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and analysis of influencing factors based
on grey fractional-order and grey relational
models: a case study of Jiangsu Province, China
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Abstract

Background With the rapid development of society, China is facing an increasingly serious problem of population
aging. This trend poses new challenges to the labor force structure, public medical care construction and elderly care
services, forcing the government to make a series of policy adjustments. Jiangsu Province, as a region with promi-
nent aging problems in China, has a particularly significant aging phenomenon. Against the backdrop of the Chinese
government’s active response to the challenges of aging, this study conducts an in-depth analysis of the aging trend
and its influencing factors in Jiangsu Province.

Methods Based on the statistical data of the total population and the aging population in Jiangsu Province

from 2011 to 2023, this study employs the grey fractional-order prediction model (FGM(1,1)) to forecast the trend

of the aging population and the aging coefficient in Jiangsu Province over the next decade. Additionally, grey
relational analysis (GRA) based on panel data was conducted to thoroughly examine the relevant influencing factors
of population aging in Jiangsu Province. The analysis identified key factors such as general public budget expenditure,
health technicians, urbanization rate, and education level as being highly correlated with population aging.

Results The results of trend prediction indicate that the elderly population in Jiangsu Province is projected to con-
tinue increasing over the next decade, with the degree of aging becoming more pronounced. Additionally, GRA
based on panel data reveals that factors such as general public budget expenditures and the number of health
technicians significantly influence the aging process. This suggests that public financial investment and the quantity
and quality of health technicians play crucial roles in shaping the aging trend.

Conclusions In conjunction with the analysis results from FGM(1,1) model and GRA of panel data, this study
enhances the comprehensive understanding of the aging issue in Jiangsu Province. The insights derived herein
offer crucial data support and a scientific foundation for both Jiangsu Province and the Chinese government

to develop policies addressing population aging. Considering the anticipated future trends in aging, it is recom-
mended that the government revise fertility policies to optimize population structure, increase investment in public
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finance and medical security, and promote the development of elderly care systems. These measures aim to mitigate
the challenges posed by aging and achieve sustainable economic and social development.

Keywords Population aging, Trend prediction, Analysis of influencing factors, Grey fractional-order model, Grey

relational analysis, Panel data

Introduction

On a global scale, population aging has become a social
phenomenon that cannot be ignored. According to the
United Nations, the number of elderly people aged 60
and over in the world is growing at an alarming rate and
is expected to reach 2.1 billion by 2050, accounting for
22% of the global population. Similarly, China is facing a
severe population aging. According to China’s National
Bureau of Statistics, the number of people aged 60 and
above in China has reached 296 million in 2020, account-
ing for 21.1% of the total population, and the proportion
is expected to exceed 30% by 2050. This demographic
shift has had a profound impact on society, the econ-
omy, and the healthcare system [1]. It is of great practi-
cal significance and academic value to study population
aging. First, a better understanding of aging can help
formulate effective policies to deal with the attendant
labor shortages, increased pension burdens, and strained
health-care resources. Secondly, aging research helps
to improve the quality of life of the elderly and promote
healthy aging. Through scientific research, factors affect-
ing the health and well-being of the elderly can be found,
thus providing a basis for the development of targeted
interventions. Finally, aging research also has important
economic significance, which can reduce the social and
economic burden and promote the sustainable develop-
ment of society by extending the healthy life span and
increasing the labor force participation rate.

Characteristics of China’s population aging

Under the background of global aging, countries have
their own priorities when dealing with this problem, and
China’s aging problem presents a unique dual character-
istics. On the one hand, compared with developed coun-
tries such as Europe, the United States and Japan, China
not only has a larger elderly population base, but also
the aging process is significantly accelerated. Under the
combined effect of long-term family planning policy and
rapid urbanization process, the "4—2-1" family structure
is becoming more and more common, and the traditional
family pension function is gradually weakened, which
puts higher requirements on the public pension service
system and social security mechanism. At the same time,
the huge size of the elderly population also makes the
supply of social security, medical resources and elderly

care services face unprecedented pressure. On the other
hand, there are significant differences in the level of eco-
nomic development between urban and rural areas and
between regions in China, resulting in a multi-level and
multi-dimensional situation of aging. In economically
developed cities and eastern regions, emerging technolo-
gies and models such as smart medical care and remote
care have been gradually applied to elderly care service
systems. In the central and western regions and rural
areas, due to the relatively insufficient infrastructure
and policy implementation, the allocation of elderly care
resources and the supply of medical services are still lag-
ging behind. At the same time, the rapid development of
digital transformation and big data technology has pro-
vided strong support for smart elderly care, precision
medicine and "silver economy" and other fields, which
not only provides a new technical path for alleviating
the current pressure on elderly care, but also opens up
an opportunity for the deep-level reform of the elderly
care service model and social security system. Therefore,
systematic research on the specific challenges and oppor-
tunities of China’s aging problem can not only provide a
theoretical basis for the construction of accurate and effi-
cient coping strategies in line with national conditions,
but also lay a solid practical foundation for improving
the quality of life of the elderly and achieving sustainable
social and economic development.

With the increasing aging of China’s population, the
Chinese government has taken active measures to effec-
tively deal with the challenges brought by aging. In 2019,
The State Council of China promulgated the National
Medium and Long-Term Plan for Actively Responding to
Population Aging (2019-2022), which defines the aging
strategy and policy objectives to be promoted in the next
few years [2]. The core of the plan is to build a sound ser-
vice system for the elderly, including strengthening social
pension insurance, promoting the development of the
elderly service industry and improving the level of medi-
cal security for the elderly. In addition, the government
also encourages social forces to participate in the elderly
care service industry and promote the diversified devel-
opment of elderly care institutions to meet the diverse
needs of the elderly. The significance of actively dealing
with the aging population is not only to solve the life and
pension problems of the elderly, but also to stimulate the
vitality and social value of the elderly. With the deepening
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of the aging degree, the elderly group will also become an
important force for social development. By giving full
play to the wisdom and experience of the elderly, we can
provide more impetus and support for social develop-
ment. In addition, actively responding to the aging popu-
lation can also promote the upgrading of consumption
and the optimization of industrial structure, and inject
new impetus into economic development. Therefore,
active aging is not only a matter of social security and
livelihood improvement, but also an important strategy
for the long-term development of the country.

Literature review of population aging research

In recent years, the accelerating trend of population aging
in China and its socio-economic impact have aroused
extensive academic attention. In terms of the research on
the characteristics of China’s aging, through the analysis
of the results of the seventh national population cen-
sus, Lu and Lin concluded that China’s aging has obvi-
ous regional imbalance [3]. However, with the change of
China’s population structure in recent years, Wu and Wu
found that the pattern of urban aging in China has a sig-
nificant imbalance of population spatial distribution, and
the regional difference of population aging in various cit-
ies is expanding [4]. In terms of the study on the social
and economic impact of population aging, Yang et al.
believed that the degree of population aging has a sig-
nificant inhibitory effect on the economic growth of this
region [5]. Chen believed that China’s labor supply will
fall into a huge problem, and the contradiction between
population supply and demand will become more and
more prominent [6]. Wang pointed out that the increas-
ing level of aging in China has limited the improvement
and upgrading of industrial structure [7]. Song and Gao
found that the phenomenon of population aging has
regional differences in regions with different levels of eco-
nomic development [8]. In terms of ways to deal with the
aging population, Hu explored ways to actively deal with
the aging population under the proposition of common
prosperity based on China’s national conditions [9]. Li
and Jin believed that to implement the major strategy of
actively coping with population aging, diversified devel-
opment approaches should be explored from different
levels such as policy, economy, science and technology,
society and environment [10]. Liu and Chen proposed
that we should reshape the modernization characteris-
tics of the elderly in China, explore the modernization
path of the elderly population, and explore the manage-
ment methods of the aging population community with
Chinese characteristics [11]. The existing researches have
made important progress in the micro mechanism and
macro policy level, but the empirical analysis of aging can
provide scientific data support for aging.
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To predict the trend of population aging and ana-
lyze the influencing factors of population aging is not
only a necessary means for the Chinese government to
deal with the challenge of population aging, but also an
important way to achieve the goal of active aging. Firstly,
the prediction of population aging trend [12] is to better
understand the development trend and scale of future
aging, so as to provide a scientific basis for the govern-
ment to formulate corresponding policies and measures.
With the deepening of the aging degree of society, pre-
dicting the aging trend can help the government timely
adjust social welfare policies such as elderly care services
and medical security, effectively respond to various chal-
lenges brought by aging, protect the legitimate rights and
interests of the elderly, and promote social stability and
harmony. Secondly, by analyzing the influencing factors
of aging [13], we can deeply understand the root causes
and internal mechanisms of aging phenomenon, as well
as the degree of influence of various factors on the aging
trend. Through in-depth analysis of the influencing fac-
tors, the complexity and diversity of the aging problem
can be more comprehensively understood, providing sci-
entific basis for future policy formulation and practice,
and promoting the society to move towards the goal of
active aging.

