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Abstract: In line with global trends, China confronts significant environmental challenges while navi-
gating critical shifts in its population dynamics. The low–carbon pilot program, initiated in China in
2010 and spanning over 100 cities, is dedicated to reducing carbon emissions while facilitating robust
economic growth. However, the program’s impact on population growth has remained uncertain.
Employing a quasi–natural experiment and the Difference–in–Difference method, this study reveals a
positive association between the program and population growth. The analysis of mediating effects
indicates that the program potentially stimulates population growth by attracting more Investment
and reducing exhaust emissions. Nevertheless, there is a lack of evidence supporting its ability to
enhance population growth through the promotion of household income. Further investigation
reveals a diminishing effect of the program on population growth as cities transition from eastern
to middle to western regions. Notably, no substantial heterogeneity is observed concerning the
impact of GDP per capita on population growth. This research contributes empirical insights into the
relationship between low–carbon programs and population growth, offering valuable guidance to
municipalities seeking to bolster their populations. The potency of these strategies can be augmented
by attracting investment and enhancing air quality, in contrast to a sole focus on income levels.
Ultimately, the study provides actionable policy recommendations in this context.

Keywords: low–carbon pilot; population; quasi–natural experiment; PSM–DID model

1. Introduction

Climate change, an overarching challenge confronted by nations worldwide, has
brought about escalating sea levels, polar ice melt, intensified weather events, and natural
calamities, profoundly impacting human existence and progress [1–3]. Urban areas, serv-
ing as centers of population, industry, transportation, and infrastructure, account for an
estimated 75% of global energy consumption and contribute to 70% of global CO2 emis-
sions [4]. Recognized as pivotal in carbon and climate management, many cities worldwide
are proactively embarking on initiatives to curtail carbon emissions [5,6].

China, undergoing rapid urbanization and industrialization in recent decades, has
become the largest global consumer of energy and emitter of CO2 [7,8], responsible for
approximately 27% of global CO2 emissions as of 2022. Amidst its rapid economic ex-
pansion, the nation faces formidable challenges in addressing climate change [9]. As a
response to the dual challenges of the climate challenge and sustainable economic and
societal advancement [3,10–12], China has taken significant strides to mitigate greenhouse
gas emissions [13,14]. Notably, in 2020, China unveiled an ambitious goal to peak carbon
emissions by 2030 and achieve carbon neutrality by 2060.

China’s urbanization rate is on a steady rise and is projected to reach 75% by 2050.
Cities within China have surpassed the industrial sector and become the largest energy
consumer [15]. In pursuit of an ecological civilization, numerous endeavors have been
undertaken [16,17], with the low–carbon pilot (LCP) program occupying a central position
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among them. Launched by the National Development and Reform Commission (NDRC) of
China in three successive phases–2010, 2012, and 2017–the LCP program aims to foster sus-
tainable economic and societal progress across diverse regions. It encompasses promoting
low–carbon consumption patterns, industry restructuring, production efficiency enhance-
ment, and establishing environmentally conscious societies. The overarching objective is
not merely confined to achieving economic advancement; rather, it endeavors to address
the conundrum of climate change and reduce the carbon intensity intertwined with China’s
processes of industrialization and urbanization. The insights and “best practices derived
from the pilot projects” are subsequently intended to transmit to non–LCP cities within
China [18].

Concurrently, renowned for its status as the world’s most populous nation for an
extensive period, China is facing a significant demographic shift. In 2023, China’s National
Bureau of Statistics revealed the first decline in population since the 1960s [19]. Conse-
quently, China is experiencing “negative population growth”, which poses challenges for
economic progress and social development due to a shrinking working–age population
and an aging demographic. This situation presents substantial and enduring tests for both
the nation and its leadership. In response, the central government of China has intensified
efforts to encourage larger families, while local governments have crafted diverse policies
to attract populations from other cities. However, these efforts have had limited impacts,
necessitating additional strategies.

As the concept of low–carbon cities garners increased attention from global policy-
makers, a growing number of researchers are delving into a spectrum of facets within this
domain [20–27]. These include theoretical frameworks, methodologies, economic repercus-
sions, environmental implications, and case studies associated with the development of
low–carbon cities. Meanwhile, many studies have concentrated on strategies for augment-
ing populations [28–30], such as elevating income levels, enhancing public transportation
systems, mitigating air pollution, and similar initiatives. Nevertheless, few studies dedicate
to the demographic aspect of low–carbon cities [13,22,31]. This aspect, while not the pri-
mary initial objective of the LCP program, constitutes a significant consequential outcome
of the program’s implementation. Therefore, it is worthy of exploration and analysis to
comprehensively understand the relationship between low–carbon development strategies
and resultant demographic trends.

Hence, to bridge this knowledge gap, we employ the LCP program as a quasi–natural
experiment to analyze its impact on population dynamics. Through this rigorous analysis,
we aim to offer valuable insights and recommendations that can inform policy decisions
both within China and across other nations facing similar challenges. Furthermore, our
research extends to investigating the mediating effects of investment (FDI), household
income levels, and exhaust emissions, with the aim of shedding light on the mechanisms
through which the LCP program potentially impacts population growth. Additionally,
our study explores how these effects vary based on region locality and GDP per capita,
unraveling potential nuances in the program’s outcomes across different contexts.

This study is structured as follows. Section 2 provides an overview of the LCP
program, population issues, and the study’s potential contribution. Section 3 presents the
hypotheses, research design, methodology, variables and data. Section 4 includes baseline
tests, robustness checks, mediating effect analysis, and heterogeneity analysis. Section 5
concludes with findings, implications, and policy recommendations.

