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Abstract: Higher education not only enhances people’s well-being, but also plays an important role in 

the in-depth implementation of the innovation-driven development strategy. In this paper, we use 

Chinese urban data for 1995–2020, utilizing the higher education expansion policy implemented 

in China in 1999 as an external shock. Using Double/Debiased Machine Learning (DML), we examine 

the impact of the aforementioned policy on urban innovation and its mechanisms. The results show 

that: (1) The higher education expansion policy significantly promotes urban innovation; (2) the policy 

promotes human capital expansion and strengthens government financial support, thereby significantly 

fostering urban innovation; (3) the impact of the policy varies across cities with different geographic 

locations, population densities and levels of marketization. Therefore, the findings of this paper 

provide empirical evidence that higher education expansion policy stimulates urban innovation. It also 

offers useful insights for China’s transition from “Made in China” to “Created in China” during its 

high-quality development phase. 

Keywords: higher education expansion; urban innovation; Double/Debiased Machine Learning 

models 

Mathematics Subject Classification: 62P20, 68T07 

 



2994 

AIMS Mathematics  Volume 9, Issue 2, 2993–3018. 

1. Introduction 

1.1. Background 

Innovation plays a pivotal role in propelling the transformation of China’s economic 

development [1,2]. Therefore, the Chinese government is actively refining its top-level innovation 

framework, while guiding the transition of its economic model from one driven by factors to an 

innovation-driven one. With cities acting as innovative hubs, their progress in innovation has become 

a crucial cornerstone for the advancement of a national innovation framework. However, the “2023 

Global City Innovation Ranking” reveals that only two Chinese cities, Beijing and Shanghai, are 

among the top 50 innovative cities. Fostering the vitality of urban innovation, exploring its potential 

and elevating the level of urban innovation across cities represent real challenges in the development 

of China’s innovation system. 

It is worth noting that innovation not only results from market choice, but also from government 

promotion. In this context, education reform policy is an important instrument through which 

government supports innovation. In particular, the higher education expansion policy, implemented in 

China in 1999, has fundamentally changed the scale and proportion of high-level talents in China, 

profoundly impacting innovation. In this paper, we aim to explore the following pivotal yet 

unanswered questions: Does the higher education expansion policy help promote urban innovation? 

What mechanisms underlie its effects on urban innovation? Does its impact on innovation vary across 

cities with different geographic locations, population densities and degrees of marketization? 

The research in this paper faces two major challenges in identifying the causal relationship 

between higher education expansion policies and urban innovation. The first challenge lies in the 

endogeneity problem, a common issue addressed in the existing literature [3–5]. This problem relates 

to the existence of unobservable factors that affect both higher education expansion policies and levels 

of urban innovation. In addition, the non-random selection of cities affected by higher education 

expansion policies, paired with variations in natural resources, geographic locations and levels of 

economic development among cities, may produce estimation biases in the relationship between higher 

education expansion policies and urban innovation when using ordinary least squares regression. To 

solve this problem, we employ the higher education expansion policy implemented in 1999 as a quasi-

natural experiment. We apply the Double/Debiased Machine Learning (DML) model to study the 

impact of higher education expansion policy on urban innovation, thus mitigating the negative impact 

of unobserved variables on empirical findings. The second challenge involves analyzing the impact 

mechanism, specifically examining how the higher education expansion policy influences the level of 

urban innovation. There are few existing studies on the impact mechanism of higher education 

expansion policies on urban innovation. Basing itself on the challenges of “lack of people” and “lack 

of money” that may be encountered in urban innovation, we explain the “human capital expansion 

mechanism” and “financial support mechanism” of the higher education expansion policy on urban 

innovation through two paths: Human capital and financial support. We use the mediating variable 

method for empirical verification. 

Upon addressing the two aforementioned challenges, we found that the higher education 

expansion policy has indeed promoted urban innovation in China. After a series of robustness tests, 

the promotion effect of higher education expansion policy on urban innovation in China remains 

significant. Further analysis shows that the higher education expansion policy promotes human capital 
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expansion and strengthens government financial support, consequently significantly enhancing urban 

innovation. These results provide empirical evidence that the higher education expansion policy 

stimulates urban innovation, and furthermore, provides useful insight into China’s transition from 

“Made in China” to “Created in China” in urban development. 

1.2. Related literature 

There are two major strands of literature related to the subject of this paper. The first focuses on 

the influencing factors of urban innovation. Scholars primarily examine these factors in terms of 

innovation, infrastructure and policy formulation. Concerning innovation factors, human capital and 

financial resources serve as important guarantees for improving urban innovation capacity. Human 

capital, providing specialized skills for innovation, serves as the basis for gaining competitive 

advantages and enhancing the level of urban innovation [6–8]. Additionally, the development of digital 

finance can offer substantial capital support for innovation, representing a financial innovation mode 

that also bolsters urban innovation [9]. From an infrastructure perspective, perfect public facilities, 

including transportation, health, communication services, play an important role in driving urban 

innovation development. Research has demonstrated the pivotal role of transportation infrastructure 

such as high-speed rail [10,11], healthcare infrastructure [12] and Internet infrastructure, particularly 

broadband, in promoting urban innovation [13–15]. Finally, in terms of policy formulation, relevant 

policies formulated by the government can guide urban innovation as well as provide financial support 

for it. Domestic and international scholars have explored the impact of government-developed policies 

on the advancement of urban innovation, considering aspects such as the development of smart 

cities [16,17], innovative urban construction [18], the establishment of national innovation 

demonstration zones [19] and pilot initiatives for low-carbon cities [20–22]. Overall, although research 

perspectives on enhancing urban innovation have diversified, there is still a dearth in literature on the 

mechanisms and impacts of higher education policy reforms, an important contributing factor. 

The second strand of literature centers on assessing the policy implications of expanding higher 

education. The higher education expansion policy is a common and vital tool used by governments to 

foster economic and social progress while improving residents’ well-being. For example, Che and 

Zhang [23] used a generalized difference-in-differences model to assess the impact of the higher 

education expansion policy in China on firms’ productivity. Their findings suggest a significant 

increase in total factor productivity among firms in human capital-intensive industries following the 

implementation of the policy. Similarly, using a difference-in-differences approach, Wang et al. [24] 

explored the impact of the policy on regional crime rates, finding a significant reduction in crime rates 

attributed to the higher education expansion policy. These studies confirm the positive impact of the 

higher education expansion policy on China’s economic development and residents’ quality of life. 

Furthermore, scholars have explored the impact of higher education expansion policies on various 

areas, including returns to education [25,26], educational opportunities [27,28], entrepreneurial 

performance [29] and household savings [30]. It is worth noting that although some of the literature 

has confirmed the impact of higher education expansion policies on firm innovation [31,32], two 

shortcomings persist. On the one hand, existing research predominantly assesses the impact of higher 

education expansion policies on innovation using double-difference models. However, the application 

of this model is constrained by limitations, including the demanding requirements of the parallel trend 

test on sample data, and the synthetic control method’s dependence on constructing a virtual control 
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group that conforms to the parallel trend, with the condition that the treated group does not exhibit any 

“extreme value” characteristics. On the other hand, the existing literature lacks a comprehensive 

depiction of the mechanism through which higher education expansion policy impacts innovation, 

specifically regional innovation. 