Common population aging prediction models include
census data analysis [14], population pyramid model [15],
time series analysis [16], and computer simulation mod-
els (such as system dynamics models) [17]. Through the
analysis of historical data and the prediction of future
trends, these models can more accurately predict the
growth trend of the elderly population and its possible
impact on social economy. However, these models also
have certain limitations. First, census data analysis and
population pyramid model rely on a large number of
high-quality historical data, and the accuracy and com-
pleteness of the data directly affect the reliability of the
forecast results. Second, although time series analysis can
reveal the time law of population change, its forecast-
ing ability may be limited in the face of emergencies or
policy changes. In addition, although computer simula-
tion models are highly flexible and complex, their results
are highly dependent on the assumptions and parameter
Settings of the model, and different Settings can lead
to significantly different prediction results, increasing
uncertainty.

In terms of the analysis of influencing factors of aging,
commonly used methods include regression analysis
[18], factor analysis [19] and multilayer linear model [20].
These methods help identify key influencing factors and
their interrelationships by quantitatively analyzing the
degree of influence of each factor on aging. Regression
analysis can reveal the direct effects of single or multiple
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variables on aging, while factor analysis and multilayer
linear models are able to process complex multidimen-
sional data and reveal underlying structural relationships
and hierarchical differences. Although these methods
are of great value in analyzing the factors affecting aging,
their limitations should not be ignored. Regression analy-
sis assumes linear relationships between variables and
may fail to capture non-linear and complex interaction
effects. Factor analysis depends on the quality and quan-
tity of sample data, and the interpretation of results is
subjective. Although multilayer linear models can handle
complex hierarchical data, the model construction and
result interpretation are complicated and susceptible to
sample bias and model setting.

Grey system theory is a system analysis method pro-
posed by Deng in 1982. It is mainly used to deal with
incomplete, inadequate and uncertain information, espe-
cially for problems with small amount of data, poor qual-
ity or large uncertainty [21, 22]. Its core contents include
grey prediction model and grey relational analysis. By
generating, sorting and processing the original data, the
grey fractional-order model [23] constructs data series
and makes trend prediction, which is suitable for the sit-
uation where the data volume is small and the trend of
change is obvious. Grey relational analysis [24] is used to
calculate and analyze the relational degree among various
factors in the system, and reveal their mutual relations by
quantifying the similarities and differences among differ-
ent factors. This model system has been widely applied
in economic, social and ecological system fields such as
industry, agriculture, energy and transportation [25-
29]. In the field of population aging research, FGM(1,1)
has been widely used to analyze and predict the chang-
ing trend of the number of elderly people, changes in
age structure and regional distribution [30-32]. The
research shows that the FGM(1,1) has good prediction
accuracy and reliability, especially it can effectively deal
with the situation of incomplete or insufficient data,
which is helpful to the government and relevant institu-
tions in the elderly care service and social resource allo-
cation in advance planning. GRA is used to evaluate the
key factors affecting population aging, such as economic
growth, medical and health level, social security system,
etc. [33-35]. By calculating the grey relational degree
between each factor and population aging, we can iden-
tify the variables that have the greatest impact on the
aging process, and then provide scientific basis for policy
making.

Contribution and innovation
This paper takes Jiangsu Province, a prominent area of
population aging in China, as an example. Based on the
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number of the elderly population in Jiangsu Province
from 2011 to 2023, this paper uses the grey fractional-
order prediction model (FGM(1,1)) to forecast the trend
of the elderly population in Jiangsu Province in the next
ten years. At the same time, the grey relation analysis
(GRA) based on panel data is used to analyze the influ-
encing factors of population aging in Jiangsu Province.
Finally, combining the analysis results of FGM(1,1) and
GRA based on panel data, the paper puts forward some
measures and suggestions to actively cope with the aging
problem in Jiangsu Province and China.

The contributions and innovations of this paper mainly
include the following two aspects:

(1) Based on the theory of grey system, FGM(1,1) accu-
rately depicts the dynamic changes of data by means
of fraction-order accumulation generation, breaks
the shackles of traditional integer order models, and
captures complex nonlinear trends with sensitivity.
Compared with time series analysis, it abandons the
strict data stationarity requirement, and can still
model effectively under the condition of less data
and non-stationarity. Compared with the regression
model, FGM(1,1) does not rely on massive histori-
cal data to build complex variable relationships, has
loose requirements on sample integrity, and has
better prediction performance under the scenario
of data scarcity or difficult explicit expression of
data rules. In terms of population aging trend pre-
diction, FGM(1,1) can more accurately capture the
complex nonlinear characteristics and potential
laws of population aging data, effectively improve
the prediction accuracy, and provide more reliable
data support for the formulation of scientific and
reasonable population policies.

(2) GRA based on panel data can effectively integrate
the individual and time dimension information
contained in panel data, overcome the limitation of
the traditional model’s single dimension analysis,
and comprehensively and dynamically reflect the
internal relationship between data. In the analysis
of influencing factors, it does not need a large num-
ber of sample data, and has relatively loose require-
ments on data distribution, which is suitable for the
case of limited data or irregular distribution. At the
same time, GRA based on panel data can clearly
identify the primary and secondary correlation
between the factors, and intuitively show the rela-
tive importance of the influencing factors. In the
analysis of influencing factors of aging, GRA based
on panel data is used to comprehensively consider
the dynamic correlation of multiple influencing fac-
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tors of aging in different regions and different time
dimensions, and clearly identify the primary and
secondary relationship of each factor’s influence on
the aging process, laying a foundation for in-depth
understanding of the aging phenomenon and for-
mulating coping strategies.

Organization and framework

The remainder of this paper is organized as follows.
Sect. "Methods" introduces the definition and solution
of FGM(1,1) model, and describes the detailed analy-
sis method of GRA based on panel data. Sect. "Results”
introduces the data sources of aging population statistics
of Jiangsu Province, and gives the prediction results of
population aging trend and relational degree analysis of
influencing factors of population aging in Jiangsu Prov-
ince. In Sect. "Discussion”, the characteristics analysis
of population aging trend in Jiangsu Province, and some
suggestions on actively respond to the population aging
are put forward. Finally, some conclusions are drawn in
Sect. "Conclusions and Future Work".

Methods

In this section, the grey fractional-order model
(FGM(1,1)) and grey relational analysis (GRA) based on
panel data are introduced.

Grey fractional-order prediction model (FGM(1,1))
FGM(1,1) is a development and extension of grey system
theory, which is based on the introduction of fractional
calculus. The accuracy and applicability of traditional
grey prediction models (such as GM(1,1) model) are fur-
ther improved [36, 37]. The basic idea is to smooth the
original data by constructing fractional order cumula-
tive generated sequences, and then use grey differential
equations for modeling and prediction. Compared with
the integer order grey model, FGM(1,1) can capture the
dynamic characteristics of the system more flexibly, espe-
cially in the processing of complex and nonlinear time
series data. FGM(1,1) not only inherits the powerful
ability of grey system theory in dealing with small sam-
ples and uncertain information, but also realizes a more
precise description of the memory characteristics of the
system by adjusting the fractional order parameters, thus
improving the accuracy and stability of the prediction. As
an important part of the grey prediction model system,
FGM(1,1) extends the application scope of the grey sys-
tem theory and shows superior performance and broad
prospects in practical applications [38, 39].
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Basic form of grey fractional-order model

Step 1: Set the original non-negative sequence

x©0 — (x(o)(l),x(o)(Z), . ’x(O)(”)>’x"’(k) _ ix(”“(i) is the
i= l

r-order accumulation operator, then ¢, _ Z i Oy

where ¢t L The

_ (k=itr=1)(k—itr=2)- r+l)rC 1= 1Ck+1 —o.
T
r-order accumulatlon sequence of X © can be obtained as

X0 = (301,50 @), 20 (m) M

Then the adjacent mean generating sequence X is

z0 = (29@,27@),,2"m) )
where z) (k) = (x(’) (k) + x0) (k — 1)) =2,3,---,n
Step 2: The basm form of the FGM(1,1) model is

2"V k) +az" (k) = b (3)

In particular, when r = 1, there is X = X, and X
is the one-time accumulation generation operator. Then
Eq. (3) becomes x© (k) + azV (k) = b, which is the tra-
ditional GM(1,1) model.