2. Background and Literature
2.1. Significance and Progress of China’s Low–Carbon Pilot Program

Amidst escalating environmental concerns and the steadfast ascent of economic
growth as the “new normal” in China, the construction of low–carbon cities has emerged
as a promising solution to simultaneously address sustainable progress and harmonize eco-
nomic and environmental imperatives. This resonant concept aligns economic expansion
with environmental preservation, illustrating a pathway to sustainable growth.
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In line with this ethos, China’s National Development and Reform Commission
(NDRC) took decisive action by establishing the initial batch of LCP regions in 2010, com-
prising five provinces and 8 cities, followed by the second batch in 2012 including one
province and 28 cities. In 2017, another 45 cities were selected in the third batch. The
selection process considered factors of geographic, socioeconomic, and representational
diversity. The chosen cities demonstrated pre–existing groundwork and enthusiasm for
low–carbon development, emphasizing their suitability as pilot locales. Once selected, each
local government established its own carbon and energy intensity targets, using national
benchmarks as reference points. Subsequently, the NDRC mandated the creation of cus-
tomized low–carbon development plans, measurable objectives, and pivotal milestones
for each LCP city. This comprehensive policy framework encompasses various domains,
including city master planning, transportation strategies, building energy efficiency, eco-
nomic incentives, greenhouse gas emissions oversight, environmental preservation, and
more [20]. Specific strategies involve adjusting industrial structures, optimizing energy
usage, enhancing energy efficiency, promoting low–carbon lifestyles, and establishing
robust CO2 emission data management systems [21]. Note that neither the strategies nor
the metrics explicitely relate to population growth.

Diverging from conventional single mandatory and market–based environmental
regulations, the LCP program stands as a distinctive, comprehensive environmental regula-
tory mechanism. This program employs a multifaceted approach that combines binding
regulations with various incentive–driven provisions. The principles and strategies of
the program have garnered global attention, inspiring discussions and initiatives in many
countries to pursue low–carbon urban development [4,17,32]. Serving as a demonstration
of state intervention and oversight, the program illustrates how governmental authority
can effectively guide national low–carbon development through voluntary policy mecha-
nisms. Over the past decade, the program has become one of China’s primary drivers of
green development [33]. Its implementation has led to significant improvements in energy
efficiency [22], the adoption of energy–conserving practices in production processes, the
transition to low–carbon lifestyles [23], and improvements in total factor productivity [24].
These outcomes synergistically contribute to reducing the overall carbon intensity and
carbon emissions within cities [25,26]. For example, in the industrial sector, cities like
Baoding, Hangzhou, Chongqing, and Nanchang are directing their efforts toward culti-
vating high–tech industries and augmenting the contribution of high–tech sectors to their
overall value–added shares. Simultaneously, cities like Chongqing and Shenzhen have set
explicit goals for developing low–carbon industries, particularly focusing on wind and
solar photovoltaic manufacturing, as well as electric and alternative fuel vehicle production.
In the transportation section, cities such as Hangzhou and Shenzhen have demonstrated a
strong commitment to promoting public transport systems.

2.2. Situation and Strike of the Population Issue in China

Based on data released by the National Bureau of Statistics of China [34], mainland
China’s population was 1.411 billion by the close of 2022, reflecting a decrease of 850,000
from 2021. This decline places China among a growing number of nations experiencing
population shrinkage, occurring earlier than initially anticipated. As recently as 2019, the
China Academy of Social Sciences projected a population peak of 1.44 billion in 2029, while
the 2019 United Nations Population Prospects report suggested a peak around 2031–32, at
1.46 billion.

As depicted in Figure 1, China’s population growth has been gradually slowing in
recent years, with the transition to negative growth in 2022 raising global concerns and
discussions. This is of particular significance due to China’s substantial economic influence
and its status as a major global manufacturer. Meanwhile, India is projected to surpass
China in 2023 to become the most populous country. The United Nations predicts a decline
in China’s population from 1.426 billion in 2023 to 1.313 billion by 2050, and potentially



Sustainability 2023, 15, 14751 4 of 22

below 800 million by 2100 [35]. In comparison, the U.S. population of 337 million in 2021 is
projected to grow to 394 million by 2100.

Figure 1. Population growth of selected countries in 2009–2022. Source: United Nations. Accessed on
24 July 2023.

This demographic shrinkage could introduce complexities to China’s aspirations for
sustained economic expansion and exacerbate challenges related to an aging workforce.
Chinese state media reports that China is already approaching a “moderately aging” sce-
nario, with 20% of the population aged 60 and above. This percentage is projected to rise
to 30% by 2035, representing a classic case of “aging before affluence”. The shrinking
workforce places considerable strain on the younger generation. Experts warn that China
might follow a trajectory similar to Japan, which experienced three decades of economic
stagnation starting in the early 1990s coinciding with its aging demographic.

This trend could potentially reverberate across the global landscape, with China’s
position as the second–largest economy significantly impacting worldwide growth. While
a smaller population can have positive implications, particularly regarding climate change
and the environment, a rapid population decline can entail more challenges than benefits,
especially within the context of China. The existing severe debt crisis among local govern-
ments is exacerbated by dwindling revenue from land sales due to a sluggish real estate
market. Concurrently, China’s imperfect social security system is grappling with funding
shortages. Both these pressing social issues converge on a pivotal factor: population. In
response, Chinese officials have undertaken a proactive national strategy to encourage
larger families. This involved the repeal of the long–standing one–child policy in 2015,
allowing couples to have two children, and was further expanded to permit three children
in 2021. Research indicates that the high cost of living, hectic work schedule, and stiff
competition on education pose a major obstacle to raising children in China. In light of
this, policies have been formulated to enhance maternity leave, offer tax deductions and
allowances for families, develop elderly care programs, and reduce the burdens associated
with childcare, education, healthcare, and housing.

In recent years, numerous Chinese cities have introduced tailored talent policies in
alignment with regional development needs. Between 2016 and 2019, over 4000 policy
documents related to talent were issued, with 214 cities implementing new rounds of
talent policies during the same period, sparking a “war for talent” among cities [36]. To
gain an edge in this competition for population, cities have eased household registration
requirements, offered housing subsidies, financial support for businesses, entrepreneurship
incentives, and preferential loans. For instance, cities like Jinan, Hangzhou, and Shenzhen
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are providing subsidies to families with two or three children. However, no strong evidence
has demonstrated that these efforts have brought significant outcomes and their effects
may require a long time to reach their goal.

2.3. Relevant Research and Contribution of This Study

Numerous studies have been dedicated to various facets of low–carbon city develop-
ment. Up to June 2022, there were over a thousand papers related to the broader concept
of the LCP program [27]. The research landscape covers a wide array of topics, including
city planning [13,37], policy formulation and execution [38], energy efficiency [39], carbon
intensity [31,40], economic and industrial advancement [41–43], carbon emissions [44–46],
ecological performance [47–49], and the potential risks of program failure [50,51].

