [78]. The number of significant clusters in local spatial
autocorrelation represents local spatial heterogeneity, with a greater quantity indicating
more evident local spatial heterogeneity [79], assessed using the Local Moran’s I method.
Calculations were made using the Univariate Local Moran’s I tool in the GeoDa software.
In addition to spatial sensitivity, this study also investigated the temporal sensitivity of
SEECF and accessibility over different periods using the same indicators. The Differential
Local Moran’s I method was employed for local spatial autocorrelation.
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4.1.1. Distribution of SEECF and Comparison of Spatial Sensitivity between SEECF
and Accessibility

The classic accessibility assessment employed the M2SFCA method [72] for compu-
tation, contrasting with the spatiotemporal sensitivity of the SEM-HSTS proposed in this
study. In ArcGIS, experimental results depicted the SEECF and accessibility distribution
maps for the central urban area of Wuhan in 2010, 2015, and 2020 (Figure 3). Figure 3a–c
illustrate the SEECF distribution, while Figure 3d–f depict the accessibility distribution. The
SEECF was categorized based on computed values, with thresholds delineating balanced
from imbalanced conditions. According to international standards, the number of nursing
home beds per thousand elderly individuals typically ranges from 40 to 50. The Chinese
Ministry of Civil Affairs set a target of 40 beds per thousand elderly individuals in 2020,
while the Wuhan city government aimed for five beds per hundred elderly individuals.
Building upon the analysis using the M2SFCA method and based on relevant literature [16],
we further classified the accessibility of elderly care facilities into six levels based on the
number of beds available per 100 elderly individuals, i.e., strong (>5), relatively strong
(4–5), slightly strong (3–4), slightly weak (2–3), relatively weak (1–2), and weak (0–1). In
traditional evaluation methods [80], the degree of supply–demand matching was directly
represented by the accessibility of elderly care facilities, corresponding to SEECF.
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(1) Dissimilarity in the distribution of SEECF.

Figure 3a–c show that over time, the red areas representing spatial imbalance had
increased. Overall, the SEECF exhibited a slight tendency towards imbalance. Calcula-
tions revealed that the proportion of imbalanced areas had risen from 61.89% to 84.24%.
However, significant differences in spatial balance persisted among regions, with distri-
bution remaining uneven. Specifically, in Figure 3a, the core urban areas in 2010 were
predominantly imbalanced, primarily due to a supply of elderly care facilities significantly
lower than the demand from the population aging, with slightly better spatial balance
observed in more peripheral areas. In Figure 3b for 2015, the southwestern and some
peripheral areas showed better balance compared to the central core areas, attributed to
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the continuous improvement in the quantity and accessibility of facilities alongside the
development of elderly care facilities and road networks. However, the growth rate of the
elderly population demand in these regions was slower than in the core areas. In Figure 3c
for 2020, the balance shifted towards the core areas, mainly due to policy inclinations.

(2) Comparison of spatial sensitivity between SEECF and accessibility.

While the overall findings align with existing research [16,40,42,80,81] and accessi-
bility experiments, there were also divergent results. Taking 2020 as an example, regions
marked with green circles in Figure 3c indicated spatial imbalance of SEECF, whereas
strong accessibility in Figure 3f implied spatial balance. Further analysis, incorporating
elderly care facilities kernel density and elderly population distribution (Figure 4), revealed
these areas exhibited an abundance supply of beds but relatively low elderly population
numbers, indicative of spatial imbalance resulting from resource inefficiency. Consequently,
it preliminarily revealed that the spatial distribution of SEECF proposed in this study
was more complex, with significant differences extending beyond the relatively vague
phenomena observed at the village and street levels. This advantage stemmed not only
from the analysis at the high spatial resolution but also from the careful consideration of
the following three factors proposed in this study: SARecs, STSDRecs, and STAms, which
accounted for the attenuation of service capacity of elderly care facilities at different scales
and the actual needs of the elderly population, thus demonstrating high spatial sensitivity.
Based on these findings, precise spatial planning and optimization of existing space for
elderly care facilities can be supported with robust geographical information.
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The evaluation of the spatial sensitivity of SEECF and accessibility (Table 7) revealed
that the standard deviation of SEECF was greater than that of accessibility each year, indi-
cating higher dispersion compared to accessibility. Additionally, the q-value for SEECF was
consistently higher than that for accessibility, signifying more pronounced spatial stratified
heterogeneity. With a total grid count of 73,289, the number of significant clusters of SEECF
detected by Local Moran’s I exceeded that of accessibility, indicating more pronounced local
spatial heterogeneity compared to accessibility. Altogether, these findings demonstrated
that the SEM-HSTS constructed in this study exhibited higher spatial sensitivity.
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Table 7. Results of spatial sensitivity evaluation.