The whitening equation of FGM(1,1) model is

dx™ (t)

+axP@t)=b (4)

where, a is the development coefficient, b is the grey
action.

Step 3: The parameter vector a = [a, b]T can
be obtamed by using the least squares estimation
a= (BTB) BTY where Y and B are as follows:

" (2) —x") (1) —3EPOW+4@) 1

20 (3) — 2" (2) 1@ +4"@) 1
Y = : , B= : | (5)
* () — 2 (n—1) 3P m -1 +xDm) 1

Step 4: Under the initial condition x® (1) = x"(1),
th(e) time response function of the whitening equation
dx (t) +ax(t) =bis

x(0) = {x“’)u) — b} AN
a a
(6)

Then the time response sequence of grey differential
equation x( (k) + az" (k) = b of FGM(1,1) model is

2 (k) = {x“”(l) - b} I S
a a
(7)

where, £ (k) is the value at time k, and the predicted
value is obtained by reducing " (k) as follows
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2© k) = a®zM k) = 2 (1=r) k) — () (A=r) (k—1),k=2,3,---,n

(8)

PSO optimization algorithm for model parameters

For FGM(1,1), the most important thing is to determine
the optimal fractional order r. Different accumulation
order r will produce different results on the final predic-
tion accuracy. Because the traditional method needs a lot
of operations to determine the optimal order, in order to
improve the efficiency of the operation, the particle swarm
optimization algorithm in the modern optimization algo-
rithm is used to solve the problem of selecting the optimal
order. Particle Swarm Optimization (PSO) was proposed
by Kennedy and Eberhart in 1995 [40]. The algorithm was
inspired by the predation behavior of bird and fish clusters
as a simulation of a simple social model, primarily inspired
by animal behavior.

The basic process of the PSO optimization algorithm is
described as follows: assume that there are m particles in
the D-dimensional target search space, and the potential
solutions in the target space are determined by the position
of each particle. The D-dimensional position coordinate of
the i-th particle is X; = (xl.l,x?, ‘e ,xiD ) and the velocity
vector is V; = (vl«l,viz, e ,vl.D ) Each iteration, the parti-
cle velocity is updated according to the individual extreme
value ppes; and the global extreme value gy, and the for-
mula for calculating the velocity change is

Vier = wvi +ciry (Pﬁi - xld) +cary (Pg - xld) 9)

where, Vi is the velocity of the particle after the i + 1
iteration update, w is the inertial vectorc; and c, are
acceleration constants, and the value range of r1 and r is
[0,1], usually ¢; = ¢ = 2, particle velocity v; will be lim-
ited by the maximum velocity vmax.

In each iteration, the particle position is updated accord-
ing to the velocity vector and position vector, and the for-
mula for determining the particle position is

Xit1 = Xi T Vi (10)

where x;4 is the particle position after the update of the
i + 1iteration.

The general algorithm terminates at the optimal position
found by the particle swarm, that is, the minimum adapta-
tion threshold has been found to satisfy the target condi-
tion, or the algorithm has reached the maximum number
of iterations. According to the algorithm principle, the
minimum adaptation threshold of Mean Absolute Percent-
age Error (MAPE) of the algorithm search to the model is
set as the termination condition, where
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n

MAPE = Z

n
k=1

2O (k) — 2O (k)

0,
2O %) x 100%

(11)

Grey relational analysis (GRA) based on panel data

The general abstract system contains many factors, the
result of which determines the development of the sys-
tem. In the system analysis, it is more to determine which
factors are the main factors and which are the second-
ary factors. GRA is a theory to determine the compara-
tive advantages of the main factors from multiple factors
of the system. It quantitatively describes the relationship
between the internal structures of the system, and is a
dynamic quantitative comparative analysis method [41].
GRA is one of the key techniques in grey system theory,
which is used to quantitatively measure and analyze the
degree of relation between various factors in the system.
By calculating the relational coefficient, GRA can reveal
the relationship between variables and their dynamic
changes in the system, which is especially suitable for
complex systems dealing with small samples and uncer-
tain data. Compared with the traditional correlation
analysis methods, GRA does not depend on the statistical
distribution and sample size of the data, and has strong
robustness and flexibility. Its main advantages include
simple calculation, intuitive results, ability to handle
incomplete information and wide application range.
These characteristics make GRA widely used in the study
of multivariate relations and decision support in the
fields of economy, society and engineering, and become
an important tool for the study and application of grey
system theory, which greatly promotes the understanding
and analysis of complex systems.

Basic mechanism of grey relational analysis

Step 1: Determine the reference sequence and com-
parison sequence, and carry out dimensionless data
processing.

There are reference sequence x, = {xo(1),%(2), - - ,x0(n)} and
m comparison sequences X; = {x;(1),x;(2),---,xi(n)},
where i = 1,2, ,m. Initialize the reference sequence
Xo and the comparison sequences X; to eliminate dimen-
sional effects:

xo(2) () = xi(2)

, X () =
x0(1) x;(1)

Then the initialized reference sequence X;and compar-
ison sequences X/ are obtained.

Step 2: Calculate the absolute difference and its
extreme value.
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Calculate the absolute difference A;(t) = ‘xé(t) — x;(t)‘
between the reference sequence X, and each comparison
sequences X at each time point ¢, and then calculate the
minimum and maximum of all the absolute differences:
Amin = m}fn Ai(?), Amax = m?X Ai (D).

i, L

Step 3: Calculate the grey relational coefficient.

Based on the absolute difference A;(#), minimum A pjn,
and maximum Ap,y, calculate the grey relational coef-
ficient for each comparison sequencesc X; at each time
point ¢:

Amin + 0 Amax

si(t) = Ai(t) + pAmax

(13)
where p is the resolution coefficient, usually p = 0.5.
Step 4: Calculate the grey relational degree. .,

Calculate the grey relational degree y; = % > &i(¢) for
=1

each comparison sequences X/, which is the average rela-
tional coeflicient over the entire time range.

Step 5: Sort and analyze.

According to the calculated grey relational degree y;,
all comparison sequences X; are sorted. The greater the
correlation degree y;, the higher the relational degree
between the comparison sequence X; and the reference
sequence Xo.

Grey relational degree based on panel data

GRA based on panel data is a new method combining
grey system theory and panel data analysis technology
[42, 43]. This method can not only process multi-dimen-
sional time sequences data, but also make full use of the
double information of cross section and time sequences
in panel data to improve the accuracy and robustness
of analysis results. Through dimensionless processing
of multidimensional data, it calculates the grey rela-
tional coefficient between each variable, and evaluates
the relational degree between variables. Compared with
the traditional GRA, the method based on panel data
has significant advantages. It is capable of processing
complex data structures with both time sequences and
cross-sectional dimensions, and is suitable for dynamic
and cross-regional research. By making full use of the
rich information contained in the panel data, the method
improves the accuracy and reliability of the analysis. In
addition, combined with the characteristics of panel data,
the method can better resist the influence of data fluctua-
tions and outliers on the analysis results.