The literature related to this study demonstrates a degree of consensus on certain
aspects. For instance, studies substantiate the positive impact of the LCP program [52],
noting its substantial role in significantly reducing air pollution [53], fostering innovation
at industrial and urban levels [54], and enhancing the overall health of residents [55].
Additionally, since population growth is typically associated with an increase in CO2
emissions [56,57], the concern arises that if the LCP program boosts population, it might in-
advertently intensify carbon emissions within pilot cities and potentially hinder sustainable
development. However, a study [58] has uncovered a contrary trend, revealing a reduction
of living carbon emissions by approximately 15.3%. Further analysis showcases the pro-
gram’s ability to encourage a greener transformation of lifestyles, such as a preference for
public transportation, reduced electricity consumption, and the uptake of environmentally
friendly products. Notably, direct energy consumption by residents primarily stems from
household electricity usage and transportation [59].

Nevertheless, some viewpoints within the literature are mixed with empirical evi-
dence. For example, conventional wisdom posits that environmental regulations could
instigate intra–industry [60] and inter–industry [61] structural adjustments, leading to
potential increases in production costs [62,63]. The Pollution Haven hypothesis [64] asserts
that countries with stringent environmental regulations might deter FDI from polluting
industries [65,66]. In contrast, research [67–69] reveals that environmental regulations
could stimulate innovations within enterprises, thereby positively influencing productivity
improvements [70,71], and ultimately attracting FDI. These complexities will be further
explored in Section 3.1.

While extensive research centers on the LCP program, according to the best of our
knowledge, the program’s impact on population growth remains underexplored. This
subject holds particular significance as it bridges two of the most pressing challenges faced
by China and numerous other countries: the imperative for low–carbon transformation and
the dynamics of population growth. Consequently, our study seeks to provide empirical
evidence on the relationship between low–carbon initiatives and population growth, assess
the underlying mechanisms of this growth, and explore heterogeneity in outcomes. Our
study goes beyond the economic and environmental aspects commonly explored in the
context of low–carbon cities, shedding light on an important yet underexamined dimension.

The marginal contributions of this study to the current literature lie in (1) providing
additional evidence and in–depth analysis of the LCP program’s influence on population
growth; (2) offering insights into the mechanisms of how the program promotes population
growth to support future low–carbon development plans; (3) investigating the variation
in impact according to geographic locality and economic development, thus facilitating
policymaking recommendations; and (4) leveraging an extended dataset to examine dis-
tinctions in impact across the three batches, a dimension less explored in previous research
that typically focused on the initial two batches.
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3. Methods
3.1. Research Hypotheses

The “push–pull” theory [72], a classical framework elucidating the interplay between
urbanization and population dynamics, posits that urban population migration is driven
by two opposing forces–pull and push–as well as intermediary obstructive factors [73]. The
“pull” factor embodies positive aspects that attract population, such as robust economic
conditions, favorable employment opportunities, and a high quality of living. Conversely,
the “push” factor encompasses negative elements that repel population, including resource
depletion, low income, and unfavorable living conditions.

In the context of the existing literature, on the “pull” side, the LCP program, func-
tioning as a form of environmental regulations, enhances corporate productivity [74] and
employment prospects [75], improves the ecological environment [40,41,76], and bolsters
residents’ mental and physical well–being [77–79] and productivity [80–83]. This, in turn,
fosters an influx of population. Conversely, on the “push” side, the LCP program has also
hampered the growth prospects of certain enterprises, particularly those in polluting sec-
tors [84,85]. This has prompted their relocation to other cities [86,87] to circumvent the costs
and losses incurred by complying with stringent environmental regulations. Moreover,
strict environmental regulations deter low–quality FDI inflows [21,66], thereby diminishing
overall business allure. Both relocation and reduced attractiveness contribute to decreased
labor demand and subsequent population outflow. The net impact on population growth
of the LCP program hinges upon the relative strengths of the “pull” and “push” influences.

In practical terms, population growth can be achieved through three primary avenues:
fostering a higher fertility rate, encouraging immigration, and lowering mortality rates.
Factors like high income and robust social security systems contribute to increased fertility
rates. Ample job opportunities and a high standard of living attract individuals from other
regions [88]. Environmental improvements bolster residents’ health, consequently reducing
mortality rates. For instance, mortality rates in pilot cities can be reduced by an average
of five–ten thousandths due to air quality enhancements [89]. This constellation of factors
constitutes a potent force propelling population growth.

Before delving into statistical analyses, it is valuable to gain empirical insights into
the LCP program’s impact. From Figure 2, it is evident that the population growth of LCP
cities surpasses that of non–LCP cities, particularly after 2016.

Figure 2. Empirical comparison of population growth between LCP cities and non–LCP cities.

Consequently, we put forth the following primary hypothesis:

Hypothesis 1. The LCP program promotes population growth.

Furthermore, if this hypothesis holds true, it becomes imperative and intriguing to
explore the contributing factors and mechanisms that drive this outcome.

Firstly, research suggests that LCP cities tend to attract more FDI [21]. Increased FDI
not only empowers local governments to invest in sustainable economic development,
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improved environments, and enhanced living standards (e.g., better healthcare facilities,
city infrastructure, and social welfare), but it also amplifies the financial capacity of local
businesses. This dynamic creates more job opportunities and higher income for residents,
collectively fostering an environment conducive to attracting more people.

Secondly, as previously discussed, the LCP program’s positive impact on FDI can
also elevate household income. Moreover, the program can boost income through other
channels. Studies suggest that the program enhances local enterprises’ productivity via
technological innovation and structural adjustments, resulting in improved profitability
and consequently higher incomes, which in turn attract a larger population [90].

Lastly, the LCP program can elevate the cost of corporate pollution emissions and ac-
centuate the benefits of energy conservation and emission reduction through environmental
protection measures such as taxes, subsidies, and emission trading. This can lead to a reduc-
tion in exhaust emissions, improved living conditions, and enhanced resident health [91].
These improvements, in turn, increase the attractiveness of the city’s population [92] and
contribute to a longer life expectancy [93].

Given the practices of LCP cities and the current body of research, we select urban
investment level, per capita income, and exhaust emissions reduction as mediating factors.
This prompts an in–depth exploration of the mechanisms through which the program
impacts population growth. Consequently, we propose the following three hypotheses
as well:

Hypothesis 2. The LCP program promotes population growth by increasing the investment level.