Evaluation Index
2010 2015 2020

SEECF Accessibility SEECF Accessibility SEECF Accessibility

standard deviation 0.28776 0.03112 0.18348 0.02722 0.15059 0.04008
q-value 0.96679 0.15271 0.93119 0.07929 0.90846 0.12469

the number of significant clusters 45,543 29,680 44,024 27,639 42,788 24,274

4.1.2. Comparison of Temporal Sensitivity between SEECF and Accessibility

The temporal sensitivity evaluation was conducted for the periods 2010 to 2020, 2010
to 2015, and 2015 to 2020 (Table 8). The results indicated that for any given period, the
standard deviation of SEECF exceeded that of accessibility, as did the q-value, and the
number of significant clusters detected by Differential Local Moran’s I was greater than
that of accessibility, implying greater temporal heterogeneity compared to accessibility.
These findings collectively demonstrated the higher temporal sensitivity of SEM-HSTS.
This advantage was primarily attributed to the consideration of changes in service capacity
(bed count) and elderly population demand (elderly population) over time within the
factors STSDRecs and STAms.

Table 8. Results of temporal sensitivity evaluation.

Evaluation Index
2010–2020 2010–2015 2015–2020

SEECF Accessibility SEECF Accessibility SEECF Accessibility

standard deviation 0.22820 0.04446 0.20835 0.03446 0.11763 0.03027
q-value 0.97762 0.96697 0.96979 0.96337 0.93602 0.92795

the number of significant clusters 45,237 4290 44,134 5521 37,270 5557

4.2. Analysis of the Associations between SEECF and Economic Development
4.2.1. Influence Relationships between SEECF and Economic Development

(1) Threshold effect test of population aging on GDP.

Experiments were performed in Stata software. Table 9 presents the results of the
threshold effect model test for the influence of population aging on GDP. Generally, a
p-value < 0.05 indicates the existence of a threshold. The results indicated a single threshold
effect test with a p-value of 0.31, suggesting the absence of a threshold effect in the impact
of population aging on GDP. The F-value represents the noise level, where a higher value
indicates a smaller proportion of noise to the signal. Critical values at 1%, 5%, and 10%
indicate the LR statistic accepted at the corresponding levels [49].

Table 9. Threshold effect test of the influence of population aging on GDP.

Threshold Variable: SEECF

F-Value p-Value
Critical Value

1% 5% 10%

GDP Single Threshold 66.57 0.3100 35.6962 24.7155 20.2754

Although there was no threshold effect in the influence of population aging on GDP,
implying no significant difference in the effect of population aging on GDP under different
SEECF, the results (Table 10) showed negative coefficients for the variables in the right
column, indicating an inhibitory effect of population aging on GDP. Additionally, it could
be observed that under the backdrop of population aging, the coefficient for population size
was 0.8974, while for transportation infrastructure, it was 0.2012. This suggested that the
influence of population size on GDP was more potent than transportation infrastructure’s.
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Table 10. Empirical test of the influence of population aging on GDP.

Threshold Variable: SEECF

GDP

Transportation infrastructure 0.2012 (0.0010)
Population size 0.8974 (0.0731)
SEECF ≤ 0.6528 −0.1031 (0.1685)
SEECF > 0.6528 −0.2105 (0.1727)
Constant term −0.5908 (0.3232)

R2 0.9985
F 345.58

Standard errors are given in parentheses.

(2) Threshold effect test of SEECF on GDP.

Table 11 presents the results of the threshold effect model test for the influence of the
SEECF on GDP. The results indicated a single threshold effect test with a p-value of 0.0133
and a double threshold effect test with a p-value of 0.06, suggesting that the influence of
SEECF on GDP existed only as a single threshold effect.