Definition 1 [44]: Let x,,(m, t) be the observed value
of the m-th object m =1,2,---,M) of the n-th indi-
cator (n=1,2,---,N) at the time #(t=1,2,---,T),
then the panel data of the #n-th indicator is
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(L) x,(1,2) -+ x,(1,T)
xn(2! 1) xn(z’ 2) e x,,(2, T)
Xy = ) . . . Let %,,(n,t) be
xn(M’l) x}’l(sz) xn(M: T)
the observed value of the m-th object m =1,2,---,M)
of the n-th indicator (n =1,2,---,N) at the time ¢
(t=1,2,---,T), then the panel data of the m-th object is
xm(l’ 1) xm(l) 2) et xm(l) T)
Xm(2,1) %, (2,2) -0 X2, T)
X = . . . . . Let x;(m,n)
be the observed value of the m-th object(m = 1,2, -- , M)
about the z-th indicator (n = 1,2,---,N) at the time ¢
(t=1,2,---,T), then the panel data at time ¢ is
xt(lr 1) xt(lrz) xt(]-:N)
x(2,1) %(2,2) - x(2,N)
X = . . . .

x: (M, 1) x:,(M,2) --- x:(M,N)
Definition 2 [44]: Let the panel data of the n-th indica-
tor be X;;, n =1,2,---,N, let D; be the sequence opera-
tor, and.

x,(L, Ddy x,(1,2)dy -+ x,(1, T)dy
%0 (2, Dy x0(2,2)d1 -+ %42, T)dy
XnDl = . . .
Xy (M, )dy x,(M,2)dy -+ x,(M, T)d1
(14)
M T
where xn(m, t)dy = MTx,(m, £)] > > x,(m, t),

m=1t=1
m=1,2,---,M, and t =1,2,---,T, then D; is called

the averaging operator of panel data.
Let D, be a sequence operator, and

xn(lx 1)d2 xn(]-; 2)d2 ceeox(1, T)dZ
Xn (2) 1)d2 Xn (2) 2)d2 o Xp (21 T)d2
XnDZ = . . .
2n (M, D)y, 2, (M, 2)dy - %n(M, T)ds
(15)

where x,,(m, t)dy, = x,(m, t) —x,(1,1), m=1,2,--- , M,
and t =1,2,---,T, then D; is called the initial point
zeroing operator of panel data.

Let D3 be a sequence operator, and

xn(lr 1)d3 xn(l’ 2)d3 ce xn(l; T)d?)
xn(2, Dds x,(2,2)d3 -+ x4(2, T)d3
XnD?: = . . .
XM, )d3 x,(M,2)d3 --- x,(M, T)d3
(16)
where x,(m, t)d3 = 2200 x,(1,1) # 0,m = 1,2,- -+, M,
and t =1,2,---,T, then D3 is called the initial value

operator of panel data.
Let D4 be a sequence operator, and
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201, Dds %,(1,2)dy -+ x,(1, T)dy
%0 (2, D)dsy %u(2,2)dy -+ x,(2,T)dy
XnD4 - . . .

X0 (M, 1)dy x,(M,2)dy - x,(M, T)dy

(17)
%y, (m,t) —min min x, (m,t)
where  x,(m,t)dy = v, (m,?i_ n;;nmtinxn L mrgx m?x
xn(m,t)—minmtinxn(m,t) #0m=12,---,M, and
m

t=1,2,---,T, then Dy is called the intervalization oper-

ator of panel data.

Definition 3: Let Xo,X;,X3,---,XN be the panel
data sequence, where Xy is the reference sequence
and x,m=12-.-,N) are the comparison sequences.

After initialization, the comparison sequences
(L) %4(L2) <o+ %,(1,T)
%n(2,1) %,(2,2) -+ x,(2,T)
Xy = can be obtained as
xn(M’ 1) xn(M’Z) xn(Mr T)
follows:
x,(L,Dd x,(1,2)d -+ x,(1,T)d
xp(2,)d  x,(2,2)d -+ x,(2,T)d
XuD = . . .
(18)
Then
s+0.58
You(m, £) = (19)

|\xo(m, £)d — x,(m, t)d| + 0.58

is called the distance correlation coefficient between
panel data Xy and X,,, where

$§ = min min mtin |xo(m, t)Yd — x,(m, t)d‘ ,

n m
S = max max max ‘xo(m, t)Yd — x,(m, t)d‘ (20).
n m

Definition 4: Let Xo,X1,Xp,---,Xy be the panel

data sequences, where Xj is the reference sequence and

X,(n=1,2,---,N) are the comparison sequences, then
1 M T
You = UxT 2:1 ; Yon(Xo(m, ), x,(m,£))  (21)
m=1 t=

is called the grey relational degree of panel data.

Results

Current situation of population structure in Jiangsu
Province

As a typical sample in the process of population aging in
China, the case study of Jiangsu Province has significant
theoretical value and policy implications. By the end of
2023, the number of permanent elderly residents aged
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60 and above in Jiangsu Province reached 20.89 mil-
lion, accounting for 24.5% of the permanent population.
The proportion of registered elderly people is 26%, far
exceeding the national average (21.1%). The aging popu-
lation ranks third in China, behind only Shanghai and
Beijing. The formation of this phenomenon is not only
due to the general law of declining fertility and increasing
life expectancy, but also influenced by the characteristics
of regional population migration. In southern Jiangsu,
the aging rate is partially diluted by the inflow of migrant
young and middle-aged labor, while in central and north-
ern Jiangsu, the aging problem is aggravated by the out-
flow of local young and middle-aged people. Among
them, the proportion of registered elderly over 60 in
Nantong City exceeds 30%, becoming one of the prefec-
ture-level cities with the highest aging rate in the country.

The structural characteristics of population aging in
Jiangsu Province are the coexistence of "aging" and "vital-
ity at a younger age". On the one hand, the elderly popu-
lation aged 80 and above exceeded 3,078,900, accounting
for 15.07% of the registered elderly population, and the
number of centenarians increased to 8,683, showing a
significant trend of longevity. On the other hand, the
young active elderly aged 60—69 accounted for 50.41%
of the total elderly population, and their re-employment
rate reached 30.41%, reflecting the dual attributes of
the development potential of human resources and the
demand for social and economic participation of the
elderly. It is worth noting that the elderly dependency
ratio has climbed to 27.14%, and the proportion of rural
left-behind elderly and disabled and mentally retarded
groups has increased (especially in northern Jiangsu),
making the systematic pressure of medical resource allo-

cation and long-term care service supply continue to
highlight.

Prediction of population aging in Jiangsu Province
According to the Statistical Yearbook of Jiangsu Province
[45] and the Jiangsu Province Aging Cause Development
Report [46] of each year, the statistical data of the regis-
tered population, the elderly population over 65 years old
and the ratio of aging coefficient in Jiangsu Province from
2011 to 2023 were sorted out, as shown in Table 1.

With the statistical data of the registered population of
Jiangsu Province from 2011 to 2021 as the fitting sample
for modeling, and the statistical data from 2022-2023 as
the forecasting sample, the FGM(1,1) model for the total
population prediction is established as

1549.1317
0.1872

1549.1317 | _¢ 1879
o0

AUk +1) = [x@(1) —
7 (k+1) =[x (1) 01372

(22)

where the optimal order r = 0.0119 is determined by
PSO optimization algorithm. The FGM(1,1) model
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Table 1 Total registered population, elderly population over 65 years old and aging coefficient of Jiangsu Province from 2011 to 2023

Year 2011 2012 2013 2014 2015 2016 2017
Total population (10,000) 7514.25 755348 7616.84 7684.69 7717.59 7775.66 7794.19
Population over 65 (10,000) 941.28 970.37 1017.94 1072.47 1115.08 1167.55 119991
Aging coefficient 12.54% 12.87% 13.38% 13.97% 14.45% 15.01% 15.38%
Year 2018 2019 2020 2021 2022 2023
Total population (10,000) 7813.86 7858.27 7876.75 7881.70 7872.00 7852.36
Population over 65 (10,000) 1256.45 1330.29 1387.92 1443.95 1522.00 1540.55
Aging coefficient 16.03% 16.91% 17.62% 18.32% 19.33% 19.60%
Table 2 The fitting and predicted values of the total registered population in Jiangsu Province from 2011 to 2023 under three
comparison models
Year Total population FGM(1,1) DES Logistic
(10,000)
Predicted value APE Predicted value APE Predicted value APE
(10,000) (%) (10,000) (%) (10,000) (%)
2011 7514.25 7514.25 0.00 7514.25 0.00 7501.81 0.17
2012 755348 7554.75 0.02 755348 0.00 7568.24 0.20
2013 7616.84 7616.71 0.00 7607.19 0.13 762649 0.13
2014 7684.69 7674.63 0.13 7672.86 0.15 767746 0.09
2015 7717.59 7724.52 0.09 772312 0.07 7721.98 0.06
2016 7775.66 7766.18 0.12 7776.08 0.01 7760.79 0.19
2017 7794.19 7800.35 0.08 7808.23 0.18 7794.58 0.01
2018 7813.86 7828.04 0.18 7827.84 0.18 782397 0.13
2019 7858.27 7850.22 0.10 7857.29 0.01 7849.49 0.11
2020 7876.75 7867.77 0.11 7880.52 0.05 7871.64 0.06
2021 7881.70 788148 0.00 7891.42 0.12 7890.84 0.12
MAPE (%) 0.076 0.082 0.114
2022 7872.00 7892.01 0.25 7908.15 0.46 790748 0.45
2023 7852.36 7899.92 0.61 7924.89 0.92 7921.89 0.89
MAPE (%) 0430 0.691 0.668

established above was compared with the double expo-
nential smoothing method (DES) and Logistic regression
model (Logistic), and error analysis was carried out at the
same time. The fitting and predicted values of each model
and the error analysis results were shown in Table 2.