Hypothesis 3. The LCP program promotes population growth by elevating residents’ income.

Hypothesis 4. The LCP program promotes population growth by reducing exhaust emission.

3.2. Research Model

The research model employed in this study is based on the Difference-n-Difference
(DID) method, which is widely used for policy evaluation. The DID model serves as the
foundation for investigating the impact of the LCP program on population dynamics in
this study. The core idea of the DID model is to compare changes in an indicator between
two groups: the experimental group (LCP cities) and the control group (non–LCP cities).
By computing the difference in the indicator before and after policy implementation for
both groups, the model can estimate the policy’s effect on the indicator. An advantage of
the DID model is its ability to mitigate selection bias and the influence of external factors to
a certain extent.

Given the phased implementation of the LCP program, this study utilizes a multi–
period DID model. In this model, the first difference is at the city level, and the second
difference is at the year level. The model is defined as follows:

LNPOPit = α + βdidit + δXit + υt + γi + εit (1)

where the subscripts i and t represent cities and years, respectively. The variable didit is a
dummy variable indicating whether the city is part of the LCP program, taking the value
1 for LCP cities and 0 for non–LCP cities. Control variables Xit are included to account
for the influence of time–varying city–level factors. Given the longitudinal nature of the
dataset, the model incorporates both city–fixed effects and time-fixed effects. Within the
model, υt represents the city–fixed effect, controlling for city–level attributes that remain
invariant over time, such as geographic location like being a provincial capital; γi refers to
the time–fixed effect, controlling the temporal characteristics that remain constant despite
regional shifts, such as macroeconomic shifts and nationwide financial crises in 2008. εit
denotes the stochastic disturbance term, assumed to be independently and identically
distributed (i.i.d.). The standard errors are clustered at the city level to account for potential
heteroskedasticity and serial correlations.
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Additionally, the study constructs a mediating effect model to investigate whether the
increases in foreign investment, income per capita, and the reduction in exhaust emissions
prompted by the LCP program directly lead to population growth. In this model, the
natural logarithm of population LNPOP serves as the dependent variable, while the three
aforementioned variables (Mit) act as mediators:

LNPOPit = α + βdidit + δXit + υt + γi + εit

Mit = α + βdidit + δXit + υt + γi + εit

LNPOPit = α + βdidit + ψMit + υt + γi + εit

(2)

3.3. Variables Selection
3.3.1. Dependent Variables

• Natural Logarithm of Population (LNPOP): This is the dependent variable in the
study representing the population size in each city.

3.3.2. Independent Variables

• low–carbon Pilot Status (did): This binary variable indicates whether a city is part of
the LCP program or not. Its value is set as follows:

• For LCP cities, did is set to 1 in the initial year they are chosen as LCP cities and
remains 1 for all subsequent years, while it is set to 0 for all other years.

• For non–LCP cities, did remains at 0 across all years.

3.3.3. Control Variables

• Economic Development (PGDP): The natural logarithm of GDP per capita serves as
an indicator of economic development for the cities under consideration. This variable
encapsulates the economic prosperity of the cities and its influence on the population
dynamics.

• Industrial Structure (Industry): The relative prominence of secondary industry–
compared to the agricultural and service sectors–significantly impacts energy con-
sumption and carbon emissions [94]. To quantify this impact, this study employs
the natural logarithm of the proportion of industrial production value in GDP as a
measure of industrial structure.

• Finance Development (Finance): The level of financial industry development is an
influential factor in urban growth and development. The ratio of year–end bank
deposit balance to GDP in the city is utilized as a measure of financial industry
development.

• Natural Population Growth (N pop): The natural logarithm of the annual population
growth rate captures inherent population dynamics.

3.3.4. Intermediary Variables

• Foreign Investment (FI): The actual amount of foreign investment within a city serves
as an indicator of its capacity to attract external investment. This variable reflects the
city’s appeal to foreign investors and its potential economic opportunities.

• Income per Capita (PI): The average salary of employees within a city is utilized as a
proxy for residents’ living standards. This variable gauges the financial well–being of
the city’s population.

• Exhaust Emission Reduction (EER): An average reduction across various emissions,
including industrial SO2 emissions, industrial NOx emissions, and industrial smoke
and dust emissions, serves as an approximation of the overall exhaust emission
reduction attributed to the LCP program.

To minimize potential heteroscedasticity in the analysis, the study employs the natural
logarithm transformation for all non–ratio variables. The intermediary variables help
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shed light on the mechanisms through which the LCP program may influence population
growth, further enriching the insights of the study.

3.4. Data Collection and Descriptive Statistics

Given data availability and the scope of the study, this research delves into the pop-
ulation impact at the city level, harnessing a panel dataset encompassing the timeframe
from 2009 to 2020. The dataset comprises 297 cities, bifurcated into two distinct groups: a
treatment group featuring 126 cities designated as LCP cities and a control group of 171 non–
LCP cities. Among the LCP cities, there are 73 cities in the first batch, 25 cities in the second
batch, and 28 cities in the third batch. Notably, four cities (Yan’an, Wuhan, Guangzhou,
Kunming) from the second batch are omitted due to their belonging to provinces within
the first batch. The rationale behind commencing the data collection from 2009 stems
from significant alterations in district boundaries of several prefecture–level cities before
that year, coupled with substantial data gaps prior to 2009. Similarly, the decision to
conclude the data collection in 2020 is due to the unavailability of more recent data from
the “China City Statistical Yearbook” when the study concludes. Other data points are
sourced from publications like the China Population and Employment Statistical Yearbook and
the Statistical Communique on National Economic and Social Development, as well as various
statistical yearbooks of individual cities. Instances of missing data are managed through
interpolation techniques.

To provide a preliminary overview of the dataset, Table 1 offers descriptive statistics
for the main variables under examination.

Table 1. Descriptive statistics of the main variables.

