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Nowadays countries in the world are striving to transform their economic and social development modes to achieve the general goal of green development. With the rapid development of communication technology, digitalization has affected production and life, touching all aspects of society. Can digitalization make the world “greener”? To this end, this study conducts an empirical research based on the panel data of 276 cities in China from 2011 to 2020. Firstly, this paper separately measured the comprehensive level of urban digitalization and urban greening through the Entropy-TOPSIS method, then analyzed their spatial distribution characteristics and evolution process respectively, finally used the spatial Durbin model to explore the impact of digitalization on urban greening development. The following conclusions were drawn accordingly: (1). The development pattern of urban digitalization has changed from “multi-point” sporadic distribution to “group-type” aggregation with obvious spatial heterogeneity. The gap between cities is not narrowing. The Yangtze River Delta urban agglomeration has become an important high-level digital agglomeration area; (2). The urban greening develops with obvious spatial heterogeneity. The difference between eastern regions and western regions is prominent, and the urban spatial agglomeration characteristic is distinct. However, the spillover effect is weakened with distance, while the convergence characteristic becomes obvious; (3). Digitalization is significantly beneficial to the development of urban greening with obvious spatial heterogeneity. Digitalization in cities within urban agglomeration and in eastern regions has a stronger effect on promoting the urban greening, which is not obvious in cities located in western regions and non-urban agglomeration. Finally, according to the research results, suggestions for urban digitalization and greening development are put forward.
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1. Introduction

The Politburo meeting of the CPC Central Committee held on March 24, 2015 emphasized that “greening” must be added on the basis of new industrialization, urbanization, informatization, and agricultural modernization, indicating that urban greening has been officially recognized and valued. Promoting green transformation is of great significance for the central government to achieve high-quality development in China (Cui et al., 2020). With the continuous development of global economy and further deterioration of the environment, how to make the world better and more sustainable has become one of the important themes of the current era. Digitalization has become a new trend to accelerate the further development of regional economy and globalization. Whether this new development momentum is conducive to the healthy and benign green development of urban economy and society has become a topic worthy of further discussion.

As digitalization continues to penetrate into all aspects of economy and society, the research on it is also deepening. Currently, it is mainly reflected in three aspects. First is the measurement of digitalization (Jovanovic et al., 2018), including the selection of indicators; second is the relationship between digitalization and some certain aspects of socioeconomic development (Habibi and Zabardast, 2020; Zhao et al., 2020; Fan and Wu, 2021; Liu et al., 2021; Lee et al., 2022; Hao et al., 2023), such as the relationship between digitalization and high-quality development at the provincial level in China (Fan and Wu, 2021); third, the relationship between digitalization and the environment (Ahmadova et al., 2022; Cui et al., 2022), such as whether digitalization can improve environmental quality (Pang et al., 2021). Greening development has become the theme of the times. People not only pursue economic development, but also yearn for a better life. Therefore, not only the economic development should be green, but also the natural environment should reach a certain degree of greenness, and the social tolerance should be “greener” as well, for which the government should have better support. Accordingly, the current research on urban greening development is more reflected from the economic perspective by all green production factors (Cui et al., 2020), as well as green economic development (Loiseau et al., 2016; Hao et al., 2023) and green economic efficiency (Dong et al., 2021; Lee et al., 2022). Of course, there are also studies on urban greening development from resource and environmental perspectives (Fang et al., 2020; Abid et al., 2021). It can be found by reviewing the existing literature as follows. First, the existing studies of regional green development are mostly based on the perspective of ecology, economy or management, while ignoring the “process-pattern-mechanism” of green development from the perspective of geography (Vu and Asongu, 2020). Second, the existing literature research only focuses on one aspect of the regional greening development one-sidedly, such as the environment (Pang et al., 2021) or economic greening development (Fan and Wu, 2021; Liu et al., 2021), ignoring the fact that the regional greening development is a comprehensive system that includes economic, social, ecology, and even the ruling class. Third, the selection of existing research subjects is usually based on comparative studies between countries (Vu and Asongu, 2020) or at the provincial level within a country. The impact of digitalization on greening development in regions within a country was rarely studied (Liu et al., 2021) and it’s better to be filled at the level of cities. Fourth, although there are many literature conducted based on the green development of urban environment, economy and social greening development, corresponding indicators have been established with few of them standing for the green development of the entire city (Abid et al., 2021). They ignore the fact that the urban greening development involves the coordinated development of economy and ecology with multiple goals, in other words, it is a process of high-quality development and ecological environment construction. The indicators needs to be further refined. Fifth, from the perspective of spatial effect, the spatial spillover effects should consider more than adjacency, the spatial and economic forces of multiple adjacencies and regional heterogeneity should be further explored.