The FGM(1,1) model for predicting the number of
elderly people over 65 years old is established as

895.2791
0.0413

oousk  895.2791

Ak +1) = 2@
AUk HD = 2T + 0.0413

(23)

where the optimal order r = 0.9605 is determined by
PSO optimization algorithm. It was compared with DES
and Logistic, and error analysis was carried out at the
same time. The fitting and predicted values of each model
and the error analysis results were shown in Table 3.

As can be seen from Table 2 and Table 3, compared
with DES and Logistic, FGM(1,1) model has the small-
est prediction error in the fitting area and prediction area
on the whole. Therefore, from a comprehensive point of
view, FGM(1,1) model has the best prediction effect on
population aging trend. FGM(1,1) model was used to
forecast the total population and the elderly population
of Jiangsu Province in the next 10 years, and the corre-
sponding predicted aging coefficient was obtained, as
shown in Table 4.

The prediction results show that in the future period,
with the continuous advancement of time, the aging of
population in Jiangsu Province is showing a significant
trend of increasing year by year. By the end of 2023, the
aging coefficient of Jiangsu Province has reached 19.60%,
which directly reflects that the proportion of the elderly
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Table 3 The fitting and predicted values of the elderly population over 65 years old in Jiangsu Province from 2011 to 2023 under

three comparison models

Year Population over FGM(1,1) DES Logistic

(6150,000) Predicted value APE Predicted value APE Predicted value APE

(10,000) (%) (10,000) (%) (10,000) (%)

2011 941.28 941.28 0.00 941.28 0.00 933.36 0.84
2012 97037 961.27 094 97037 0.00 975.76 0.56
2013 1017.94 1015.49 0.24 1005.00 1.27 1019.90 0.19
2014 1072.47 1066.63 0.54 1047.65 231 1065.82 0.62
2015 1115.08 1116.93 0.17 1093.85 1.90 111358 0.13
2016 1167.55 116744 0.01 114519 1.92 1163.23 0.37
2017 1199.91 1218.71 157 1194.18 048 1214.82 1.24
2018 1256.45 127110 1.17 1246.30 0.81 126841 0.95
2019 1330.29 1324.86 041 1306.46 1.79 1324.04 047
2020 1387.92 1380.19 0.56 1369.44 1.33 1381.76 0.44
2021 1443.95 1437.23 047 1433.10 0.75 144163 0.16
MAPE (%) 0.551 1.142 0.544
2022 1522.00 1496.13 1.70 1494.44 1.81 1503.68 1.20
2023 1540.55 1557.02 1.07 1555.77 0.99 1567.97 1.78
MAPE (%) 1.384 1.400 1492

in the total population in the province has been close to
one-fifth. What is more serious is that according to the
current population development dynamics and trends,
by the end of 2033, the number of elderly people aged 65
and above in Jiangsu Province is expected to rise sharply
to 23,573,300, and the aging coefficient will rise sharply
to 30.08%, which means that there are three elderly peo-
ple in every ten people in the province, and the imbalance
of population age structure is becoming more prominent.

Relational degree analysis of influencing factors

of population aging in Jiangsu Province

Source of samples and data

When conducting correlation analysis on the influence
factors of population aging in Jiangsu Province, Nantong,

Table 4 Predicted values of total population, aging population
and aging coefficient of Jiangsu Province in the next 10 years

Year 2024 2025 2026 2027 2028
Total population 7865.16 786438 7862.51 7859.81 7856.51
(10,000)

Population over 65 1629.03 1697.70 1769.12 184343 1920.76
(10,000)

Aging coefficient 20.71% 21.59% 22.50% 23.45% 24.45%
Year 2029 2030 2031 2032 2033
Total population 7852.77 7848.72 784446 7840.07 783561
(10,000)

Population over 65 2001.23 2084.97 217214 2262.88 2357.33
(10,000)

Aging coefficient 2548% 2656% 27.69% 28.86% 30.08%

Nanjing, Suzhou and Xuzhou, four cities with aging char-
acteristics, were selected as samples. As a well-known
longevity town, Nantong has a high degree of aging in
the whole province. It has a significant aging population,
a high empty nest rate, and a large outflow of young labor
force, which weakens the function of family pension
and urgently needs community pension. Nanjing, the
provincial capital, presents a situation of "rich and old",
with the elderly population having a high degree of edu-
cation and considerable potential for cultural consump-
tion. Although it has high-quality medical resources, the
supply and demand of medical services in the central city
are unbalanced. Suzhou has developed economy, good
economic security for the elderly and active consumer
market. The results of urban and rural elderly care coor-
dination are remarkable, and the forms of elderly care
services are diverse. Due to the industrial transforma-
tion in Xuzhou, some workers have retired early, and the
problem of aging in rural areas is significant and labor is
scarce. Its pension infrastructure is backward, and the
mode of mutual aid pension is gradually emerging.

Geographical representation Nantong is located in the
coastal area of central Jiangsu, Nanjing is located in the
central part of southern Jiangsu, Suzhou represents the
core area of the developed Yangtze River Delta in south-
ern Jiangsu, and Xuzhou is located in northern Jiangsu.
These four cities cover different regions of Jiangsu,
including southern Jiangsu, Central Jiangsu and North-
ern Jiangsu, with significant differences in economic
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development gradients, which can present population
aging models under different economic levels and indus-
trial structures.

Representative economic structure Nanjing, as the pro-
vincial capital, is the center of politics, culture, science
and education, and the tertiary industry is developed;
Suzhou is a model of export-oriented economy, with
deep integration of manufacturing and modern service
industries. Based on traditional industries such as textile
and construction, new industries have gradually emerged
in Nantong in recent years. As a traditional industrial
base and a large agricultural city, Xuzhou is promoting
industrial transformation. Diverse economic structures
bring different employment opportunities and labor flow
patterns, and have different impacts on the process of
population aging. Selecting them is conducive to a com-
prehensive analysis of the internal relationship between
economy and aging.

Representative urbanization process The urbanization
rate of Nanjing and Suzhou is quite high, and the prob-
lem of urban elderly population focuses on urban plan-
ning and fine distribution of public services. Nantong
has a significant urban—rural dual structure and is in the
process of rapid urbanization. In the process of urbaniza-
tion in Xuzhou, there are not only new problems derived
from urban expansion, but also old age dilemma caused
by rural decay. A comprehensive study of these four cities
can provide insight into strategies for coping with aging
at different stages of urbanization.

In summary, Nantong, Nanjing, Suzhou and Xuzhou,
with their unique characteristics of population aging and
their regional, economic, urbanization and other aspects
of representation, can provide comprehensive, in-depth
and valuable samples for the correlation analysis of influ-
encing factors of population aging in Jiangsu province,
effectively making up for the deficiencies of the study on
macro data of the whole province. Accurately excavate
deep-seated influencing factors and coping paths.

And year 2016 is a key year for Jiangsu Province and
even the whole country’s population policy transi-
tion. This year, Jiangsu Province formulated the "13th
Five-Year Plan for Population Development in Jiangsu
Province", which is not only a scientific forecast of the
population development trend in the next five years, but
also a strategic deployment for the coordinated devel-
opment of population and economy, society, resources
and environment. The plan clearly puts forward a series
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of policy guidance aimed at optimizing the population
structure, improving the quality of the population, and
promoting the reasonable distribution of the population,
laying a policy foundation for coping with the upcoming
challenges of aging. Secondly, year 2016 is also the year
of the official implementation of the national two-child
policy. The major policy adjustment aims to encour-
age eligible couples to have a second child by relaxing
birth restrictions, in hopes of adjusting the population
structure, increasing the supply of young workers and
easing the pressure of an aging population. As an eco-
nomically developed and densely populated area, Jiangsu
Province’s response and implementation of the univer-
sal two-child policy has exemplary significance for the
whole country. At the same time, the improvement of
medical and health conditions has extended the average
life expectancy, resulting in a relative increase in the pro-
portion of elderly people, further aggravating the phe-
nomenon of aging.