Variable
Full Sample Treatment Group Control Group

Obs Mean Min Max Obs Mean Min Max Obs Mean Min Max

LNPOP 3482 5.980 3.807 8.912 828 6.036 3.807 6.579 2654 5.962 3.807 8.912
did 3482 0.123 0 1 828 0.518 0 1 2654 0 0 0

LNPGDP 3482 10.58 9.150 12.13 828 10.91 9.150 12.13 2654 10.48 9.150 12.13
Industry 3482 47.86 19.90 73.23 828 46.93 19.90 73.23 2654 48.15 19.90 73.23
Finance 3482 1.206 0.296 5.013 828 1.772 0.674 5.013 2654 1.029 0.296 5.013
Npop 3482 5.947 −8.700 22.50 828 5.665 −8.700 22.50 2654 6.035 −8.700 22.50

Source: China City Statistical Yearbook and China Population and Employment Statistical Yearbook.

4. Results
4.1. Baseline Test

The regression outcomes derived from Equation (1) are presented in Table 2. Notably,
the impact of the LCP program on population emerges as statistically significant, regardless
of whether control variables are included or not. These findings substantiate the validity
of Hypothesis 1. They underscore that, even when accounting for the influence of natural
population growth, the LCP program plays a constructive role in driving population growth
within the cities. This observation aligns seamlessly with both the study’s conjecture and
the pertinent literature.

To elaborate further, the natural logarithms of population figures for LCP cities stand at
19.11% higher than those recorded for non–LCP cities. This translates to an average annual
population surge of approximately 21.06% (calculated as e0.1911 − 1), all else being equal.
Such a substantial augmentation holds particular significance, especially when considered
within the context of the prevailing demographic decline trend observed in China.

The coefficients of the control variables yield intriguing insights into the study’s
findings. Specifically, they are as follows:

• PGDP (Economic Development): A positive relationship between PGDP and popu-
lation growth is observed. The potential reason is that, backed by adequate financial
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resources, higher PGDP levels may enhance a local government’s capacity to bolster
the city’s infrastructure.

• N pop (Natural Population Growth): A positive effect of N pop on population growth
is also evident, aligning with expectations. This outcome is intuitive, as a city with an
inherent population growth trend is more likely to continue attracting and accommo-
dating new residents.

• Industry (Industrial Structure) and Finance (Finance Development): These two
variables do not demonstrate statistical significance in relation to population growth.
This implies that the structure of industries within a city and the extent of financial
sector development may not exert a significant impact on population growth.

Similar to some research [31], the study also conducts tests to explore potential differ-
ences in the impact of the LCP program across the three batches. The results indicate that
the coefficients for the three batches are 0.027 ** (significant for the first batch), 0.0905 ***
(significant with a larger coefficient for the second batch), and 0.0213 (not statistically
significant for the third batch). This pattern suggests that the second batch might have
experienced a more pronounced impact, potentially due to a learning curve from the first
batch’s experience and better resource allocation. The lack of significance in the third batch
could be attributed to the relatively shorter period since its inception. Alternatively, the
widespread adoption of low–carbon development practices across many Chinese cities, in-
cluding non–LCP ones, might have diluted the program’s impact. The underlying reasons
warrant deeper exploration in the future, particularly after a few more years of observation.

Table 2. Impact of low–carbon city program on population.

Variable Without Control Variables With Control Variables

did 0.2015 *** 0.1911 ***
(0.0215) (0.0219)

LNPGDP - 0.4196 ***
(0.0535)

Industry - −0.0030
(0.0019)

Finance - −0.0047
(0.0107)

Npop - 0.0040 ***
(0.0013)

Constant 5.9547 *** 1.6382 ***
(0.0063) (0.5172)

Year FE Yes Yes
City FE Yes Yes

N 3482 3482
r2 0.7353 0.7489
F 87.4706 33.0228

Note: (1). Standard errors in parentheses; (2). * p < 0.1, ** p < 0.05, *** p < 0.01.

4.2. Robustness Checks

In applying the DID methodology, several assumptions must be met to ensure the
validity of the results. Additionally, there might be other factors that could potentially
impact population growth. To ensure the robustness of the baseline model and verify the
stability of the findings, a series of robustness tests are conducted. These tests help to assess
the sensitivity of the results to different specifications and potential confounding variables.

The purpose of these robustness tests is to strengthen the credibility of the study’s
conclusions and provide a more comprehensive understanding of the factors influencing
population growth in the context of the LCP program. By exploring various model specifi-
cations, the study aims to demonstrate the consistency and reliability of the results obtained
through the initial analysis.
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4.2.1. Parallel Trend Test

A critical assumption underlying the DID model is that the treatment and control
groups exhibit similar trends prior to the introduction of the LCP program [95]. However,
governments may strategically select regions for policy implementation, which could lead
to substantial differences between these groups even before the program is implemented.
This phenomenon is known as pre–screening bias. For instance, if the government tends to
choose regions that are already more well–developed, it could result in a higher population
growth rate for the treated group compared to the control group even before the program’s
initiation. As a result, any better performance observed in the treated group after the
program’s introduction may be attributed, to some extent, to this pre–screening effect.
This bias, if not addressed, could lead to an overestimation of the true impact of the
LCP program.

To mitigate this concern, it is crucial to perform a parallel trends test [96]. This test
helps evaluate whether the treatment and control groups were indeed experiencing similar
trends prior to the LCP program’s implementation. The goal is to ascertain whether any
observed differences between the groups after the program’s introduction can be attributed
to the program itself, rather than pre–existing disparities.

The parallel trends test seeks to determine if the groups’ trajectories were parallel in the
absence of the program’s effect. This involves examining whether the treatment and control
groups were following similar paths over time before the intervention. By conducting this
test, researchers can better ensure the validity of the DID model’s underlying assumption.
The testing model is as follows:

LNPOPit = α + ∑ βididi
it + δXit + υt + γi + εit (3)

where didi is a dummy variable that indicates the presence of the pilot program in a specific
year, denoted as year i, which takes the value of 1 when the LCP program is implemented
in that year, and 0 otherwise. By including this dummy variable in the model, we can
examine whether there was a significant change in the population growth specifically in
the years when the pilot program was in effect. This is a common approach in DID analysis
to isolate the effect of the policy from other time–related factors.

Figure 3 depicts the outcomes of the parallel trend test. It is evident that prior to the
initiation of the LCP program, there exists no substantial disparity in population dynam-
ics between the two groups. This observation underscores the absence of a systematic
divergence in population growth rates within the treatment and control groups. Conse-
quently, the parallel trend test is successfully met, affirming the fulfillment of the essential
prerequisite for the DID model.