Compared to the existing literature, our research innovation manifests in three dimensions. First, 

the research perspective, centered on the unique lens of higher education expansion, delves into the 

endogenous dynamics of enhancing the level of urban innovation. Diverging from existing literature 

that centers on innovation factors, infrastructure and policy-making, we first explore the exogenous 

occurrence of the higher education expansion policy, thereby enriching the study of influencing factors 

in urban innovation. Moreover, our focus on the city level better reflects the implementation effects of 

government policies. Our findings can help prompt the formulation of targeted and scientific policies 

to promote urban innovation. 

Second, in terms of the research methodology, a DML model was developed, which alleviates the 

issue of endogeneity. Previous assessments on the impacts of higher education expansion policy have 

primarily adopted the double difference model, yet due to data limitations and the need for a reasonable 

model setting, they commonly encountered endogeneity problems. Thus, the DML model adopted in 

this paper effectively mitigates the bias in estimation results caused by endogeneity issues, thereby 

offering fresh empirical insights and data perspectives for further related research. 

Third, the research content reveals the influencing mechanism and impact of higher education 

expansion policy on urban innovation. Existing research on the policy effect of higher education 

expansion policy mostly focuses on the enterprise level, lacking comprehensive investigation at the 

city level. Through theoretical analysis, this paper delineates the role and impact mechanism of higher 

education expansion policy on urban innovation, emphasizing the roles of human capital and financial 

support. Furthermore, it uses microdata and a mediation effect model for validation purposes. 

Of course, there are some research flaws and limitations in this paper. On the one hand, the DML 

model has high data requirements, and we are limited by data availability and excludes the samples 

with serious missing data, which may have an impact on the model regression [33–35]. On the other 

hand, the mechanism of the impact of higher education expansion policy on urban innovation includes 

but is not limited to human capital and financial support, which can be further supplemented and 

improved in the future. 

The next section of the paper is structured as follows: Section 2 introduces the background of the 

development and implementation of the higher education expansion policy and outlines the research 

hypotheses of this paper; Section 3 explains the DML model, the data sources and the variables; 

Section 4 presents the outcomes of the baseline regressions, the robustness test, the examination of the 

transmission mechanism and the test of heterogeneity; and finally, Section 5 summarizes our 

conclusions and proposes targeted policy recommendations. 

2. Pilot policy and research hypotheses 

2.1. Pilot policy 

The causal relationship between higher education expansion policies and urban innovation 

necessitates a nuanced understanding of the institutional context surrounding the implementation of 

these policies. Since the Chinese government reinstated the college entrance examination system in 
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1977, colleges and universities have consistently trained numerous cohorts of scientific researchers 

and technicians, thereby laying the foundation for China’s rapid economic development during the 

period of reform and opening up. However, in the years following the restoration of the college 

entrance examination system, the enrollment of colleges and universities increased slowly, with some 

years even witnessing a decline. Statistics show that by 1998, the country hosted 1022 institutions of 

higher education, enrolling a total of 6,429,900 students, corresponding to a gross enrollment rate of 

9.8%. This rate was far lower than the average level observed in developed countries and fell short of 

the 15% gross enrollment rate recommended for the widespread accessibility of higher education. The 

limited scale of higher education enrollment emerged as a constraint hindering China’s economic 

development. 

Furthermore, during the late 1990s, the Asian financial crisis and the restructuring of state-owned 

enterprises placed significant pressure on China’s economy, leading to a reduction in domestic demand 

and a slowdown in foreign exports. The challenges underscored the urgent need for the state to 

introduce appropriate policies aimed at stimulating consumption and stabilizing economic growth. In 

December 1998, the Ministry of Education put forward the “Revitalization of Education for the 21st 

Century Action Plan”, which was approved for implementation in January 1999 by the State Council. 

This marked the initiation of the expansion of colleges and universities. The objective behind the 

expansion of enrollment in institutions of higher learning was intended to ease employment pressures 

and boost short-term consumption growth. In the long term, the goal was to strategically foster the 

country’s development through science and education, ultimately enhancing the country’s capacity for 

innovation. 

The Action Plan for Revitalizing Education for the 21st Century covered many facets of education, 

including the “Cross-Century Quality Education Project” aimed at improving the nation’s educational 

standards, the “Project for High-level Creative Talents” strengthening scientific research in universities, 

the “211 Project” aimed at enhancing the knowledge and innovation capacity of universities and the 

“Project for High-tech Industrialization of Universities” to promote the development of national high-

tech industries. Specifically, the “211 Project” focused on improving the knowledge and innovation 

capabilities of universities and colleges, and the “High-tech Industrialization Project of Universities 

and Colleges” was designed to promote the development of national high-tech industry. The latter was 

specifically related to the expansion policy of higher education. 

Of significance to the higher education expansion policy, the plan sought to reach an 11% 

enrollment rate in higher education by 2000 and a 15% rate by 2012. This paper charts the enrollment 

trend in China’s general higher education institutions from 1985 to 2020, proving an initial observation 

of the policy’s impact. As shown in Figure 1, before the implementation of the higher education 

expansion policy, the average enrollment in China’s higher education institutions from 1985 to 1998 

was merely 774,800, with an average growth rate of only 4.8%. Moreover, the enrollment quotas were 

reduced in years such as 1986, 1989 and 1994. The enrollment trend in 1999 approached 11%, 

accompanied by an average enrollment growth rate of only 4.8%. In 1999, when the higher education 

expansion policy was implemented, higher education enrollment surged to 1,596,800, marking a 

substantial expansion rate of 47% compared to the previous year. Subsequently, enrollment continued 

to maintain a solid growth rate before stabilizing at a lower growth rate. For example, the average 

enrollment growth rate for general higher education institutions increased to 19.5% between 1999 and 

2008, before declining to 4% between 2009 and 2020. 

At the municipal level, the higher education expansion policy was supposed to stimulate urban 
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innovation by fostering the expansion of human capital and increasing financial support. Concerning 

the expansion of human capital, the higher education expansion policy increased the talent pool within 

society as well as the number of undergraduate graduates in the cities where the universities were 

located. The proportion of undergraduate graduates in local cities also rose, which ensured a steady 

supply of talent for urban innovation. Regarding financial support, the higher education expansion 

policy was designed to provide increased investment in education. This commitment was reflected in 

the higher growth of education expenditure compared to the growth in fiscal revenue. It also resulted 

in an increase in per capita funding for students and teachers, as well as other public funds. 

 

Figure 1. Trend of enrollment in China’s general institutions of higher education. 

2.2. Research hypotheses 

The higher education expansion policy, a comprehensive initiative implemented by China to drive 

educational reform and development, improving the nation’s overall quality and innovation capacity, 

is posited to have fostered urban innovation through the factor agglomeration effect. 