Therefore, statistical data [45] of four cities (Nan-
jing, Suzhou, Nantong and Xuzhou) from 2016 to 2023
are selected as panel data, and the number of elderly
population (Xj) is taken as the reference sequence.
At the same time, the gross domestic product (Xi),
the per capita disposable income of urban households
(X3), the total value of exports (X3), the general public
budget expenditure (X4), the health technical person-
nel (Xs), the education level (X¢) (Average number of
students per full-time teacher), the urbanization rate
(X7) and the social security coverage rate (Xg) (The
proportion of urban workers insured by basic old-age
insurance to the total registered population) are taken
as the corresponding comparison sequences. The
above eight factors, which cover the economy, gov-
ernment input, social services, health and education
resources, and urbanization level, are closely related to
population aging. Among them, GDP, per capita dis-
posable income and total exports can reflect regional
economic strength and living standards. Public budget
expenditure and social security coverage rate can
reflect government investment in old-age and medical
services. Health personnel and education level repre-
sent health security and human capital. Urbanization
rate reflects changes in demographics and lifestyles.
Then, the grey relational degrees of panel data between
the reference sequence Xp and the corresponding com-
parison sequences X1 > Xo» X3~ X X5 X~ X7 X3
is calculated respectively. The corresponding panel
data of 9 sequences are shown in Tables 5, 6, 7, 8, 9, 10,
11,12 and 13.
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Table 5 Number of elderly population in four cities from 2016 to 2023 (Unit: 10,000 people)

Year 2016 2017 2018 2019 2020 2021 2022 2023

Nanjing 90.76 99.01 105.16 107.58 127.59 136.57 144.70 152.87
Suzhou 110.31 11532 130.56 13845 158.58 168.31 178.16 185.49
Nantong 140.22 147.00 153.72 165.80 17513 182.77 190.69 196.82
Xuzhou 101.26 103.35 108.14 112.33 133.71 140.60 146.96 150.86

Table 6 Gross domestic product of four cities from 2016 to 2023 (Unit: 100 million yuan)

Year 2016 2017 2018 2019 2020 2021 2022 2023

Nanjing 10,819.14 11,894.00 13,009.17 14,045.15 14,782.95 16,290.13 16,776.32 17,421.40
Suzhou 15,445.26 16,997.47 18,263.48 19,264.80 20,180.45 23,168.21 23,805.29 24,653.37
Nantong 7151.69 8034.07 8753.23 9369.39 10,018.31 10,946.95 11,309.02 11,813.27
Xuzhou 5809.81 6333.50 6710.36 7053.35 7284.77 8007.44 8412.38 8900.44

Table 7 Per capita disposable income of urban households in four cities from 2016 to 2023 (Unit: yuan)

Year 2016 2017 2018 2019 2020 2021 2022 2023

Nanjing 49,997 54,538 59,308 64,372 67,553 73,593 76,643 79,858
Suzhou 54,341 58,806 63,481 68,629 70,966 76,888 79,537 82,989
Nantong 39,247 42,756 46,321 50,217 52,484 57,289 59,605 62,512
Xuzhou 28,421 30,987 33,586 36,215 37,523 40,842 42,610 44,796

Table 8 Total value of exports of four cities from 2016 to 2023 (Unit: 100 million yuan)

Year 2016 2017 2018 2019 2020 2021 2022 2023

Nanjing 2061.87 2246.03 2609.79 3308.34 3398.90 3989.90 3827.90 3333.12
Suzhou 11,422.10 12,214.69 14,250.24 13,403.24 12,941.49 14,875.76 15475.04 15,081.59
Nantong 1603.22 1627.53 1753.66 173717 179261 2263.39 2350.38 2289.69
Xuzhou 365.64 41338 668.86 787.83 865.30 1050.29 1111.96 997.42

Table 9 General public budget expenditure in four cities from 2016 to 2023 (Unit: 100 million yuan)

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 1173.84 1354.09 1532.72 1658.07 1754.46 1817.88 1828.69 1838.70
Suzhou 1617.11 177147 1952.71 214145 2263.51 2583.70 2588.57 2621.28
Nantong 749.22 810.08 87718 972.64 1080.62 112222 1147.22 1180.93
Xuzhou 797.99 82733 880.86 88221 958.19 1004.40 1031.82 1056.90
Grey relational degree calculation based on panel data of dimensionless panel data are obtained, as shown in
First, the above 9 groups of panel data need to be initial-  Table 14, 15, 16, 17, 18, 19, 20, 21 and 22.

ized. Because of the different dimensions of the 9 mul- Then, after calculating the range and comparing the

tidimensional data sequences, the initializing operator is  sizes according to formula (20), S =4.11 and s =0 is
used to process the original data. In this way, 9 groups  obtained. After substituting S and s, the following for-
mula can be obtained:
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Table 10 Health technical personnel in four cities from 2016 to 2023 (Unit: 10,000 people)

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 7.07 761 841 9.39 9.96 1047 10.86 11.27
Suzhou 7.22 7.96 8.52 9.10 9.53 10.10 10.55 11.22
Nantong 4.36 4.56 4.80 503 533 562 5.77 6.06
Xuzhou 5.55 5.75 6.74 7.08 7.32 749 763 7.82

Table 11 Education level of four cities from 2016 to 2023 (Unit: people)

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 14.68 14.43 13.94 13.80 13.73 15.75 15.52 1548
Suzhou 18.74 18.46 18.87 19.00 18.93 19.52 19.49 18.60
Nantong 19.21 19.79 21.09 19.94 21.24 2448 2544 24.40
Xuzhou 17.10 2140 17.00 17.10 17.50 19.40 19.50 20.00

The Education Level is measured by the average number of students per full-time teacher

Table 12 Urbanization rate of four cities from 2016 to 2023 (Unit: %)

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 84.19 84.91 85.22 86.12 86.80 86.90 87.01 87.20
Suzhou 7779 78.60 79.60 81.58 81.72 81.93 82.12 8248
Nantong 65.33 67.16 68.42 69.58 7044 71.20 7179 7257
Xuzhou 61.10 62.12 63.16 64.28 65.63 66.19 66.81 67.64

Table 13 Social security coverage rate of four cities from 2016 to 2023 (Unit: %)

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 4579 4541 4554 45.89 46.72 50.83 51.08 5061
Suzhou 76.77 79.39 81.85 80.48 80.32 81.32 80.51 78.93
Nantong 28.15 28.51 29.95 31.59 2297 2366 24.15 2447
Xuzhou 14.92 17.50 18.58 19.78 20.60 19.00 19.72 20.08

The Social Security Coverage Rate is measured by the proportion of urban workers insured by basic old-age insurance to the total registered population

Table 14 Panel data of the elderly population after initialization

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 0.90 0.98 1.04 1.06 1.26 1.35 143 1.51
Suzhou 1.09 1.14 1.29 1.37 1.57 1.66 1.76 1.83
Nantong 1.38 1.45 1.52 1.64 1.73 1.80 1.88 1.94

Xuzhou 1.00 1.02 1.07 1.11 1.32 1.39 145 1.49
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Table 15 Panel data of gross domestic product after initialization

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 1.86 2.05 224 242 2.54 2.80 2.89 3.00
Suzhou 2.66 293 314 332 347 399 4.10 4.24
Nantong 1.23 1.38 1.51 1.61 1.72 1.88 1.95 2.03
Xuzhou 1.00 1.09 1.16 1.21 1.25 138 145 1.53

Table 16 Panel data of per capita disposable income of urban households after initialization

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 1.76 1.92 2.09 2.26 2.38 2.59 2.70 2.81
Suzhou 1.91 207 2.23 241 2.50 2.71 2.80 292
Nantong 1.38 1.50 1.63 1.77 1.85 2.02 2.10 2.20
Xuzhou 1.00 1.09 1.18 1.27 1.32 1.44 1.50 1.58

Table 17 Panel data for total value of exports after initialization

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 564 6.14 7.14 9.05 9.30 1091 1047 9.12
Suzhou 31.24 3341 3897 36.66 35.39 40.68 4232 41.25
Nantong 4.38 445 4.80 4.75 4.90 6.19 6.43 6.26
Xuzhou 1.00 1.13 1.83 2.15 2.37 2.87 3.04 2.73