Figure 3. Parallel trend test result.
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4.2.2. Placebo Test

Despite the inclusion of essential control variables in the baseline model, the potential
for the omission of significant factors exists, which could introduce bias into the test results.
To counteract the influence of these unaccounted factors on population dynamics, we adopt
a placebo test approach as outlined by [97] and conduct a placebo test by randomizing
the treatment group and control group. In this procedure, we introduce randomization to
both the treatment and control groups. Specifically, we randomly designate an equivalent
number of cities as LCP cities, and the remaining as non–LCP cities for a particular year.
This random assignment is repeated 500 times, yielding 500 coefficients for the variable
did through baseline regression. The descriptive statistics of the placebo test outcomes
are presented in Figure 4. Notably, the coefficients align closely with a normal distribu-
tion with mean zero. Furthermore, a significant majority of their associated p–values
surpass the 0.1 threshold. This pattern of results signifies substantial deviation from the
baseline model’s outcomes. Consequently, this placebo test invalidates the notion that
unobserved factors underpin the baseline results, thereby bolstering the validity of the
baseline model’s argumentation.

Figure 4. Placebo test results.

4.2.3. Lagged Control Variables Test

Acknowledging the potential influence of the selected variables on the LCP program,
we strive to mitigate prospective endogeneity concerns. To achieve this, we opt to introduce
a one–period lag for all control variables before conducting the regression. The results of this
examination are recorded in the “Lagged Control Variables” column in Table 3. Remarkably,
the estimated coefficient signs and their statistical significance consistently align with those
derived from the baseline test. The coefficients undergo slight augmentation in this instance
due to the incorporation of the one–period lag, thereby somewhat attenuating the control
effect. Consequently, the results of the lagged control variable test serve to corroborate the
robustness of the findings obtained in the baseline text.
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Table 3. Robustness tests results.

Variable Lagged Control Variables Intensity DID PSM-DID

did 0.1867 *** 0.062 *** 0.1993 ***
(0.0258) (4.10) (0.0292)

LNPGDP 0.3160 *** 0.000 *** 0.4334 ***
(0.0765) (18.71) (0.0813)

Industry −0.0002 −0.005 *** −0.0066 *
(0.0025) (−4.75) (0.0035)

Finance −0.0218 −0.051 *** −0.0360
(0.0185) (−4.10) (0.0253)

Npop 0.0012 0.001 0.0085 **
(0.0014) (0.63) (0.0033)

Constant 2.6662 *** 6.083 *** 1.6355 **
(0.7405) (105.85) (0.8008)

Year FE Yes Yes Yes
City FE Yes Yes Yes

N 2860 3482 1408
r2 0.7158 0.719 0.7624
F 17.9609 25.66 20.5695

Note: (1). Standard errors in parentheses; (2). * p < 0.1, ** p < 0.05, *** p < 0.01.

4.2.4. Intensity DID Test

It is pertinent to realise that certain LCP cities have previously obtained approval
as pilot areas within their respective provinces. This situation introduces a potential
complexity in our analysis, as these cities were initially designated as pilot areas within their
provinces before being subsequently approved as LCP cities. However, as the execution
of the LCP program is determined and overseen by local governments, variations in the
degree of implementation intensity might emerge among these LCP cities [98].

In light of this, we deploy an “intensity DID” test. Specifically, for those LCP cities
whose provinces were previously authorized as pilot areas, we ascribe a did value of 2 to
their pilot city year and the ensuing years. This approach is then employed to reevaluate
the baseline test. The results of this test are presented within the “Intensity DID” column of
Table 3. The estimated coefficients within this analysis demonstrate a positive orientation,
thereby supporting the robustness of the baseline test.

4.2.5. PSM-DID Test

It is important to recognize that the DID method hinges on the prerequisite that there
are no systematic differences between the treatment group and control group prior to the
program’s implementation. However, given the vast territory and substantial variations
in resources and development among Chinese cities, the process of selecting LCP cities
is not entirely random. The selection process is initiated by certain cities and then candi-
dates are chosen based on a variety of conditions such as locality, natural resources, energy
consumption, economic and social development, and environmental preservation [99]. Con-
sequently, the selection of LCP cities is not completely randomized, which might contribute
to significant disparities in control variables between the treatment and control groups.

To mitigate the potential bias arising from this nonrandom assignment of LCP cities,
we have employed the Propensity Score Matching (PSM) method [41] with nearest neighbor
matching before applying the DID methodology. In essence, for each LCP city, we have
selected a non–LCP city possessing similar characteristics, thereby ensuring a comparable
predicted probability. The results of this procedure are presented in Tables 4 and 5. Table 4
illustrates that, following the matching process, the deviations of most variables are within
a 10% range, with p–values from the t–tests exceeding 0.100. Furthermore, the values
in Table 5 indicate that the “Mean bias” and “Med bias” are substantially reduced after
matching. The findings from these tables indicate the effectiveness of the matching process
in addressing potential bias.
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Table 4. PSM–DID matching tests results.

Variable Unmatched Mean %Bias t-Test
Matched Treated Control t p > |t|

LNPGDP U 10.984 10.484 85.1 6.08 0.000
M 10.956 11.014 −9.9 −0.58 0.562

Industry U 46.121 47.385 −18.0 −1.27 0.204
M 46.836 48.835 −21.1 −1.20 0.233

Finance U 1.7817 1.107 76.8 5.40 0.000
M 1.6775 1.6403 4.2 0.21 0.833

Npop U 5.5674 6.2557 −13.9 −0.95 0.341
M 5.4009 4.4747 18.7 1.07 0.285

Note: %Bias represents standard errors.

Table 5. Results before and after PSM–DID matching.

Sample Ps R2 LR chi2 p > chi2 Mean bias Med bias B R %Var

Unmatched 0.157 52.49 0.000 48.4 47.4 105.3 * 0.95 25
Matched 0.017 3.17 0.530 13.5 14.3 30.9 * 0.67 75

Note: (1). * If B > 25%, R outside of [0.5, 2]; (2). “Mean bias” represents the mean of standard errors; (3). “Med
bias” represents the median of standard errors.

To assess whether the matched samples adhere to the equilibrium hypothesis in the
PSM matching, a test was conducted to evaluate whether there are significant differences
in the matching covariates between the treatment and control groups. The results of
this test are depicted in Figure 5. Upon examination, it is evident that after the matching
procedure, the covariates closely align with the standard line, and the similarity of covariate
characteristics between the two groups is significantly improved. This underscores the
effectiveness of the matching process. Consequently, the conditions are favorable to proceed
with subsequent regression analyses.