On the one hand, since the implementation of the policy, an influx of talented people came into 

the city and formed new social networks. The human capital agglomeration effect formed by the policy 

has likely accelerated the flow of information between enterprises and universities within the city and 

promoted innovative activities. In addition, it may have also contributed to the formation of innovation 

ecosystems, facilitating inter-industry collaboration in innovation [36–38]. On the other hand, the 

implementation of the policy will have likely promoted the concentration of financial capital, thus 

alleviating financial constraints faced by innovative entities. The presence of information asymmetry 

between investors and these entities may have led to financing limitations, making it difficult to carry 

out innovative activities [39–41]. The implementation of the policy was expected to reduce the degree 

of information asymmetry, expanding the channels through which innovators obtained funds, reducing 

the cost associated with obtaining funds and helping the development of innovative activities. 

Accordingly, this paper puts forward the following hypothesis: 
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Hypothesis 1: Tertiary education expansion policies stimulate urban innovation activities. 

Higher education expansion policies can facilitate the expansion of human capital, in turn 

promoting urban innovation. Human capital is the catalyst for technological innovation, with a high 

level of human capital being pivotal to enhancing overall innovation capacity [42–44]. Theoretically, 

the higher education expansion policy bolsters the quantity and quality of human capital, reducing the 

costs associated with human capital matching and thus elevating the level of urban innovation. 

First, the higher education expansion policy has increased the pool of urban human capital in 

China. Research shows that university graduates tend to settle in the city where their university is 

located after graduation [45]. Following the implementation of the higher education expansion policy, 

there has been an upsurge in the number of university graduates choosing to remain in the university’s 

city, thus alleviating the shortage of high-end talent in the market. Moreover, increases in the volume 

of human capital are usually likely to foster a competitive effect, leading to improved innovation 

efficiency and contributing to the development of urban innovation. 

Second, the higher education expansion policy has improved the caliber of urban human capital. 

On the one hand, this policy has contributed to the training of a great number of high-level 

professionals with specialized knowledge and skills, knowledge integration skills and innovative 

abilities. On the other hand, the cities affected by the policy experienced a pronounced demand for 

high-end human capital, effectively transforming into hubs for the concentration of higher education 

talents. The improvement in the quality of human capital attracted additional resource elements, 

leading to the optimization of resource allocation for innovation, and consequently having a positive 

impact on urban innovation. 

Finally, the higher education expansion policy has reduced the costs associated with human 

capital matching. This agglomeration of human capital driven by this policy prompted the rapid 

dissemination of knowledge across industries and cities, thus significantly reducing the search and 

matching costs for both skilled professionals and enterprises. Facilitating the alignment between 

human capital and businesses enables the better introduction, assimilation and application of cutting-

edge technologies [46], ultimately improving urban innovation performance. In conclusion, higher 

education expansion policies can promote urban innovation through human capital expansion. 

Accordingly, this paper proposes the following hypothesis: 

Hypothesis 2: Tertiary education expansion policies promote urban innovation through the 

expansion of human capital. 

Higher education expansion policies can increase financial support and thus promote urban 

innovation. Financial support is an important governmental measure to support urban innovation, 

which was reflected in the provision of funds to alleviate the persistent challenge of insufficient funds 

faced by innovators [47,48]. Theoretically, the higher education expansion policy led to an increase in 

funding for education, science and technology, which has improved individuals’ willingness and 

ability to innovate, thus spurring advancements in the level of urban innovation. 

On the one hand, the higher education expansion policy invigorated the drive to innovate because 

of the enhanced financial support. Innovation, characterized by substantial investments, lengthy cycles 

and high risk, often encounters hesitancy among most universities and enterprises to engage in creative 

pursuits [49]. After the implementation of the higher education expansion policy, the government 

extended financial assistance, leading to a gradual increase in per capita educational expenses and 

teachers’ salaries. The establishment of a special fund addressed the problems related to teacher 

housing, which greatly stimulated students’ and teachers’ motivation to innovate. Furthermore, the 
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policy has since supported the development of school-run enterprises, accompanied by the 

implementation of tax incentives. It has reduced the risk and financing constraints of associated with 

the innovative pursuits of school-run enterprises, strengthening the incentives for these entities to 

engage in innovation. 

On the other hand, the higher education expansion policy improved the innovation capacity of 

innovators through increased financial support. Its implementation facilitated increased capital 

expenditures for the renovation of university teaching infrastructure, providing good teaching and 

research conditions and ultimately amplifying the innovation capabilities of universities. Moreover, 

the policy encouraged universities to transfer technology to enterprises, promoting a closer integration 

between universities and enterprises in technological innovation. This collaborative approach 

broadened the pathways for enterprises to obtain technology while reducing costs, thus enhancing the 

innovation capacity of these enterprises. In addition, the implementation of the policy attracted social 

capital to invest in innovation, providing direct financial support for the innovative pursuits of 

enterprises and educational institutions. This influx of capital subsequently improved the technological 

level and innovation capacity of the whole market. In essence, the higher education expansion policy 

enhanced the innovation willingness and capabilities of enterprises and universities through increased 

financial support, which in turn promoted urban innovation. Accordingly, we put forward the following 

hypothesis: 

Hypothesis 3: Higher education expansion policies promote urban innovation through greater 

financial support. 

3. Methodology 

3.1. Double/Debiased Machine Learning (DML) model 

Drawing on the study by Chernozhukov et al. [50], we employ the linear DML model, as outlined 

in formulas (1) to (8), where 𝑖 represents city, 𝑡 denotes the year, 𝑌𝑖𝑡 signifies the explanatory variable, 

which corresponds to urban innovation, and 𝐸𝑣𝑒𝑛𝑡𝑖𝑡 represents the disposition variable, denoting the 

higher education policy variable. Notably, the cities that experienced the greater impact after the 

implementation of the policy are assigned a value of 1, while the others are denoted as 0. 𝑋𝑖𝑡 is the set 

of control variables, while 𝑈𝑖𝑡 is the error term, characterized by a conditional expectation as shown 

in formulas (1) and (2). 