As the largest developing country and world’s second largest economy, China has developed rapidly over the past decades, but also paid serious ecological and environmental costs. To this end, China has accelerated digital transformation and upgrading in order to pursue a sustainable and virtuous cycle of green development. Can digitalization surely promote the urban greening development? Further analysis and verification are needed from both theoretical and empirical perspectives. Based on the above situation, this study explores the mechanism of digitalization affecting urban greening development. Specifically, based on the panel data of 276 prefecture-level cities in China from 2011 to 2020, we used measurement methods such as the spatial Durbin model to empirically test the influencing mechanism, and further tested the spatial heterogeneity in it. This study makes up for the insufficiency of the existing research, and the possible innovations are as follows: (1) Constructing an urban greening development index system, involving four aspects: economy, environment, society and government, which is different from previous studies only focusing on urban green economic development or environmental development. Because urban greening development is a new model of high-quality sustainable development, aiming at achieving the coordinated development of economy, society and ecology. This study scientifically and objectively measures it from four parts containing 16 indicators; (2) Using a spatial econometric model to explore the impact of digitalization on urban greening development from the perspective of geography at the city level, which supplements the existing research and examines the impact of digitalization on urban greening development from a more microscopic perspective; (3) This paper, respectively, analyzed the spatio-temporal evolution characteristics of urban digitalization and greening development by using the space-collar adjacency matrix and different spatial distance matrices; and (4) This study further improved the research about the spatial effect of digitalization on the urban greening development by cutting from the perspective of spatial heterogeneity and spillover boundary effect.



2. Theoretical analysis and research assumptions

With the widespread application of digital technologies such as the Internet, cloud computing, and the Internet of Things, the phenomenon of “digitalization” has become common in production and life. Ritter and Pedersen (2020) and some other researchers believe that the application process of digital technology is digitalization; some scholars (Chen et al., 2020; Qi and Cai, 2020) analyzed the changes caused by digital technology, believing that the digitalization of enterprises is achieved by leveraging digital technology to improve enterprise competitiveness, and to realize the strategic behavior of profit appreciation. As we can see, although the application of digital technology is the basic manifestation of digitalization, fundamentally, digitalization is not simply about technical application, but a complex process involving various fields and causing constant changes in all aspects of economic and social life. Thereby, the impact of digitalization on the greening development of cities is also multi-faceted.


2.1. Digitalization brings technological innovation

There are two ways for digitalization to affect the urban greening development through technological innovation. On the one hand, technologies such as big data, cloud computing, Internet of Things, and industrial Internet penetrate into the industry, bringing multi-dimensional optimization and upgrading of industrial pollution controlling strategies and energy management methods. It can also realize the interconnection of enterprise departments or production equipment by multi-dimensional sensors, communicate across different networks, and dynamically collect information on various elements and energy that are closely related to corporate sewage activities in real time, so as to optimize the energy structure and improve the utilization efficiency, and finally to achieve good economic benefits and re-optimize the combination of production factors. On the other hand, digital technology promotes the connection, innovation collaboration and knowledge sharing among innovation entities, which produces the empowerment effect of digital technology (Kohli and Melville, 2018), realizes the improvement of urban innovation capabilities, enhances the urban innovation environment through talent agglomeration and technological financial supply, accelerates the digital transformation and innovation in cities, and then catalyzes the emission reduction effects of technological innovation, thereby reducing social pollutant emissions and improving environmental greenness.



2.2. Digitalization improves environmental quality

With the continuous improvement of digital infrastructure, the digital environment is improved and the digital effect is further enhanced accordingly. On the one hand, the wide coverage of access facilities and the low threshold of using equipment have made the digital access gap continue to narrow, and have promoted the formation of informal environmental regulations with the network public as the main body, which can optimize the relationship between the socio-economic system and the ecological environment system, and reshape environmental governance pattern. On the other hand, implementing the goal – digitalization promotes sustainable development must be realized through the linkage of digital infrastructure, such as the interconnection of urban elements by sensors, smart devices, communication platforms and other facilities to provide support for the government to promote urban greening and sustainable development policies. In addition, the improvement of digitally-driven intelligent manufacturing infrastructure also promotes greening. For example, intelligent manufacturing workshops can accurately assess and respond to weather conditions such as meteorology, based on digital data fusion drives. Overall, digitalization clearly benefits the prediction, control and improvement of the environment.