Table 11. Threshold effect test of the influence of SEECF on GDP.

Threshold Variable: Population Aging

F-Value p-Value
Critical Value

1% 5% 10%

GDP Single Threshold 35.11 0.0133 35.2553 29.3000 23.7466
GDP Double Threshold 25.61 0.0600 32.4780 26.1512 23.0487

Table 12 displays the effect of the SEECF on GDP, with population aging as the thresh-
old variable, where the coefficients are listed in the right column. When the degree of
population aging was ≤0.0637 (indicating a pre-aging society), the SEECF positively af-
fected GDP, with a coefficient of 0.0247. As the SEECF and the spatial equilibrium state of
elderly care facilities (SESECF) are inversely related, SESECF exerted an inhibitory effect on
GDP, with a more substantial inhibitory effect as it approached spatial balance. Conversely,
when the degree of population aging was >0.0637 (approaching an aging society), the
SEECF exerted an inhibitory effect on GDP, with a coefficient of −0.0079. In this scenario,
the SESECF promoted GDP, with a more substantial promotional effect as it tends towards
spatial balance. The panel threshold model utilized time-series data from 2010 to 2020, en-
abling the capture of detailed effects over a comprehensive period due to the high temporal
sensitivity of SEM-HSTS. These conclusions not only revealed the relationships between
the SEECF and GDP but also demonstrated the staged influence patterns under different
stages of aging, providing insights for the planning of elderly care facilities considering
economic development prerequisites and population aging background. Additionally, it
was observed that under the backdrop of SEECF, the coefficient for population size was
0.9127, while for transportation infrastructure, it was 0.1973, indicating that the influence
of population size on GDP consistently outweighed that of transportation infrastructure.

Table 12. Empirical test of the influence of SEECF on GDP.

Threshold Variable: Population Aging

GDP

Transportation infrastructure 0.1973 (0.0091)
Population size 0.9127 (0.0391)

Population aging ≤ 0.0637 0.0247 (0.0134)
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Table 12. Cont.

Threshold Variable: Population Aging

GDP

Population aging > 0.0637 −0.0079 (0.0103)
Constant term −0.6521 (0.1676)

R2 0.9986
F 372.80

Standard errors are given in parentheses.

4.2.2. Spatial Associations between SEECF and Economic Development

Following the identification of the phased influence relationships between the SEECF
and economic development, this study explored their spatial associations. Initially, based
on the bivariate spatial autocorrelation analysis method, an analysis of the SEECF and GDP
in the central urban area of Wuhan in 2020 was conducted. Experiments were performed
in GeoDa software. The global spatial autocorrelation analysis yielded a Moran’s I value
of −0.323 with a p-value of 0.001. The distribution of points along the horizontal and
vertical axes was relatively uniform, indicating a significant negative association between
the SEECF and GDP in the central urban area of Wuhan in 2020 within a 99% confidence
interval. The results also highlighted the importance of investigating the spatial associations
between the two variables. Local Spatial Autocorrelation Analysis results in obtaining a
BiLISA cluster map (Figure 5). LISA (Local Indicators of Spatial Association) is a method
for spatial data analysis to identify spatial cluster patterns. Based on the similarity of data
in geographic space, it calculates the local spatial correlation index of each region so as to
judge the local spatial autocorrelation. Figure 5 revealed significant “high-high” clustering,
indicating a correlation between high GDP and spatial imbalance in some core areas and
transitional zones, accounting for 13.93% of the total. Conversely, “low-low” clustering,
denoting a correlation between low GDP and spatial balance, was observed in peripheral
areas, representing 4.91% of the total. Additionally, “high-low” clustering, indicating a
correlation between high GDP and spatial balance, was prevalent in most areas of the core
region, accounting for 21.79% of the total. Furthermore, “low-high” clustering, indicative
of a correlation between low GDP and spatial imbalance, was observed in peripheral
areas and some transitional zones, representing 17.57% of the total. These phenomena
preliminarily reflected the complexity of the spatial correlations between the SEECF and
GDP. The areas with high GDP and spatial balance were primarily concentrated in the
core region, followed by areas with low GDP and spatial imbalance, showing an uneven
distribution. This conclusion confirmed the previously mentioned influence relationships
and demonstrated its specific spatial distribution. It was the high spatial sensitivity of SEM-
HSTS that enabled the precise identification of the differential distribution associated with
GDP. Based on the spatial correlations conclusions, GDP development can be promoted by
improving the SESECF in regions.