𝑌𝑖𝑡+1 = 𝜃0𝐸𝑣𝑒𝑛𝑡𝑖𝑡 + 𝑔(𝑋𝑖𝑡) + 𝑈𝑖𝑡.       (1) 

𝐸(𝑈𝑖𝑡|𝐸𝑣𝑒𝑛𝑡𝑖𝑡, 𝑋𝑖𝑡) = 0.        (2) 

Formula (3) calculates the estimated value 𝜃0 of the coefficient 𝜃0, which represents the causal 

policy effect, given a sample size of 𝑛. Formula (4) computes the estimation bias, where 

𝑎 = (
1

𝑛
∑ 𝐸𝑣𝑒𝑛𝑡𝑖𝑡

2

𝑖∈𝐼,𝑡∈𝑇
)−1

1

√𝑛
∑ 𝐸𝑣𝑒𝑛𝑡𝑖𝑡𝑈𝑖𝑡

𝑖∈𝐼,𝑡∈𝑇
 

follows a normal distribution with a mean of 0, and 

𝑏 = (
1

𝑛
∑ 𝐸𝑣𝑒𝑛𝑡𝑖𝑡

2
𝑖∈𝐼,𝑡∈𝑇 )−1 1

√𝑛
∑ 𝐸𝑣𝑒𝑛𝑡𝑖𝑡[𝑔(𝑋𝑖𝑡) − �̂�(𝑋𝑖𝑡)]𝑖∈𝐼,𝑡∈𝑇 . 
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DML uses machine learning and regularization algorithms to estimate �̂�(𝑋𝑖𝑡), yet this approach 

unavoidably introduces what is known as ‘regular bias.’ Although it can constrain the variance of the 

estimator, it also leads to unbiasedness, as evidenced by a slower convergence speed from �̂�(𝑋𝑖𝑡) to 

𝑔(𝑋𝑖𝑡) when 𝑛−𝜑𝑔 > 𝑛−1/2 . Therefore, as 𝑛  approaches infinity, 𝑏  also does so, and 𝜃0  becomes 

difficult converging to 𝜃0. 

𝜃0 = (
1

𝑛
∑ 𝐸𝑣𝑒𝑛𝑡𝑖𝑡

2
𝑖∈𝐼,𝑡∈𝑇 )−1 1

𝑛
∑ 𝐸𝑣𝑒𝑛𝑡𝑖𝑡[𝑌𝑖𝑡+1 − �̂�(𝑋𝑖𝑡)]𝑖∈𝐼,𝑡∈𝑇 .   (3) 

√𝑛(𝜃0 − 𝜃0) = (
1

𝑛
∑ 𝐸𝑣𝑒𝑛𝑡𝑖𝑡

2

𝑖∈𝐼,𝑡∈𝑇
)

−1
1

√𝑛
∑ 𝐸𝑣𝑒𝑛𝑡𝑖𝑡𝑈𝑖𝑡

𝑖∈𝐼,𝑡∈𝑇
 

+(
1

𝑛
∑ 𝐸𝑣𝑒𝑛𝑡𝑖𝑡

2
𝑖∈𝐼,𝑡∈𝑇 )−1 1

√𝑛
∑ 𝐸𝑣𝑒𝑛𝑡𝑖𝑡[𝑔(𝑋𝑖𝑡) − �̂�(𝑋𝑖𝑡)]𝑖∈𝐼,𝑡∈𝑇 . (4) 

To accelerate the convergence of 𝜃0 to 𝜃0, formulas (5) and (6) establish an auxiliary regression, 

whereby the treatment coefficient estimator 𝜃0  remains unbiased in small samples. Here, 𝑚(𝑋𝑖𝑡) 

represents the regression function of the treatment with respect to controlling variables, and �̂�(𝑋𝑖𝑡) is 

its estimator calculated through machine learning. 𝑉𝑖𝑡 is the error term, with a conditional expectation 

of 0, as shown in formula (6). 

𝐸𝑣𝑒𝑛𝑡𝑖𝑡 = 𝑚(𝑋𝑖𝑡) + 𝑉𝑖𝑡.         (5) 

𝐸(𝑉𝑖𝑡|𝑋𝑖𝑡) = 0.          (6) 

The specific procedure of DML is as follows: First, a machine learning algorithm is utilized to 

estimate auxiliary regression �̂�(𝑋𝑖𝑡). Second, the error term estimator must be obtained: 

�̂�𝑖𝑡 = 𝐸𝑣𝑒𝑛𝑡𝑖𝑡 − �̂�(𝑋𝑖𝑡). 

Third, a machine learning algorithm is employed to estimate �̂�(𝑋𝑖𝑡), and the main regression form 

must be changed to 

𝑌𝑖𝑡+1— �̂�(𝑋𝑖𝑡) = 𝜃0𝐸𝑣𝑒𝑛𝑡𝑖𝑡 + 𝑈𝑖𝑡. 

Finally, �̂�𝑖𝑡 should be considered as the instrumental variable of 𝐸𝑣𝑒𝑛𝑡𝑖𝑡 to calculate the regression 

and get the unbiased estimator �̌�0 , as shown in formulas (7) and (8), where 

(𝐸(𝑉𝑖𝑡
2))−1 1

√𝑛
∑ 𝑉𝑖𝑡𝑈𝑖𝑡𝑖∈𝐼,𝑡∈𝑇  follows a normal distribution with a mean of 0. 

�̌�0 = (
1

𝑛
∑ �̂�𝑖𝑡𝐸𝑣𝑒𝑛𝑡𝑖𝑡𝑖∈𝐼,𝑡∈𝑇 )−1 1

𝑛
∑ �̂�𝑖𝑡[𝑌𝑖𝑡+1 − �̂�(𝑋𝑖𝑡)]𝑖∈𝐼,𝑡∈𝑇 .    (7) 

√𝑛(�̌�0 − 𝜃0) = (𝐸(𝑉𝑖𝑡
2))

−1 1

√𝑛
∑ 𝑉𝑖𝑡𝑈𝑖𝑡

𝑖∈𝐼,𝑡∈𝑇
 

+(𝐸(𝑉𝑖𝑡
2))−1 1

√𝑛
∑ [𝑚(𝑋𝑖𝑡) − �̂�(𝑋𝑖𝑡)][𝑔(𝑋𝑖𝑡) − �̂�(𝑋𝑖𝑡)]𝑖∈𝐼,𝑡∈𝑇 .  (8) 

Since machine learning estimates are used twice, the convergence calculating speed of 

(𝐸(𝑉𝑖𝑡
2))−1 1

√𝑛
∑ [𝑚(𝑋𝑖𝑡) − �̂�(𝑋𝑖𝑡)][𝑔(𝑋𝑖𝑡) − �̂�(𝑋𝑖𝑡)]𝑖∈𝐼,𝑡∈𝑇  depends on the convergences of �̂�(𝑋𝑖𝑡) 



3002 

AIMS Mathematics  Volume 9, Issue 2, 2993–3018. 

to 𝑚(𝑋𝑖𝑡)  and �̂�(𝑋𝑖𝑡)  to 𝑔(𝑋𝑖𝑡) , equaling 𝑛−(𝜑𝑔+𝜑𝑚) . Compared with formula (4), √𝑛(�̌�0 − 𝜃0) 

converges to 0 faster. Thus, DML can quickly obtain an unbiased estimator for the coefficient. 

In this paper, dual/biased machine learning (DML) was chosen for two advantages: On the one 

hand, it allows the use of nonparametric models, which allows greater use of complex data; on the 

other hand, it helps to mitigate endogeneity-induced bias and improve the accuracy of estimation 

results. 