2.3. Digitalization drives economic optimization

Digital development could stimulate the expansion of economic scale, but pollutants as a by-product of production would also increase, which will lead to the aggravation of environmental pollution and pressure on the environmental governance, adversely affecting environmental governance performance. Meanwhile, digital development can also optimize the economy through industrial structure optimization, economies of scale and competition mechanisms, ultimately reducing environmental pollution and achieving the purpose of promoting urban greening development. The structural optimization effect of digitalization on the industrial field is mainly due to technology penetration and industrial integration. In the context of rapid development of information technology, the Internet and the Internet of Things have gradually become important production and application tools by virtue of their characteristics of openness, collaboration, sharing and connection. In addition, digital network platforms can promote cross-industry and cross-field resource sharing through scale effects and competition effects, optimize traditional industrial production methods, supply chains and value chains, improve the operational efficiency of industrial organizations, and force the upgrading of low-end and backward industries. Scholars have demonstrated that industrial structure upgrading can effectively reduce pollutant emissions and play a role in reducing emissions with a variety of methods. The main reason is that the secondary industry concentrates most of the energy-intensive sectors, and there are significant differences in the energy structure between industrial industries and service industries, which means that in the process of gradually upgrading the industrial structure, the energy structure dominated by fossil energy can be greatly improved, reducing the pressure on urban pollution, thereby promoting the urban greening.

To sum up, with the advancement of digitalization process, beneficial factors such as technological innovation, environmental change and economic optimization would be brought to cities. However, due to the expansion of economic scale, it may also have negative impact: the total amount of pollutant emissions may increase, and social pressure may rise. In general, the advantages should outweigh the disadvantages, which need to be further verified empirically.




3. Research design


3.1. Indicator system construction and data sources


3.1.1. Indicator system of urban digitalization

Currently, research on the urban digitalization remains to be further enriched, and the quantitative indicators for measurement are not consistent. Judging from the existing research, the evaluation of regional digitalization is roughly divided into three categories: first, single-variable indicators based on the Internet penetration rate and the number of Internet broadband access users per capita (Habibi and Zabardast, 2020) are used; second, borrowing indicators from the digital economy to characterize (Jovanovic et al., 2018), such as the EU Digital Economy and Society Index (DESI, Jovanovic et al., 2018); third, drawing on the related indicators of digital economy, informatization or something else, researchers selected indicators meeting their respective research needs. And multiple indicator systems are constructed from different perspectives (Fan and Wu, 2021; Jia et al., 2022).

Because digitalization is a complex and systematic process that drives the evolution of economy and social structures. Using a single indicator cannot accurately and comprehensively reflect the level of digital development in a region (Pang et al., 2021). Referring to the existing literature (Liu et al., 2021; Hao et al., 2023), this paper conducts a comprehensive evaluation system in four dimensions: digital infrastructure, digital application, digital industry development and digital financial inclusion. Among them, digital infrastructure is the hardware condition for regional digitalization; digital application is the embodiment of digital connotation, reflecting the integration degree among digitalization and regional economy and society; digital industry development is an important support for digital development (Pang et al., 2021); digital financial inclusion is an essential component in digital life, reflecting that digital finance can meet the needs of those small, medium and micro enterprises and low-income people who usually have difficulty in enjoying financial services, embodying the proper meaning of inclusive finance (Guo et al., 2020). Based on the availability of data, for the specific indicators, the development level of digital infrastructure is measured by the density of long-distance optical cables, the capacity of mobile phone switches per capita, and the number of Internet broadband access ports per capita (Yang Z. et al., 2022; Yang W. et al., 2022), which is the main carrier of information transmission and the basis for digitalization development at present; digital applications are measured from two aspects: production and life, through the number of websites owned by a company, the penetration rate of mobile phones (Lee et al., 2022), and the per capita express business volume; the development level of the digital industry is evaluated by the proportion of digital industry employment in urban unit employment, the proportion of digital industry fixed asset investment in the entire society’s fixed asset investment, and the proportion of digital industry income in regional GDP. For digital financial inclusion, the Peking University Digital Financial Inclusion Index of China (PKU-DFIIC; Guo et al., 2020) is used, which is based on the digitalization degree, breadth of coverage and depth of usage etc. Finally, the entropy weight method to assign weights to each evaluation index, and then use the TOPSIS method to quantify and sort the digitalization of each city to get the final value. The evaluation system of urban digitalization is constructed as shown in Table 1.