After the previous analysis, it can be seen that there are phased hierarchical impact re-
lationships and spatial correlation differences between economic development and SEECF.
At present, many studies have explored and found that there is a significant spatial associa-
tion between GDP and different ULUC, so ULUC are likely to affect the spatial allocation
of elderly care facilities. In this study, Geodetector was used to study the relative effects of
ULUC, GDP, and the interaction between the two on the SESECF. The temporal changes are
depicted in Figure 6. It could be observed that over time, and with changes in the SESECF,
the influence of GDP on the SESECF was more significant than that of ULUC. Addition-
ally, the combined interaction of ULUC and GDP had a more substantial influence on the
SESECF than any single factor alone. This underscored the necessity of considering ULUC
when exploring the spatial associations between the SEECF and economic development.
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In addition, risk area detection, risk factor detection, and ecological detection all
indicated significant differences in the influence of GDP versus ULUC on the SEECF, with
the former exhibiting a more decisive influence. We further explored the spatial associations
in 2020. The spatial distribution maps of SEECF, GDP, and ULUC in the central urban area
of Wuhan in 2020 are depicted in Figure 7.

Figure 7c showed that ULUC were diverse and spatially unevenly distributed, with
variations in land area. Therefore, the high spatial sensitivity of the SEM-HSTS provided a
superior and essential prerequisite for investigating the spatial associations under different
ULUC, enabling precise and distinct conclusions. Statistical analysis of SEECF and GDP
by ULUC yields Table 13 and Figure 8. Analyzing in conjunction with Figure 7, it was
evident that the type with the lowest average value of SEECF, indicating the most balanced,
was transportation stations. Simultaneously, this type exhibited the highest average GDP,
corresponding to the phenomenon of spatial balance in the core areas correlated with
high GDP as mentioned earlier. Similar patterns were observed for business office type,
commercial service type, and sport and cultural type. Conversely, the urban land type
with the highest average value of SEECF, indicating the most imbalanced, was the airport
facility type. Additionally, this type showed the lowest average GDP, corresponding to
the phenomenon of spatial imbalance in the peripheral areas with low GDP correlation as
mentioned earlier. Similar patterns were observed for medical type, administrative type,
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and park and green type. Industrial types near the Qingshan district exhibited spatial
imbalance correlated with high GDP, while those near Hanyang district exhibited spatial
balance correlated with low GDP. Residential type in the Jiang’an district exhibited spatial
imbalance correlated with high GDP, whereas most residential type in other areas exhibited
spatial balance correlated with low GDP. Educational type showed no significant correlation
between SEECF and GDP. The maximum difference in average values of SEECF among
all ULUC was approximately 0.15, with all being in a state of imbalance, indicating an
insignificant difference. This also indirectly reflected that the influence of ULUC on SEECF
was smaller than that of GDP.
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Table 13. Statistical table of SEECF, GDP, and ULUC.

ULUC Average of SEECF Average of GDP

Residential 0.648614 53.132159
Business office 0.606417 65.587837

Commercial service 0.527255 61.842093
Industrial 0.595075 44.633519

Transportation stations 0.519569 66.422399
Airport facility 0.762188 25.951213
Administrative 0.746214 38.308079

Educational 0.695867 47.545746
Medical 0.681549 42.278336

Sport and cultural 0.534834 55.892979
Park and greenspace 0.677570 39.862133
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5. Discussion
5.1. Study of the SEM-HSTS