3.2. Variable selection and definitions 

3.2.1. Explained variable: urban innovation (Patent) 

The explanatory variable in this paper is the level of urban innovation, measured in terms of 

patents. Drawing on Liao et al. [51], the logarithm of the number of patents granted in prefecture-level 

cities serves as a reliable proxy for urban innovation. Although most existing studies use an innovation 

index to measure urban innovation [52,53], this index does not capture the intricacies of innovation 

quality. In contrast, the use of patents offers several advantages. First, patents enable the visualization 

of the invention of tangible and intangible assets, effectively reflecting the level of innovation output. 

Second, the process of patent authorization entails application, acceptance, preliminary examination 

and publication, thus offering a better reflection of the quality of urban innovation. Finally, patent data 

contains comprehensive information and is readily accessible. 

3.2.2. Explanatory variable: higher education expansion policy (Policy) 

In this paper, we examine the effects of higher education expansion policies, primarily for cities 

with undergraduate institutions in China. The temporal marker chosen for this analysis is 1999, and 

the possession of undergraduate colleges and universities serves as the primary criterion. If a city had 

one or more undergraduate colleges and universities before the implementation of the policy in 1999, 

“Policy” is set to 1; conversely, it is set to 0. The selection of undergraduate colleges and universities 

as the defining criterion is driven by key considerations. First, these institutions represent the 

microscopic subject influenced by the policy of expansion of higher education, given that it affected 

their enrollment. Second, the presence or absence of undergraduate colleges reflects the 

comprehensiveness of a city’s higher education system, with cities possessing such institutions being 

more profoundly affected by the higher education expansion policy. 

3.2.3. Control variables 

Building upon the work of Tian et al. [54], we further control for key variables that may affect 

urban innovation. These include the natural population growth rate (Growth) and population density 

(Density) at the social level, and the average wage (Wage), foreign direct investment (FDI), the share 

of secondary output in gross domestic product (GDP) and per capita GDP (PGDP) at the economic 

level. The specific definitions for all variables are shown in Table 1.  
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Table 1. Definition of all variables. 

Category Variables Abbreviation Definition 

Explained variable Urban innovation Patent Ln (total patents granted+1) 

Explanatory variable Higher Education Expansion Policy Policy see above 

Control variables 

population growth rate Growth Natural population growth rate 

population density Density Ln (number of people per unit area+1) 

average wage Wage Ln (average wage of employees+1) 

overseas foreign direct investment 

(OFDI) 

FDI Ln (actual foreign investment+1) 

Share of secondary output in total 

output 

GDP2 Tertiary output/GDP 

GDP per capita PGDP Ln (GDP per capita+1) 

3.2.4. Data processing and descriptive statistics 

Considering data availability and completeness, we exclude city samples with significant missing 

data. An empirical study was conducted using a balanced panel dataset comprising 183 cities in China: 

78 cities represent the experimental group, with 105 cities forming the control group. Data for the 

control variables were sourced from the city statistical yearbooks from past years, while the city 

innovation data were obtained from the State Intellectual Property Office. Recognizing the proposal 

of the national development strategy through science and education in 1995 and the potential impact 

of the global pandemic in 2020 on urban innovation, the study’s sample period spans from 1995 to 

2020. 

Table 2 presents the descriptive statistics for the primary variables, including the mean, standard 

deviation, as well as the minimum and maximum values of the variables. The results demonstrate that 

during 1995–2020, the average urban innovation value stands at 5.768, with the minimum and 

maximum values recorded at 0.288 and 11.997, respectively. This variation indicates that there is 

considerable disparity in the emphasis placed on innovation and innovation output across different 

cities. The mean value for the policy variable is 0.361, signifying that the higher education expansion 

policy affected 36% of the cities. Additional descriptive statistics for the control variables are shown 

in Table 2. Furthermore, the correlations between the main variables are shown in Figure 2, which 

reveals that the main variables are significantly correlated at the 1% level. 

Table 2. Descriptive statistics. 

Variables N Mean SD Min Max. 

Patent 4,758 5.768 2.090 0.288 11.997 

Policy 4,758 0.361 0.480 0.000 1.000 

Growth 4,758 5.582 6.712 -46.840 79.821 

Density 4,758 5.774 0.899 1.548 9.040 

Wage 4,758 9.930 0.947 6.918 12.128 

FDI 4,758 8.831 2.576 1.099 32.134 

GDP2 4,758 0.456 0.130 0.113 1.290 

PGDP 4,758 9.738 1.050 3.875 12.101 
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Figure 2. Correlation analysis diagram. 

4. Empirical analysis 

4.1. Casual effect estimation 

In this paper, the DML model assesses the policy effect of higher education expansion policy on 

urban innovation. The test set and training set samples are split at a ratio of 1:4. The random forest 

algorithm is adopted to predict and address both the main and auxiliary regression. The results of the 

benchmark regression are shown in Table 3. 

As observed in column (1) of Table 3, the regression coefficient of the higher education expansion 

policy on urban innovation is positive and significant at the 1% level, suggesting the effective 

promotion of urban innovation by the policy. The findings of this paper are similar to those of Kong 

et al. [31], Yue [32] and others, which confirm that higher education expansion policies promote 

innovation, with the difference that this paper demonstrates the innovation incentive effect of higher 

education expansion policies at the city level. Columns (2)–(4) of Table 3 indicate the regression 

results using the number of invention patents granted (Patent 1), the number of utility model patents 

granted (Patent 2) and the number of design patents granted (Patent 3) as the proxy variables for urban 

innovation, respectively. The findings demonstrate consistent promotion of urban innovation by the 

higher education expansion policy at the 1% significance level. Notably, the policy exhibits the most 

significant promotion of urban innovation when considering the number of invention patents granted 

as a proxy variable, indicating that the higher education expansion policy not only improved the 

quantity of urban innovation, but also elevated the quality of urban innovation. 

The possible reason for this finding is that compared with utility model and utility patents, 

invention patents are more technically complex and require sustained financial investment as well as 

substantial human capital. The implementation of the higher education expansion policy effectively 
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catered to the requirements for R&D investments and human capital necessary for securing invention 

patents. In addition, since the policy was initiated, the government has paid more attention to the 

invention patents that can bring competitive advantages to cities, prompting universities and 

enterprises and other innovators, to prioritize the research and development activities focused on 

invention patents in alignment with government objectives. 

Table 3. Baseline regression results. 

 (1) (2) (3) (4) 

 Patent Patent 1 Patent 2 Patent 3 

Policy 0.593*** 0.689*** 0.591*** 0.452*** 

 (10.22) (9.19) (10.64) (5.72) 

Constant -0.003 0.004 -0.005 0.006 

 (-0.44) (0.48) (-0.64) (0.53) 

Observations 4,758 4,758 4,758 4,758 

Controls YES YES YES YES 

City FE YES YES YES YES 

Year FE YES YES YES YES 

Note: The robust z-statistics are put into parentheses. ***, ** and * represent the significance level of coefficients at 1%, 

5% and 10%, respectively. 

4.2. Robustness and endogeneity tests 

To test the accuracy of the results on the impact of higher education expansion policies on urban 

innovation, we conducted a series of robustness and endogeneity tests, including the parallel trend test, 

removal of outlier effects, change to the sample time horizon, change to the sample selection interval, 

placebo test and recalibration of the DML model. 