Figure 5. Equilibrium test of the covariates.

The results of the PSM–DID test are presented in the “PSM–DID” column of Table 3.
The coefficient of LNPOP is positive and statistically significant at the 1% level, thus further
confirming Hypothesis 1.

4.3. Mediating Effect Analysis

To delve deeper into the factors that contribute to the finding of the baseline model,
which suggests that LCP cities exhibit a significant increase in population compared to
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non–LCP cities, we have conducted mediating models that elucidate the pathways through
which the policy exerts its influence, in accordance with established practices in the existing
literature [100,101]. Building upon the rationale presented in Section 3.1 and relevant
prior research, we have chosen three mediating variables: urban investment level, per
capita income, and exhaust emissions reduction, representing city development, individual
development, and environmental conditions, respectively.

The outcomes of the mediating analysis are displayed in Table 6. Column (1) corre-
sponds to Model 2, wherein the coefficient of did is positive and statistically significant,
consistent with the conclusions of the baseline model. In columns (2), (4), and (6), the
regression results for foreign investment (FI), income per capita (PI), and exhaust emissions
reduction (EER) are presented. It is evident that the LCP program enhances population
growth by attracting more FDI and reducing exhaust emissions. However, the impact of
income on population growth is not statistically significant in this analysis. This could
be attributed to the fact that the LCP program may not significantly increase income or
that residents value factors such as living conditions more than income level. In line with
Wagner’s Law [102], as per capita income increases, individuals tend to seek expanded
social protection, law enforcement, cultural education, and public welfare. The World
Happiness Report 2022 highlights that since the early 21st century, the prominence of terms
like GDP and income has declined significantly, while expressions related to happiness,
subjective well–being, and life satisfaction have risen substantially. However, the specific
reasons underlying these dynamics warrant further investigation.

Table 6. Mediating effect tests results.

Variable (1) (2) (3) (4) (5) (6) (7)
LNPOP FI LNPOP PI LNPOP WaE LNPOP

did 0.1911 *** 0.0962 *** 0.1487 *** 0.0041 0.1920 *** 0.6496 *** 0.1746 ***
(0.0219) (0.0092) (0.0227) (0.0030) (0.0219) (0.0726) (0.0220)

FI 0.4406 ***
(0.0912)

PI −0.2228 *
(0.1139)

WaE 0.0254 ***
(0.0097)

Constant 1.6382 *** 1.3848 *** 1.0281 * 2.3833 *** 2.1693 *** 6.2596 *** 1.4795 ***
(0.5172) (0.1000) (0.5461) (0.0286) (0.5869) (0.6449) (0.5203)

Control variable effect Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes

N 3482 3482 3482 3482 3482 3482 3482
r2 0.7489 0.5709 0.7550 0.1971 0.7491 0.7235 0.7497
F 33.0228 37.6536 28.5416 3.8605 28.9146 34.5960 27.8587

Note: (1). Standard errors in parentheses; (2). * p < 0.1, ** p < 0.05, *** p < 0.01.

4.4. Heterogeneity Analysis

It has been verified above that the construction of low–carbon cities significantly
increases population. However, China has a vast territory, with prominent heterogeneity
among cities in scientific and educational levels, population size, natural resources, eco-
nomic development level, etc. Therefore, the administration efficiency, resource allocation
ability, and environmental regulation enforcement among local governments will vary
significantly as well [24]. Therefore, this paper conducts a heterogeneity analysis with the
aim of delving deeper into the variations in the effects of the LCP program on population
growth based on different locations and local economic development levels. This is an
essential step to gain a more nuanced understanding of the program’s impact and to iden-
tify any potential patterns or trends that might not be evident when analyzing the entire
dataset as a whole.
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4.4.1. Locality Heterogeneity in Cities

The significant variations in infrastructure, governmental and business efficiency, as
well as talent supply across different regions, prompted an investigation into whether
the impact of the low–carbon city policy on population growth is consistent across these
diverse regions. For this purpose, we categorized our sample cities into three distinct
regions: eastern (120 cities), central (82 cities), and western (95 cities). Within these regions,
62, 30, and 34 cities, respectively, are designated as LCP cities. To explore potential regional
differences, we conducted three separate DID analyses, each including an interaction term
of region and did.

The findings, presented in Table 7, shed light on the distinct impact of the LCP program
on population growth across the three designated regions. Notably, there is a discernible
trend of diminishing effect as one moves from eastern to central to western cities. While the
statistical significance is evident across all regions, the magnitude of the effect diminishes
from east to west. This pattern aligns with expectations and is attributed to the varying
developmental contexts of these regions.

Table 7. Impact of city locality heterogeneity.

Variable LNPOP

Eastern_did 0.1468 ***
(0.0555)

Middle_did 0.1177 **
(0.0548)

Western_did 0.0947 *
(0.0563)

LNPOP 0.4233 ***
(0.0539)

Industry −0.0029
(0.0019)

Finance −0.0053
(0.0107)

Npop 0.0039 ***
(0.0013)

Constant 1.5965 ***
(0.5204)

Year FE Yes
City FE Yes

N 3180
r2 0.7495
F 45.8228

Note: (1). Standard errors in parentheses; (2). * p < 0.1, ** p < 0.05, *** p < 0.01.

Eastern cities, endowed with proximity to coastlines, abundant natural resources,
and a robust talent pool, have enjoyed advanced economic development. Consequently,
these cities possess a substantial advantage in terms of amassing low–carbon technologies,
fostering innovation, securing fiscal resources, and benefiting from efficient administration.
As a result, the LCP program’s implementation is accompanied by considerable resources
and consequently, yields a substantial impact, leading to improved medical facilities,
enhanced transportation infrastructure, better living conditions, and an elevated standard
of living in these locales.

Conversely, western cities, characterized by their inland location, mountainous terrain,
and limited resource endowments, grapple with inadequate fiscal backing, talent shortages,
insufficient urban infrastructure, and a dearth of low–carbon development expertise. Given
their less conducive starting point, the LCP program’s ability to transform their economic
and environmental landscape, and thereby attract significant population, remains con-
strained. Similarly, central cities occupy an intermediate position in this spectrum, with the
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impact of the LCP program situated between the substantial effects observed in the east
and the more limited effects experienced in the west.