TABLE 1 Index system of urban digitalization.
[image: Table1]



3.1.2. Indicator system of urban greening development

Greening development does not simply refer to the scale expansion and total growth of social economy and material wealth, but refers to the overall transformation of regional growth patterns, development drivers, and resource allocation patterns (Fuyou et al., 2021). Greening development is systematic and multi-dimensional, paying more attention to the quality of factor supply and developing benefits, and optimizing economic structure and improving efficiency, so as to ultimately achieve sustainable social and economic development, better ecological environment development, and more adequate and balanced urban and rural economic and social development (Zhao et al., 2019). As a new model of high-quality sustainable development, greening development aims to achieve the coordinated development of economy, society and ecology through the all-round transformation in development mode, power mechanism, and resource allocation (Zou et al., 2022). Therefore, its essentials should be systematically and scientifically considered when constructing the greening development index system. Based on the existing research (Fuyou et al., 2021; Chen et al., 2022; Zou et al., 2022), this paper constructs a comprehensive evaluation index system of urban greening development involving four aspects: economy, environment, society and government. Economic greening is the core and premise of greening development. It promotes greening transformation and development through technological innovation at the micro level, industry ecological development at the meso level, and improves regional quality and efficiency and transforms the development mode at the macro level. Coordinated social development is an important support and inherent requirement for greening development, and it is achieved by means of integrated urban and rural development, equalization of basic public services, and equalization of opportunities for urban and rural development. Environmental greening is the carrier and characterization of greening development. It transforms the greening development mode through ecological environment endowment, pollutant discharge pressure and governance level, resource utilization efficiency and other means. Government regulation is the guide and guarantee of greening development. It promotes greening development through technological reform and innovation, industrial cultivation and optimization, and market optimization. Each evaluation aspect is measured by four index variables, making it more comprehensive and scientific to reflect the real situation of urban greening development. Finally, on the basis of obtaining each index value and each index weight assign gets through the entropy method (see Table 2), the comprehensive value of urban greening development level is obtained by Entropy-TOPSIS model, and classified by natural breakpoint method.



TABLE 2 Index system of urban greening development.
[image: Table2]



3.1.3. Data sources

In view of sample continuity and data availability, this paper selects 276 prefecture-level cities in China from 2011 to 2020. The data involved are obtained from the “China Urban Statistical Yearbook,” “China Regional Economic Statistical Yearbook,” “China Statistical Yearbook,” “China Statistical Yearbook on Environment,” “China Industrial Economic Statistical Yearbook,” “China Electronic Information Industry Statistical Yearbook,” “Statistical Yearbook of China’s Basic Units,” “Statistical Report on China’s Internet Development,” “China Civil Affairs Statistical Yearbook.” In addition, some data that are not reported in the above yearbooks are collected from the statistical yearbooks and bulletins of all provinces, districts and municipalities. This map is based on the standard map of the Map Technical Review Center of the Ministry of Natural Resources [review number GS (2020) No. 4618].1




3.2. Methodology


3.2.1. Entropy-TOPSIS model

Regarding the measuring method of urban digitalization and greening, the Entropy-TOPSIS model, a comprehensive evaluation method, is used after referring to relevant research experience (Wang et al., 2021; Yi et al., 2021). The core idea is to use the entropy weight method to assign weights to each evaluation index (see Tables 1, 2) which is standardized beforehand, and then use the TOPSIS method to quantify and sort the digitalization and greening of each city to get the final value. The index weight value in entropy weight method is obtained based on the amount of information reflected by the variation degree of each evaluation index, which reduces the interference from human subjective factors. The TOPSIS method quantifies and sorts by comparing the relative distances between each measurement object and the optimal solution and the worst solution, which has the advantages of simple calculation and reasonable results (Li, 2021). The Entropy-TOPSIS method combines the advantages of the entropy weight method and the TOPSIS method, which makes the results more objective and reasonable (Huang et al., 2018). For the specific calculation steps, please refer to the existing literature (Lin et al., 2019).