4.2.1. Sample adjustment 

An important premise is the presence of a common trend of urban innovations in both the 

treatment and control groups prior to the policy’s implementation. To test this hypothesis, various pre- 

and post- terms of policy shocks were established, evaluating their impact on the time series. The 

findings, depicted in Figure 3, show no significant “ex ante difference” between the treatment and the 

control groups that are not exposed to exogenous policy shocks, before the implementation of the 

higher education expansion policy. The common trend hypothesis holds. After the implementation of 

the higher education expansion policy, the coefficients of post_1 to post_3 in the parallel trend are not 

significant, but the coefficients after post_4 are significant and gradually show a positive effect, 

indicating an eventual elevation in the innovation levels of the cities in the treatment group post-policy 

implementation, albeit with a delayed effect. 

These findings may be attributed to the standard educational duration of four years in higher 

education institutions. The initial year of the higher education expansion policy implementation 

primarily induces changes in enrollment, with the full policy effect not immediately realized. Four 

years after the implementation of the policy, the number of graduates from tertiary education surged, 

expanding the human capital in the market, thus fully realizing the policy effect. 
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Figure 3. Parallel trend graph. 

4.2.2. Removal of outlier effects 

Since outliers in the regression sample could potentially result in biased estimates, we employed 

a method to address this issue. Specifically, all continuous type variables were subjected to shrinkage 

at the 1% and 99% quantile points, as well as the 5% and 95% quantile points. Values above the highest 

and below the lowest quantile were replaced accordingly for the regression analysis. Columns (1) 

and (2) of Table 4 represent the regressions with 1% and 5% shrink-tail treatment, respectively. The 

results demonstrate that even after removing outliers, the higher education expansion policy still 

promotes urban innovation at the 1% significance level, with no substantial deviation from the findings 

of the baseline regression. 

4.2.3. Changing the sample time frame 

To examine the potential impacts of the sample time frame on the policy effect of higher education 

expansion, we explored the sensitivity of the policy to time changes by altering the regression time 

interval. The original data range, 1995–2020, was adjusted by shortening both ends of the sample by 

1 or 2 years, yielding subsamples of 1996–2019 and 1997–2018, for which separate regression analyses 

were conducted. If the direction and significance of the regression coefficients remained unchanged, 

this would indicate that the estimation results in this paper are robust. Columns (3) and (4) of Table 4 

denote the regressions performed using the 1996–2019 and 1997–2018 subsamples, respectively. It 

results indicate that even with a shortened sample, the higher education expansion policy stimulates 

urban innovation at the 1% significance level, confirming the consistency of baseline regression results 

and the robustness of the findings. 

4.2.4. Changing the sample selection interval 

Considering that major external events may lead to biased estimation results [55–57], we change 
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the sample selection interval to re-run the regression. Specifically, considering the impact of two major 

external events on urban innovation, namely the stock market crash in China in 2015 and the 2020 

global Covid-19 pandemic, this paper excludes the sample of cities during 2015 and 2020 and re-runs 

the test. As shown in column (5) of Table 4, the higher education expansion policy promotes urban 

innovation at the 1% significance level, and the findings are robust. 

4.2.5. Placebo testing 

The placebo tests aim to ensure the robustness of the findings and eliminate the potential influence 

of unobservable city characteristics on the estimation results. Following the approach by Liu et al. [58], 

we randomly selected 78 cities as the pseudo-experimental group affected by the higher education 

expansion policy (FakePolicy), while keeping the remaining cities as the control group. The policy 

interaction term was then recalculated in the placebo test, the regression was rerun accordingly. Since 

the pseudo-experimental group was randomly selected, the new policy interaction term does not have 

a significant effect on the explanatory variables. Column (6) of Table 4 confirms this, with the 

coefficient of the effect between the new policy interaction term and urban innovation amounting to 

only 0.016. This discrepancy is significantly divergent from the baseline regression results, yet is not 

significant in terms of both economic and statistical importance. Hence, the results suggest that the 

observed impact of the higher education expansion policy on urban innovation can be assessed using 

a DML model, which yields robust findings. 

Table 4. Robustness test. 

 (1) (2) (3) (4) (5) (6) 

 Winsor 1% Winsor 5% 1996–2019 1997–2018 Delete 2015&2020 FakePolicy 

Policy 0.588*** 0.580*** 0.567*** 0.447*** 0.568*** 0.016 

 (10.08) (10.25) (9.85) (7.91) (10.55) (0.34) 

Constant -0.005 -0.001 -0.000 -0.002 -0.003 -0.005 

 (-0.65) (-0.18) (-0.00) (-0.28) (-0.32) (-0.59) 

Observations 4,758 4,758 4,392 4,026 4,392 4,758 

Controls YES YES YES YES YES YES 

City FE YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES 

Note: The robust z-statistics are put into parentheses. ***, ** and * represent the significance level of coefficients at 1%, 

5% and 10%, respectively. 

4.2.6. Reset DML model 

To ensure the integrity of the conclusions and minimize potential biases from the DML model, 

this paper verified the robustness of its findings through the following measures: First, changing the 

sample partition ratio of the DML model from the previous 1:4 to 1:2 and 1:7, thus exploring the 

possible impact of this partition ratio on the paper’s conclusions; second, replacing the previously used 

Random Forest algorithm with the Gradient Boosting model (Gradient Boosting) and LASSO 

algorithm (LassoCV) to explore their possible impacts on the study’s conclusions; and third, the 
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benchmark regression based on the DML employed a linear model for the analysis, introducing a 

certain degree of subjectivity. Subsequently, a more general interactive model was constructed using 

the DML, thereby assessing the impact of the model setup on the conclusions of this paper. The 

alterations made to the main and auxiliary regression for this analysis are as follows: 

𝑌𝑖𝑡+1 = 𝑔(𝐸𝑣𝑒𝑛𝑡𝑖𝑡, 𝑋𝑖𝑡) + 𝑈𝑖𝑡. (9) 

𝐸𝑣𝑒𝑛𝑡𝑖𝑡 = 𝑚(𝑋𝑖𝑡) + 𝑉𝑖𝑡. (10) 

The estimated coefficients for the disposition effect were obtained for the interactive model: 

�̌�0 = 𝐸[𝑔(𝐸𝑣𝑒𝑛𝑡𝑖𝑡 = 1, 𝑋𝑖𝑡) − 𝑔(𝐸𝑣𝑒𝑛𝑡𝑖𝑡 = 0, 𝑋𝑖𝑡)]. (11) 

Finally, while we do attempt to consider various factors affecting urban innovation, there 

inevitably exists omitted variables, and the regression analysis addresses the problem of endogeneity. 