In summary, the regional analysis illuminates the nuanced relationship between the
low–carbon city policy and population growth. As this relationship is modulated by the
unique conditions and developmental stages of each region, our findings emphasize the
importance of tailoring policy approaches to the specific characteristics and requirements
of each locale.

4.4.2. Heterogeneity Analysis of GDP Per Capita

Beyond regional disparities, variations in economic conditions and development
levels across Chinese cities can also impact the efficacy of local government administration
and the business environment, thereby influencing the extent to which the LCP program
affects population growth. Given the widespread recognition of GDP as a measure of
economic development, this study categorizes cities into three equal groups based on their
average per capita GDP. These groups are the high per capita GDP group (High GDPPC),
the medium per capita GDP group (Mid GDPPC), and the low per capita GDP group
(Low GDPPC). Subsequently, the study investigates the heterogeneity in the impact of the
LCP program on population growth due to GDP variation. The results are presented in
columns (1), (2), and (3) of Table 8.

The analysis reveals that the LCP program has a significant impact on population
growth across all three groups. However, when considering the coefficients of did, it is
observed that the medium per capita GDP group displays the most pronounced impact.
There are several possible explanations for this phenomenon. Firstly, cities with high
per capita GDP in China often experience high population densities, which can limit the
potential for further population growth. In certain cities, such as Beijing, local governments
actively seek to curtail population expansion. Secondly, cities with medium per capita
GDP often possess more opportunities and room for growth in terms of their economy,
environment, living conditions, and population size. On the other hand, cities with low
per capita GDP may struggle with limited fiscal resources required for the successful
implementation of the LCP program. Additionally, residents in these areas may typically
receive less education and consequently may not fully appreciate the benefits of a low–
carbon environment.

Table 8. Impact of GDP per capita heterogeneity on population growth.

(1) (2) (3) (4) (5)
Variable High GDPPC Mid GDPPC Low GDPPC

Lny Lny Lny TC

did 0.140 *** 0.252 *** 0.130 *** c_did 0.182 ***
(6.05) (2.89) (3.49) (5.40)

LNPGDP 0.298 *** 0.491 *** 0.250 *** c_group −0.094
(6.06) (6.91) (5.02) (−0.30)

Industry −0.000 −0.001 −0.004 ** c_did × c_group −0.021
(−0.06) (−0.26) (−2.45) (−0.60)

Finance −0.008 −0.058 0.001 LNPGDP significant
(−0.45) (−1.45) (0.07) Industry non significant

Npop 0.002 0.006 0.004 *** Finance non significant
(1.04) (1.34) (2.80) Npop significant

Year FE Yes Yes Yes Constant significant
City FE Yes Yes Yes Year fixed effect Yes

Constant 2.898 *** 1.029 3.414 *** City fixed effect Yes
(5.76) (1.50) (7.75) Observations 3482

R-squared 0.878 0.720 0.514 R-squared 0.109
r2

a 0.862 0.684 0.449 r2
a 0.00340

F 56.80 20.16 7.908 F 20.46

Note: (1). t–statistics in parentheses; (2). * p < 0.1, ** p < 0.05, *** p < 0.01.
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To assess whether the observed differences in impact among the three groups are statis-
tically significant, the study employs a more detailed analysis involving the interaction term
cdid × cgroup. The model is presented in column (4) of Table 8, and the corresponding results
are displayed in column (5). The interaction term’s lack of significance implies that the
impact differences are not statistically meaningful. In other words, per capita GDP appears
to have a marginal impact on the influence of the LCP program on population growth.

5. Conclusions

This study was conducted to contribute insights on the impact of the LCP program on
population growth. The empirical results have yielded compelling insights into the impact
of the LCP program on population growth in China. Firstly, our findings consistently
indicate that the LCP program has a statistically significant positive impact on population
growth, which is most pronounced in the second batch of cities. This suggests that as
the program matured and accumulated experience over time, its effects on attracting
population growth became more prominent. Secondly, the program’s positive impact
on population growth is mediated through two main mechanisms: attracting FDI and
reducing exhaust emissions. These factors play a vital role in shaping cities’ attractiveness
and livability, contributing to population growth. However, the effect on per capita income
is not statistically significant, suggesting that income level alone may not be a primary
driver of population growth in this context. Thirdly, the impact of the LCP program on
population growth exhibits geographical variation. Eastern cities experience the greatest
impact, while western cities experience the least. Lastly, our analysis reveals that there is no
significant evidence indicating that the impact of the LCP program on population growth
varies based on cities’ economic development levels.

Our analysis provides practical implications, which can serve as valuable guidance for
policymakers and urban planners in developing strategies that balance economic growth,
environmental protection, and demographic dynamics. Firstly, cities in China and beyond
can consider adopting similar low–carbon development initiatives to attract population. It
is noteworthy that the impact can be enhanced through attracting investment and improv-
ing air quality. Secondly, findings in this study regarding locality heterogeneity underscores
the importance of tailored strategies for different regions. Focusing on improving the envi-
ronment and attracting investment becomes crucial in such contexts. Thirdly, the finding
that per capita GDP influences the impact of the LCP program while personal income levels
do not highlights the significance of public welfare. This suggests that investing in public
infrastructure and services may be more effective in enhancing population attractiveness
than solely focusing on raising personal incomes. Lastly, the potential for the LCP pro-
gram to exacerbate regional disparities in population growth warrants attention. China
has been promoting “Western Development” for many years, but the effect so far is not
striking. The program’s stronger effectiveness in eastern regions could potentially widen
the gap between eastern and central/western regions. Addressing this imbalance requires
comprehensive policy approaches that incline to central and western cities.

The limitations of our analysis and future research are as follows. Some other variables
may be worth consideration in the baseline test, mediating effect analysis and heterogeneity
analysis. Some reasonings in the study need more data and further investigations. The
findings of this study are not guaranteed to be applicable to other countries. Due to data
availability, this study focuses on population growth; however, it will provide more insights
and practical implications to study the effect of age structure or talent structure. These
limitations open avenues for future research, including introducing more variables, further
investigating some reasonings, conducting cross–country comparisons, and exploring the
impact on age or talent structures.
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