Table 18 Panel data of general public budget expenditure after initialization

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 147 1.70 192 208 220 228 229 230
Suzhou 203 222 245 268 284 324 324 328
Nantong 094 102 110 122 135 141 144 148
Xuzhou 1.00 104 110 111 120 126 129 132

Table 19 Panel data of health technical personnel after initialization

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 1.27 1.37 1.52 1.69 1.79 1.89 1.96 2.03
Suzhou 1.30 143 1.54 1.64 1.72 1.82 1.90 202
Nantong 0.79 0.82 0.86 0.91 0.96 1.01 1.04 1.09
Xuzhou 1.00 1.04 121 1.28 132 135 137 141
0.5 x 4.11 Then, the grey correlation degrees of panel data
Yon(m, t) = }xo(m, tYd — x,(m, t)d] +0.5 x 4.11 between the reference sequence Xy and the comparison

(24) sequences Xu(n=1,2,---,8) can be obtained by using

Through calculation, the distance correlation coeffi- formula (21), as follows:

cients are obtained, as shown in Table 23, 24, 25, 26, 27,
28, 29 and 30.
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Table 20 Panel data of education level after initialization

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 0.86 0.84 0.82 0.81 0.80 0.92 0.91 0.91
Suzhou 1.10 1.08 1.10 1.1 1.1 1.14 1.14 1.09
Nantong 1.12 1.16 1.23 117 1.24 143 1.49 143
Xuzhou 1.00 1.25 0.99 1.00 1.02 1.13 1.14 1.17

Table 21 Panel data of urbanization rate after initialization

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 1.38 1.39 1.39 141 142 142 142 143
Suzhou 1.27 1.29 1.30 1.34 1.34 1.34 1.34 1.35
Nantong 1.07 1.10 1.12 1.14 1.15 1.17 1.17 1.19
Xuzhou 1.00 1.02 1.03 1.05 1.07 1.08 1.09 1.11

Table 22 Panel data of social security coverage rate after initialization

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 3.07 3.04 3.05 3.08 3.13 341 342 3.39
Suzhou 5.15 532 549 539 538 545 540 529
Nantong 1.89 1.91 2.01 212 1.54 1.59 1.62 1.64
Xuzhou 1.00 1.17 1.25 1.33 1.38 1.27 1.32 1.35

Table 23 Distance correlation coefficient yp1 (m, t) between number of elderly population and gross domestic product

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 0.68 0.66 0.63 0.60 0.62 0.59 0.58 0.58
Suzhou 0.57 0.53 0.53 0.51 0.52 047 047 0.46
Nantong 0.93 0.97 0.99 0.99 1.00 0.96 0.97 0.96
Xuzhou 1.00 0.97 0.96 0.95 0.97 1.00 1.00 0.98

Table 24 Distance correlation coefficient y,(m, t) between number of elderly population and per capita disposable income of urban

households

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 0.69 0.66 0.63 0.65 0.62 0.62 0.61 1.00
Suzhou 0.69 0.69 0.66 0.69 0.66 0.66 0.65 1.00
Nantong 0.98 0.95 0.94 0.95 091 091 0.89 1.00

Xuzhou 097 0.95 093 1.00 0.98 0.98 0.96 1.00
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Table 25 Distance correlation coefficient yp3(m, t) between number of elderly population and total value of exports

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 0.30 0.28 0.25 0.20 0.20 0.18 0.19 0.21
Suzhou 0.06 0.06 0.05 0.06 0.06 0.05 0.05 0.05
Nantong 041 041 0.39 040 0.39 0.32 0.31 0.32
Xuzhou 1.00 0.95 0.73 0.66 0.66 0.58 0.56 0.62

Table 26 Distance correlation coefficient yp4(m, t) between number of elderly population and general public budget expenditure

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 1.04 1.14 1.24 1.27 1.30 1.30 1.25 1.21
Suzhou 0.65 0.62 0.59 0.56 0.57 0.52 0.53 0.54
Nantong 1.08 1.06 1.10 1.08 1.11 1.14 1.19 1.21
Xuzhou 1.00 0.99 0.98 1.00 0.94 0.94 093 093

Table 27 Distance correlation coefficient yps(m, t) between number of elderly population and health technical personnel

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 0.95 0.96 1.00 0.97 0.97 0.96 0.97 0.96
Suzhou 0.84 0.82 0.81 0.78 0.82 0.81 0.81 0.80
Nantong 0.87 0.87 0.83 0.82 0.77 0.76 0.74 0.74
Xuzhou 1.00 0.99 093 093 1.00 0.98 0.96 0.96

Table 28 Distance Correlation Coefficient yos(m, t) between number of elderly population and education level

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 0.98 0.94 0.90 0.89 0.82 0.83 0.80 0.77
Suzhou 1.00 0.97 0.92 0.89 0.82 0.80 0.77 0.73
Nantong 0.89 0.87 0.88 0.81 0.81 0.85 0.84 0.80
Xuzhou 1.00 0.90 0.97 0.95 0.87 0.89 0.87 0.87

Table 29 Distance correlation coefficient yy7(m, t) between number of elderly population and urbanization rate

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 0.81 0.83 0.85 0.86 0.93 0.97 1.00 0.96
Suzhou 092 093 0.99 0.98 0.90 0.86 0.83 0.81
Nantong 0.87 0.85 0.84 0.80 0.78 0.76 0.74 0.73

Xuzhou 1.00 1.00 0.98 097 0.89 0.87 0.85 0.84
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Table 30 Distance correlation coefficient ypg(m, t) between number of elderly population and social security coverage rate

Year 2016 2017 2018 2019 2020 2021 2022 2023
Nanjing 049 0.50 0.51 0.51 0.52 0.50 0.51 0.52
Suzhou 0.34 033 033 0.34 0.35 0.35 0.36 037
Nantong 0.80 0.82 0.81 0.81 0.92 0.90 0.89 0.87
Xuzhou 1.00 0.93 0.92 0.90 0.97 0.95 0.94 0.93
, 3 & degree of total value of exports is close to 0.7, indicating
Yo1 = g Z_ t_zl vor(m, t) = 0.768 » that the economic activity of foreign trade is indirectly
! ¢4t £ — 0.827 related to regional economic development and aging. The
Yo = 8a m=igi=1 vo2(m, ) = 0.827, correlation degree of social security coverage rate is simi-
Yos = sﬁ : Yo3(m, £) = 0.690 ) lar, indicating that its coverage is r.elated to the siz.e of the
gn=1t=1 elderly population, and the effectiveness of security may
Yoa = ﬁ > Yoa(m, t) = 0.969, regulate the aging trend.
m=]81,‘=14
Yos = 5og Yos(m, t) = 0.887 ,  Discussion
) gr=he=1 Characteristics analysis of population aging trend
Y06 = 8xa Yos(m, t) = 0.871, in Jiangsu Province
1m=]8t=14 Based on the prediction and analysis of the population
Yo7 = mg’n=l4t= ‘ vo7(m, £) = 0.880 ’ aging trend in Jiangsu Province and the factor analysis
Yos = ﬁ S S yos(m, ) = 0.662. results based on the GRA of Panel <.1ata., it can be con-
=1 i=1 cluded that the future population aging in Jiangsu Prov-

During 2016-2023, except for the correlation degree of
total value of exports and social security coverage rate,
which is close to 0.7, the correlation degrees between
all other factors and the number of elderly population
are all greater than 0.7. From a comprehensive per-
spective, almost all of the above eight influencing fac-
tors have a significant impact on the number of elderly
people. Among them, the correlation degree of general
public budget expenditure is the highest, indicating that
the government’s input in public expenditure has the
most significant impact on the regional aging process.
Secondly, the high correlation of per capita disposable
income of urban households indicates that the economic
strength and consumption level of residents reflect and
influence the aging phenomenon to a certain extent. The
high correlation of the health technical personnel indi-
cates that the sufficient and distribution of medical and
health resources plays a key supporting role in the health
management and elderly care services of the elderly
population. The high correlation of education level sug-
gests that higher education level may improve the health
awareness and lifestyle of the elderly, thus influencing
the aging trend. The high correlation of urbanization rate
indicates that the urbanization process plays an impor-
tant role in promoting demographic changes, gathering
the elderly population, or improving elderly care ser-
vices. Finally, the correlation degrees between total value
of exports, social security coverage rate and the number
of elderly population are relatively low. The correlation

ince will present the following main characteristics:

(1) The degree of aging continues to deepen. The
proportion of people aged 60 and above and 65
and above in Jiangsu Province will continue to rise,
which is reflected in the continuous expansion of
the absolute number of elderly people, but also in
its proportion in the total population continues to
rise. In recent years, the elderly population depend-
ency ratio in Jiangsu Province has been significantly
higher than the national average (for example, the
province’s elderly dependency ratio will reach
27.14% in 2023), reflecting that social pension,
medical and public services will face greater pres-
sure. In the future, under the dual effects of contin-
ued low fertility rate and extended life expectancy,
the problem of "getting old before getting rich" may
be further aggravated, which requires a balanced
development of economic growth and elderly care
service system in policy formulation.