To effectively do so, the instrumental variables approach was employed. Therefore, drawing on 

Chernozhukov et al. [50], this paper formulated a partially linear instrumental variable model for DML, 

which is structured as follows: 

𝑌𝑖𝑡+1 = 𝜃0𝐸𝑣𝑒𝑛𝑡𝑖𝑡 + 𝑔(𝑋𝑖𝑡) + 𝑈𝑖𝑡. (12) 

𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡𝑖𝑡 = 𝑚(𝑋𝑖𝑡) + 𝑉𝑖𝑡. (13) 

In this formula, 𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡𝑖𝑡 stands as the instrumental variable for 𝐸𝑣𝑒𝑛𝑡𝑖𝑡 the instrumental 

variables of where 𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡𝑖𝑡 is the instrumental variable for 𝐸𝑣𝑒𝑛𝑡𝑖𝑡 the instrumental variables. 

Here, this paper refers to the work by Nunn and Qian [59], which incorporates the interaction term 

between urban topographic relief and the time trend term. This choice aligns with the exogeneity and 

correlation assumptions of the instrumental variable. On the one hand, urban terrain undulation 

correlates with higher education expansion policies. Topographic relief directly influences the 

construction cost of higher education institutions, leading to more establishments in areas with less 

topographic relief, thereby facilitating the implementation of higher education expansion policies. On 

the other hand, topographic relief is an exogenous variable external to the economic system and 

reflecting the distinctive characteristics of each city. It does not affect urban innovation, fulfilling the 

exogeneity condition. 

The regression results obtained from the DML model adjustments are presented in Table 5. 

Evidently, neither the sample split proportion in the DML model, the machine learning algorithm used 

for prediction, the estimation models form, nor the endogeneity issue impacts the conclusion that the 

expansion policy promotes innovation in the city. They only alter the magnitude of the policy effect to 

a certain degree, which is sufficient to show that the original conclusions are robust.  
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Table 5. Robustness tests of reset DML model. 

 (1) (2) (3) (4) (5) (6) 

 1:2 1:7 GradBoost LassoCV Interactive IV 

Policy 0.592*** 0.585*** 0.448*** 0.376*** 0.689*** 4.422** 

 (10.67) (9.83) (14.89) (7.30) (33.42) (2.48) 

Constant -0.009 -0.000 -0.002 0.000  0.004 

 (-1.07) (-0.05) (-0.19) (0.00)  (0.36) 

Observations 4,758 4,758 4,758 4,758 4,758 4,758 

Controls YES YES YES YES YES YES 

City FE YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES 

Note: The robust z-statistics are put into parentheses. ***, ** and * represent the significance level of coefficients at 1%, 

5% and 10%, respectively. 

4.3. Transmission mechanism test 

The previous paper has verified that the higher education expansion policy significantly promoted 

urban innovation in China, but its underlying mechanism remains unclear. This section elucidates the 

impact of the higher education expansion policy on urban innovation from two viewpoints: Human 

capital and financial support. It addresses issues related to insufficient labor and funding that may arise 

in urban innovation. Specifically, the “human capital expansion mechanism” of the higher education 

expansion policy is proposed to address the human resources issues, while the “financial support 

enhancement mechanism” of the policy is proposed for the issue with financial constraints. For the 

problem of “lack of money”, the “financial support enhancement mechanism” is proposed for the 

higher education expansion policy. The specific regression results are shown in Tables 6 and 7. 

Table 6. Human capital mechanisms. 

 (1) (2) (3) 

 Student_collegial Staff_rd Student_career 

Policy 0.921*** 0.035*** 0.357*** 

 (15.99) (2.70) (5.36) 

Constant -0.010 -0.002 -0.007 

 (-0.67) (-0.26) (-0.34) 

Observations 4,758 4,758 4,758 

Controls YES YES YES 

City FE YES YES YES 

Year FE YES YES YES 

Note: The robust z-statistics are put into parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
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Table 7. Financial support mechanisms. 

 (1) (2) 

 Fiscal_edu Fiscal_science 

Policy 0.243*** 0.009** 

 (11.39) (2.08) 

Constant 0.000 -0.002 

 (0.04) (-0.86) 

Observations 4,758 4,758 

Controls YES YES 

City FE YES YES 

Year FE YES YES 

Note: The robust z-statistics are put into parentheses. *** p<0.01, ** p<0.05, * p<0.1. 

4.3.1. Human capital mechanisms 

After the implementation of the higher education expansion policy, the quantity and quality of 

human capital improved, while the matching cost of human capital was reduced, contributing to the 

improvement of urban innovation levels. To verify the human capital expansion mechanism resulting 

from the policy, we drew on the practice of Liu et al. [60], using the ratio of students in undergraduate 

institutions to population (Student_collegial) as a proxy variable for human capital. This analysis was 

designed to test Hypothesis 2. Additionally, this paper conducted a robustness test using the ratio of 

R&D personnel to the population (Staff_rd) and the ratio of students in vocational education schools 

to the population (Student_career). The regression results are shown in Table 6.  

In Columns 1 through 3, the coefficients signifying the impact of higher education expansion 

policy on the level of human capital are determined to be 0.921, 0.035 and 0.357, respectively. Notably, 

all coefficients are statistically significant at the 1% level, which suggests that the policy promoted the 

expansion of human capital, thus the findings of the study are robust. Existing studies show that the 

level of human capital can significantly impact the innovation spirit of enterprises or cities [61,62]. 

Therefore, the study confirms research Hypothesis 2, demonstrating that higher education expansion 

policy can promote urban innovation through the expansion of human capital. 

4.3.2. Financial support mechanisms 

The higher education expansion policy led to an increase in funding for education, science and 

technology, thereby improving the willingness and ability of innovators, and ultimately elevating the 

level of urban innovation. To validate the financial support enhancement mechanism of the higher 

education enrollment expansion policy, we drew on the study by Wei et al. [63], employing education 

expenditure and science and technology expenditure as measures of financial support. Specifically, the 

logarithm of education expenditure (Fiscal_edu) and the logarithm of science and technology 

expenditure (Fiscal_science) served as the proxy variables for financial support to provide empirical 

evidence for Hypothesis 3. The regression results are shown in Table 7. 

As noted in Columns 1 and 2, the coefficients reflecting the influence of the higher education 

expansion policy on financial support are 0.243 and 0.009, respectively, both of which are significant 
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at the 5% level. This indicates that the policy has resulted in an increase in the government’s financial 

support, and the research findings remain robust. Moreover, existing studies show that financial 

support, such as education expenditure, has a positive impact on the level of innovation [64]. Therefore, 

this study confirms the validity of Hypothesis 2, which suggests that higher education expansion policy 

promotes urban innovation through increased financial support. 

4.4. Heterogeneity analysis 

4.4.1. Geographic location 

In the context of the real world, regional economic development across various regions of China 

differs due to geographic location and other factors. Consequently, the influence of the higher 

education expansion policy on innovation in cities with different geographies may also vary. To 

examine its impact, we drew upon the study by Tu et al. [65], who divided the sample cities into eastern, 

central and western cities based on their geographic locations and conducted a group regression. The 

specific regression results are shown in Table 8. 