In summary, the core areas of the central urban region exhibited a better spatial
equilibrium state of elderly care facilities (SESECF), while the peripheral areas showed
poorer SESECF. The core areas serve as the leading economic zones in Wuhan, whereas the
peripheries are relatively underdeveloped. This indicates that the economic development
of a region has a certain degree of influence on the spatial equilibrium state of elderly care
facilities (SEECF), consistent with findings from other studies [16]. In the central urban
districts of Wuhan, there was a trend towards spatial imbalance in elderly care facilities,
accompanied by an uneven development of elderly care services, leading to significant
regional disparities and an overall poor SESECF. The spatial equilibrium model of elderly
care facilities with high spatiotemporal sensitivity (SEM-HSTS) developed in this study not
only demonstrated greater spatiotemporal sensitivity compared to the accessibility method
but also identified instances of resource wastage that the latter failed to detect, enabling
a more nuanced analysis. Government authorities should intervene with substantive
measures tailored to the specific realities, such as regulating existing facility stocks and
adjusting the distribution of distribution structures, to reduce disparities and improve
resource utilization efficiency.

By observing the three factors (SARecs, STSDRecs, and STAms) and the three indicators
(standard deviation, q-value of the Geodetector, and the number of significant clusters in
spatial autocorrelation) to evaluate the spatiotemporal sensitivity of the model proposed in
this study, we can know where the problems are. Further corrections are made to achieve
spatial balance.

5.2. Analysis of the Associations between SEECF and Economic Development
5.2.1. Influence Relationships among SEECF, Population Aging, and GDP

Utilizing the high temporal sensitivity of SEM-HSTS, this study explored the relation-
ships between the SEECF, population aging, and GDP based on panel threshold models.
The results indicated that population aging had a restraining effect on GDP. As the popula-
tion ages, government expenditures on elderly care increase, including pensions, retirement
benefits, and healthcare for the elderly. According to the life-cycle consumption theory [82],
savings accumulated earlier in life are consumed, leading to greater consumption as the
population ages, potentially stimulating GDP growth to a certain extent. However, pop-
ulation aging may exacerbate labor shortages and reduce innovation, thereby lowering
societal labor productivity [83–85]. Furthermore, deepening population aging may lead
to higher income distribution, reducing the proportion of economic output available for
productive investment, thus hindering capital accumulation and lowering the potential
economic output level [86,87].

Additionally, it was found that before entering an aging society, the effect of the elderly
population size had not yet expanded. At this stage, the SESECF exhibited a restraining
effect on GDP; however, upon entering an aging society, as the aging process deepens,
although the scale of labor supply decreases and the burden of supporting the elderly
increases, the SESECF also improved significantly. Moreover, as it tends toward spatial
balance, the demands of the elderly are met while elderly care resources are fully utilized.
This benefits the development of the elderly care industry and enhances the ability to attract
labor, thereby contributing to GDP growth.

5.2.2. Spatial Associations among GDP, ULUC, and SEECF

Utilizing the high spatial sensitivity of SEM-HSTS, this study explored the spatial
associations among GDP, urban land use categories (ULUC), and SEECF. It revealed that the
combined interaction effect of ULUC and GDP on SEECF was stronger than any individual
factor. Moreover, the influence of GDP on the SEECF was significantly greater than ULUC.
This conclusion reaffirms the notion that regional economic development has a significant
influence on SEECF, surpassing that of urban functional structure. Further exploration of
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the spatial associations among the three variables yielded rich insights, from which several
recommendations for the planning of elderly care facilities in the central urban area of
Wuhan can be derived as follows:

(1) Poor SESECF was observed in medical and administrative land use types, neces-
sitating measures such as the addition of elderly care facilities and adjustment of
distribution structures to enhance SESECF.

(2) Favorable SESECF was observed in commercial service, transportation stations, busi-
ness offices, and sport and cultural land use types. For the minority of areas expe-
riencing spatial imbalance, improvement can be achieved by adjusting the stock of
elderly care facilities, potentially leading to positive effects on GDP.

(3) Residential, industrial, and educational land use types exhibited varied SESECF,
requiring improvement strategies tailored to specific distribution patterns, possibly
through a combination of both methods.