Obvious regional differentiation. There are obvi-
ous differences in the degree of population aging
among regions in Jiangsu Province. The aging level
in central Jiangsu and some northern Jiangsu areas
is significantly higher than that in southern Jiangsu,
and this spatial differentiation may be further
strengthened in the future. Factors such as regional
economic development level, urban—rural struc-
ture difference and population flow together lead to

()
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significant heterogeneity in the demand for elderly
care resource supply, medical services and social
security policies in different regions. Therefore, it is
particularly necessary to build a regional differenti-
ated and accurate pension policy system.

Complex multi-cause dynamic interaction effects.
The factor analysis based on the grey correlation
model of panel data reveals that the population
aging trend in Jiangsu Province is not only driven
by basic demographic variables (such as the decline
of fertility rate and the extension of life expectancy),
but also closely related to multiple factors such as
regional economic development level, medical
and health conditions, urban and rural population
flow, and the perfection of social security system.
This mechanism of multi-cause interweaving and
dynamic evolution makes the aging trend have
strong uncertainty and regional characteristics.

Suggestions on actively respond to the population aging
Based on the FGM(1,1) model and GRA based on panel
data, this paper puts forward several policy recommen-
dations to proactively tackle the challenges associated
with an aging population. These recommendations aim
to alleviate the potential pressures on elderly care and
social security systems caused by population structural
imbalances, thereby facilitating dynamic equilibrium in
population structure and fostering sustainable societal
development.

(1)

Adjusting the fertility policy to optimize the
population structure. According to the prediction
results of the FGM(1,1) model, the population aged
65 and above in Jiangsu Province will increase sig-
nificantly in the next ten years. It is estimated that
by the end of 2033, the population of this group will
reach 23.5733 million, and the aging coeflicient will
continue to rise, indicating that the risk of popula-
tion structure imbalance will further intensify. To
address this severe challenge, it is suggested that
the fertility policy be adjusted in a timely manner
based on the expected aging trend to promote the
long-term optimization of the population struc-
ture. Specifically, policymakers should gradually
relax fertility restrictions and effectively reduce the
cost of childbirth through tax breaks and child-
rearing subsidies to stimulate the fertility willing-
ness of couples of childbearing age. At the same
time, attention should also be paid to the potential
impact of low fertility rates on future labor supply,
and differentiated policies should be implemented
in different regions based on local conditions to
build a stable institutional guarantee and promote

2)

3)

(4)
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the dynamic balance and sustainable development
of the population structure.

Strengthen public finance and medical security
investment. Empirical research shows that general
public budget expenditure and the number of health
technicians have a significant impact on population
aging in Jiangsu Province. Therefore, strengthening
public finance and medical security investment is
the fundamental guarantee for addressing the chal-
lenges of aging. To this end, it is recommended that
the government further optimize the structure of
fiscal expenditure and prioritize ensuring the sup-
ply of funds in the fields of elderly care services and
medical security. Specific measures include setting
up special funds and improving the mechanism of
fiscal transfer payments to ensure the long-term
stable operation of the elderly care service sys-
tem. At the same time, efforts should be made to
increase the training of professional talents in geri-
atric medicine and nursing. And actively explore
diversified medical service models such as home-
based, community-based and remote diagnosis and
treatment, so as to comprehensively improve the
quality of medical services and protect the health
rights and interests of the elderly population.

Build an aging-friendly urban system and
improve the community elderly care service
network. Given the close connection between the
urbanization process and population aging, build-
ing an aging-friendly urban system and improving
the community elderly care service network have
become key measures to enhance the quality of life
for the elderly. It is suggested that the concept of
aging-friendly design be fully implemented in urban
planning and construction, the layout of barrier-
free public facilities be optimized, the elderly care
service functions of communities be strengthened,
and the effective connection between home-based
care and institutional care be promoted. In addi-
tion, by encouraging public—private partnership
models and attracting social capital to participate in
the construction and operation of elderly care facili-
ties, a multi-level and sustainable elderly care ser-
vice system can be formed, achieving rational allo-
cation and efficient utilization of resources.
Enhance the educational attainment of the entire
population and the income of residents. Con-
sidering that educational attainment and the per
capita disposable income of urban residents have a
certain impact on the aging process, enhancing the
educational attainment of the entire population and
the income of residents is regarded as a long-term
strategy for achieving healthy aging and optimizing
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the population structure. To this end, it is suggested
that the government implement a lifelong educa-
tion and elderly health knowledge popularization
project to enhance the self-healthcare ability of the
elderly group. At the same time, targeted policies to
support middle-aged and young families should be
introduced to improve the economic foundation of
families and fundamentally alleviate the potential
pressure on elderly care and social security caused
by future population structure imbalance.

Conclusions and future work

Conclusions and significance

With the continuous development of society, China is
facing an increasingly serious problem of population
aging. This phenomenon has triggered a series of policy
adjustments, including changes in the structure of the
labor force, strengthening of public medical construc-
tion and improving elderly care services. In this paper,
Jiangsu Province, where the problem of population aging
is particularly prominent, is taken as an example, and the
trend of population aging in Jiangsu Province is predicted
by using the FGM(1,1) model. The results show that in
the next ten years, the number of elderly population and
the aging coefficient of Jiangsu Province will continue to
increase. At the same time, through the GRA based on
panel data, this paper deeply discusses the related fac-
tors affecting the aging population in Jiangsu Province.
The study found that the general public budget expendi-
ture, health technical personnel, urbanization rate and
other factors have a significant impact on the growth of
the elderly population. The comprehensive application of
FGM(1,1) model and GRA based on panel data is helpful
to understand the population aging problem in Jiangsu
Province more comprehensively and deeply.

This study is of great significance to actively cope with
the aging population in China. First of all, the accurate
prediction of the development trend of the aging popula-
tion provides a scientific and forward-looking reference
for the government and relevant decision-making bodies.
It is helpful to plan the construction of elderly care service
facilities in advance, rationally adjust the pension system,
formulate appropriate medical security policies, and more
effectively meet the needs of the future elderly popula-
tion. Secondly, this paper reveals the level of economic
development, medical and health conditions, rural-urban
population flow and other key factors affecting population
aging. This deepens the understanding of the complex-
ity of population aging and helps to accurately identify
and solve the main problems that hinder active aging.
Finally, this paper expands the research of aging in theory
and practice. FGM(1,1) model has a unique advantage
in dealing with uncertainty and complexity, and GRA is
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helpful to reveal the degree of correlation and influence
among different factors. The combination of the two not
only improves the prediction accuracy, but also provides a
new technical means for the study of aging problems and
enricues the methodology of aging research.

Future work

The FGM(1,1) model and GRA method adopted in this
study still have some limitations. First of all, FGM(1,1)
model assumes that the data has certain regularity, but
in practice, unexpected events and nonlinear changes
may affect the prediction results. GRA focuses on the
correlation between factors and fails to fully consider
the complexity of causality. Second, this study relies on
publicly available statistics, and lags or missing data may
affect the accuracy of the results. Furthermore, FGM(1,1)
model is suitable for systems with small samples and high
uncertainty, but its applicability and prediction accuracy
may be limited when dealing with large-scale and high-
dimensional data.

Future works may consider introducing more external
factors, such as economic policies and international envi-
ronment, to build more complex multivariate forecast-
ing models. At the same time, combined with advanced
methods such as machine learning, the parameter esti-
mation and prediction performance of FGM(1,1) model
are optimized. Secondly, more comprehensive and high-
quality relevant data, especially micro-data on the influ-
ence factors of aging, should be collected to enhance the
explanatory power and prediction ability of the model. In
addition, regional comparative studies are carried out to
explore the commonalities and differences of population
aging in different regions, so as to provide a broader ref-
erence for policy making.
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