The results in columns (1) to (3) of Table 8 show the regression outcomes of the higher education 

expansion policy on urban innovation in the eastern, central and western regions of China, respectively. 

The findings reveal significant positive effects at the levels of 1%, 1% and 10% respectively, indicating 

that the policy of higher education expansion is conducive to the enhancement of urban innovation in 

the three general areas. Notably, the promotion effect of the policy on urban innovation levels appears 

better in the eastern regions compared to the central regions, with the weakest effect observed in 

western regions. This trend can be attributed to the strong economic foundation, advanced 

technological landscape, rich financial resources and excellent infrastructure in the eastern region, 

which may have provided conducive conditions for the higher education expansion policy to stimulate 

urban innovation. Conversely, the policy might have exerted less influence on urban innovation in 

central and western regions due to factors such as poor geographical location, limited financial 

development and relatively weak infrastructure. In addition, the eastern region has historically 

demonstrated a higher efficiency in innovation and a preference for more effective innovation paths, 

thus better facilitating urban innovation. 

Table 8. Geographic location heterogeneity. 

 (1) (2) (3) 

 Eastern Central Western 

Policy 0.564*** 0.546*** 0.172* 

 (5.15) (6.31) (1.80) 

Constant -0.012 0.002 -0.011 

 (-0.98) (0.17) (-0.86) 

Observations 1,586 1,716 1,456 

Controls YES YES YES 

City FE YES YES YES 

Year FE YES YES YES 

Note: The robust z-statistics are put into parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
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4.4.2. Population density 

Population mobility leads to consistent fluctuations in urban population density, which can affect 

the impact of higher education expansion policies on innovation. To examine how the policy influences 

innovation in cities with varying population densities, this study categorized cities with population 

densities below 0.1, 0.1–0.9 and above 0.9 as sparsely populated, moderately populated and congested, 

respectively. Group regression analysis was conducted, and the results are shown in Table 9. 

Columns (1) to (3) in Table 9 present the regression results of the higher education expansion 

policy on urban innovation in sparsely populated cities, moderately populated cities and crowded cities, 

respectively. They show that the impact in sparsely populated cities is not significant, whereas the 

impact in moderately populated cities and crowded cities is significant at the 1% level. This outcome 

may be attributed to the lower information asymmetry moderately populated cities and crowded cities, 

leading to a talent agglomeration effect and enhanced resource sharing, which promotes urban 

innovation. In addition, increases in urban population density accelerate the construction of social 

relationship networks, aiding the dissemination and diffusion of knowledge [66,67] and boosting 

innovation efficiency and urban innovation. Conversely, sparsely populated cities are generally limited 

by their population size, and their response to the higher education expansion policy was relatively 

slow, resulting in insignificant policy effects. 

Table 9. Population density heterogeneity. 

 (1) (2) (3) 

 Sparse population Moderate population Crowded population 

Policy 0.196 0.479*** 0.528*** 

 (0.79) (8.09) (4.22) 

Constant 0.003 -0.007 0.000 

 (0.13) (-0.85) (0.01) 

Observations 476 3,806 476 

Controls YES YES YES 

City FE YES YES YES 

Year FE YES YES YES 

Note: The robust z-statistics are put into parentheses. *** p<0.01, ** p<0.05, * p<0.1. 

4.4.3. Degree of marketization 

The extent of marketization varied across cities due to differing levels of economic development. 

Thus, the impact of higher education expansion policies on innovation within these cities also 

fluctuated. To examine how the policy influenced innovation in cities with differing degrees of 

marketization, we first categorized cities into three groups: Those with a marketization degree below 

0.1 are classified as low-marketization cities, those between 0.1 and 0.9 as moderately-marketized and 

those above 0.9 as high-marketization cities. A group regression was then carried out, and the specific 

regression results are shown in Table 10. 

Columns (1) to (3) in Table 10 introduce the regression results of the impact of the higher 

education expansion policy on urban innovation across the three categories: Low-marketized cities, 



3013 

AIMS Mathematics  Volume 9, Issue 2, 2993–3018. 

moderately marketized cities and high-marketized cities. Notably, the study reveals that the influence 

of the policy on urban innovation in low-marketized cities is not statistically significant. Conversely, 

for moderately and highly marketized cities, the impact is significant at the 1% level. This may be 

because, in moderately and highly marketized cities, factor resources are abundant, information is 

easier to obtain and the degree of information asymmetry faced by innovators is relatively low, thereby 

fostering the development of innovation activities. Furthermore, the more refined legal systems and 

competitive market mechanisms in these cities may have diminished the risk of product imitation, 

driving enterprises and other innovation stakeholders to engage in innovative activities. 

Table 10. Heterogeneity in degree of marketization. 

 (1) (2) (3) 

 Low marketization Moderate marketization High marketization 

Policy 0.103 0.589*** 0.440*** 

 (0.87) (9.75) (3.25) 

Constant -0.002 -0.009 -0.030 

 (-0.08) (-0.98) (-1.20) 

Observations 476 3,806 476 

Controls YES YES YES 

City FE YES YES YES 

Year FE YES YES YES 

Note: The robust z-statistics are put into parentheses. *** p<0.01, ** p<0.05, * p<0.1. 

5. Conclusions and policy implications 

5.1. Conclusions 

Here, we explore the impact of higher education expansion policies on urban innovation, using 

the DML model to investigate its effects in 183 Chinese cities between 1995 and 2020. The research 

findings show that the policy had a significant positive influence on urban innovation in China, a 

conclusion that remains true even after conducting a series of robustness tests. The paper further 

elucidates the potential mechanisms at work, demonstrating that the higher education expansion 

policy’s impact on urban innovation was facilitated through the expansion of human capital expansion 

and increased financial support.  

Moreover, our analysis of heterogeneity reveals that the effects of the higher education expansion 

policy varied based on different geographic locations, population densities and marketization levels 

within different cities. The above results provide empirical evidence of the incentive effects of higher 

education expansion policies on urban innovation and confirm the importance of human capital and 

financial support in promoting urban innovation. Furthermore, they provide useful insights for China’s 

high-quality development transition from “Made in China” to “Created in China”. 

5.2. Policy implications 

The findings of this paper suggest three key policy implications. First, there is a need to increase 
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policy support for higher education. The study underscores that higher education expansion policies 

are effective in elevating the level of urban innovation. Policy makers can thus continue to use higher 

education to stimulate high-quality urban development. Second, there is a call for the optimization of 

the urban innovation environment. The research shows how the higher education expansion policy 

promoted urban innovation through two paths: The bolstering of human capital and additional financial 

support. Therefore, governments can optimize the business environment to attract top-tier talents and 

financial resources, thereby promoting urban innovation. Third, it is advised to explore the rational 

allocation of educational resources. The results show that the impact of the higher education expansion 

policy on cities in western regions of China, low-marketized cities and sparsely populated cities was 

low or nonsignificant. Therefore, local governments should implement policies to address local issues 

and time, increasing policies that will help less developed areas to achieve a balanced and inclusive 

regional development agenda. 
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