5.3. Limitations

The future development of urban elderly care facilities should align to achieve refined
urban management and fully consider the elderly’s preferences for care and medical
services. Although this study conducted experiments at a finer grid scale and proposed
three factors for constructing the spatial equilibrium model of elderly care facilities, which
better reflected the dual perspectives of supply and demand compared to the accessibility
method and exhibited greater spatiotemporal sensitivity, the planning recommendations
drawn are somewhat limited and biased due to data constraints, as experiments were only
conducted on community-based elderly care facilities in the central urban area of Wuhan.
When this study explored the impact of GDP and ULUC on the SEECF, it only analyzed
how the combined effect of the two affected the SEECF and did not analyze their individual
effects. Future research can consider using more rigorous and scientific influencing factor
analysis methods to explore the individual and combined effects of GDP and ULUC on the
SEECF. It can also look for other relevant influencing factors for analysis and further find
the specific impact mechanisms or pathways of each factor on the elderly care facilities.
At the same time, it is also necessary to explore the causal relationship between various
factors and the SEECF in the next step of work so as to obtain a more comprehensive
understanding and lay a solid foundation for the development of practical work. In future
work, we can set key parameters in site selection analysis or facility optimization analysis
based on the spatial equilibrium model of elderly care facilities proposed in this study and
the analysis of the correlation between the SEECF and economic development under the
background of population aging, and enhance the existing models so as to provide a more
scientific reference for the comprehensive optimization of urban elderly care services and
facility planning layout.

6. Conclusions

This study proposes to construct two types of factors, namely the spatial accessibility
rate of elderly care services (SARecs) and the spatiotemporal supply–demand ratio for el-
derly care services (STSDRecs). It further utilizes the modified two-step floating catchment
area (M2SFCA) method to obtain the factor of the spatiotemporal availability of medical
services (STAms). Subsequently, these three types of factors are introduced into a coordina-
tion model to construct the spatial equilibrium model of elderly care facilities with high
spatiotemporal sensitivity (SEM-HSTS) at a 100-m grid scale. Leveraging the advantages of
high temporal sensitivity, the study employs a panel threshold model to explore the phased
relationships among population aging, the spatial equilibrium state of elderly care facilities
(SEECF), and GDP. Finally, leveraging the advantages of high spatial sensitivity, the study
employs Geodetector to investigate the spatial associations between the SEECF, urban land
use categories (ULUC), and GDP. The research findings are as follows:

1. Compared to the classical accessibility method, the SEM-HSTS constructed in this
study demonstrates higher spatiotemporal heterogeneity, exhibiting enhanced spa-
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tiotemporal sensitivity. Consequently, it can identify various spatial imbalance phe-
nomena, such as insufficient supply and resource wastage. Over time, the overall
SEECF in the central urban area of Wuhan shows a weak tendency towards imbalance,
with the proportion of imbalanced areas increasing from 61.89% to 84.24%. However,
significant differences in SEECF between regions persist, maintaining an uneven
distribution. Based on these findings, robust references are provided for more precise
spatial planning and optimization of existing spaces for elderly care facilities.

2. The high temporal sensitivity of SEM-HSTS allows the model to capture detailed
effects over extended periods, thus obtaining precise threshold values and degrees of
influence. Population aging exhibits a suppressive effect on GDP. Before and after en-
tering an aging society, the spatial equilibrium state of elderly care facilities (SESECF)
respectively exhibits suppressive and promotional effects on GDP, with a stronger
influence as it tends towards spatial balance. The high spatial sensitivity of SEM-
HSTS provides a necessary prerequisite for studying the spatial associations under
complex and unevenly distributed ULUC, enabling precise and evident conclusions.
The influence of GDP on the SESECF outweighs that of ULUC, while the combined
interaction of ULUC and GDP has a more substantial influence on the SESECF than
any single factor alone. The spatial association between GDP and SESECF under the
influence of ULUC is diverse. The types of transportation stations, commercial offices,
business offices, commercial services, and sports and cultural facilities showed that
the spatial balance of elderly care facilities correlated with high GDP. The airport
facility type, medical type, administrative type, and park and green type have the
phenomenon of spatial imbalance correlated with low GDP. Educational type showed
no significant association between SEECF and GDP. When planning the layout of
elderly care facilities, it is feasible to select suitable locations more accurately based
on the region’s population aging, such as near educational land use type, achieving
both spatial balance in elderly care facilities and promoting sustainable economic de-
velopment objectives. Thereby providing robust geographical and spatial information
support for high-quality elderly care services.
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