3.2.2. Spatial Markov chain approach

A Markov chain is a Markov process with discrete time and state (Agovino et al., 2019). The method first discretizes the continuous urban digitalization level into k types, and then calculates the probability distribution of the corresponding types and their year-to-year variation, which approximates the entire process of regional evolution. Usually, the probability distribution of all urban greening types in year t is expressed as a 1 × k state probability vector Pt, denoted as Pt = [P1,t,P2,t,…,Pk,t]. The transition between urban greening types in different years can be represented by a k × k Markov transition probability matrix M (see Table 3). In Table 3, the element Pij represents the one-step transition probability that the area belonging to type i in year t will be transferred to type j in the next year, and is estimated by the following formula:

[image: image]

In the formula, nij represents the sum of areas belonging to type i in year t and transferred to type j in year t + 1 in the whole study period, and ni is the sum of areas belonging to type i in all years.



TABLE 3 Markov transition probability matrix (k = 4).
[image: Table3]

If the digitalization type of a city is i in the initial year and remains unchanged in the next year, the city’s type transition is steady. If the digitalization type of a city is improved, the type transfers upward; otherwise, the type transfers downward.

The Markov chain method can describe the spatial and temporal differentiation and evolution of digital development in cities, but it ignores the spatial effect of geographic proximity on digital development. With the rapid development of spatial metrology in recent years, the spatial effect has been introduced into the Markov chain. So this study also introduced the spatial lag effect into the Markov chain, namely the spatial Markov chain (Le Gallo, 2016).

Spatial Markov chain is the product of combining traditional Markov chain method with “spatial lag” (Chun and Xuetong, 2021). To accurately measure the spatial effect, firstly, a spatial weight matrix (W) must be established to show cities’ spatial relationship with the surrounding cities. Secondly, through the spatial lag operator, that is, the product (W*X) of the urban observation value vector (X) and the spatial weight matrix (W), the neighboring status of each city is determined, which provides a methodological basis for the subsequent quantitative analysis of the spatial distribution pattern in cities. Specifically, the spatial lag of a city is the weighted average of the city’s neighborhood observations, and the formula for the spatial lag value is as follows (Agovino et al., 2019):

[image: image]

In the formula, lag is the spatial lag value, which is used to judge the digitalization level of the spatially adjacent cities, Xi represents the digitalization level of city i, and Wij represents the spatial weight matrix. In this study, the first-order Rook adjacency principle is used to determine the spatial weight matrix (Agovino et al., 2019; Li et al., 2022).

The spatial Markov transition probability matrix is conditioned on the spatial lag type of city i in the initial year, and the traditional k × k (k = 4 in this study) Markov matrix (Table 1) is decomposed into k k × k conditional transition probability matrices (Table 4). For the k-th conditional matrix, the element pij(k) represents the one-step spatial transition probability that the area belongs to type i in this year and transitions into type j in the next year, conditioned on the area’s spatial lag type k in year t.



TABLE 4 A spatial Markov matrix.
[image: Table4]

Table 4 can be used to analyze the possibility of the digitalization level shifting upwards or downwards in a city in different contexts. For example, to examine the impact of the low-level neighbors on the digitalization type transition of a city, the conditional matrix with spatial lag type “B” in Table 4 can be analyzed. Among them, the matrix element PBG|B represents the probability that a Backward area will be shifted upward to a General area (G) when the digitalization type of the surrounding neighbors is Backward (B). Similarly, the impact of neighbors on digitalization type transition of a city in other contexts can also be analyzed. In addition, by comparing the corresponding elements in Markov matrix (Table 3) with that of spatial Markov matrix (Table 4), we can understand the relationship between the probability of a city’s upward or downward transition and its surrounding neighbors, then further explore the overall effect of surroundings on the city’s transition. For example, if PBG > PBG|B, it means that a backward digitized city (B) (regardless of neighbors) has a higher probability of transitioning upward into a General area (G) than when it has a Backward area (B) as its neighbor; if PBG < PBG|A, it means that the probability of a Backward digitized city (B) (regardless of neighbors) transitioning upward into a General area (G) is smaller than that of the case when it is adjacent to an Advanced digitized city (A). In other words, if the surrounding context of a city is not important to its digitalization transition, there are:

[image: image]



3.2.3. Spatial autocorrelation analysis

In this study, the global Moran’ I index is used to analyze the spatial autocorrelation of urban greening. The index was proposed by Patrick Alfred Pierce Moran in 1950. The relevant formula is as follows (Ma et al., 2022a):

[image: image]

In the formula, the value range of I is [−1, 1]. When I is greater than 0, it means that the distribution of greening development among cities has a positive spatial correlation, the larger the value, the stronger the spatial correlation; when I is less than 0, it means that the distribution of greening development among cities has a negative spatial correlation; when I is equal to 0, it means that the distribution of greening development among cities has no spatial correlation. [image: image]
，
[image: image], respectively, represent the greening development level of the ith and jth city in China. [image: image] is the mean value. n denotes the sum of all study units (Hao and Liu, 2016; Ma et al., 2022b).



3.2.4. Spatial econometric model


3.2.4.1. Model settings

According to the existing researches on urban greening (Wang et al., 2021; Tan et al., 2022; Yang Y. et al., 2022; Zhao et al., 2022), this study selects urban greening development level as the dependent variable. In addition to the core explanatory variable – urban digitalization, for more accurate results, this paper selects urbanization rate, innovation ability, degree of openness, city’s emphasis on environmental pollution and wealth level of urban residents as the independent variables to measure and analyze the impact of different factors on urban greening. There are obvious spatial correlations in urban greening, ignoring which may lead to bias in coefficient estimation when exploring the influencing factors of urban greening. Therefore, a spatial econometric model needs to be established. This study constructed the spatial Durbin model (SDM) as follows:

[image: image]

In the formula, [image: image] denotes the level of urban greening; [image: image] denotes the explanatory variable, including the core explanatory variable – urban digitalization level, and other control variables; [image: image] denotes the spatial lag regression coefficient, which reflects that to what extent the greening of spatially adjacent areas affects each other; [image: image] denotes the constant term; [image: image] denotes the regression coefficient for the explanatory variable; [image: image] represents the spatial lag regression coefficient of the explanatory variable; [image: image] represents the regional effect; [image: image] represents the time effect; [image: image] is a random interference term.



3.2.4.2. Spatial weight matrix (W)

Referring to the existing literature (Li et al., 2022; Zhao and Wang, 2022), this study adopts the Durbin model based on four spatial weight matrices for empirical exploration. Details about the four spatial weight matrices are as follows:

(i) Geographic adjacency weight matrix.

The principle of Rook adjacency on constructing Wij1 is that two cities are regarded as adjacent when they have a common boundary; otherwise, they are regarded as non-adjacent. Because Zhoushan city has no common boundary with other cities, this paper assumes that Zhoushan city is only adjacent to Ningbo city (Ma et al., 2022a,b), and other cities in the same situation are not covered by this study due to a lack of data. The elements in row i and column j of Wij1 are defined as follows:

[image: image]

(ii) Geographic distance weight matrix.

Tobler’s First Law of Geography states that the closer the geographical distance between regions, the higher the correlation degree of air pollution (Tobler, 1970). According to the limited distance proposed by Pace and Barry (1997), this paper constructs the geographical distance weight matrix Wij2, and provides the following definition:

[image: image]

where, dij is the spatial distance between the city i and city j based on Cartesian coordinates. In addition, in order to analyze the spatial effect of urban digitalization on urban greening under different geographical distance thresholds, a geographical distance threshold of every 100 km in 100–1,000 km is used to construct a geographical distance weight matrix, and the SDM model is used to perform continuous regression on it to analyze the spatial spillover effects of urban digitalization in multi-distance economic circles.

(iii) Economic weight matrix.

Considering the economic connection and the transfer of industries among cities, we construct the economic weight matrix Wij3 to reflect socio-economic factors. Wij3 is defined as:

[image: image]

(iv) Economic-geographic nested weight matrix.

Considering the economic connection and the transfer of industries among regions, we further construct the economic-geographic nested weight matrix Wij4 to reflect both geographic distance factors and socio-economic factors. Wij4 is defined as:

[image: image]



3.2.4.3. Variable selection

After reviewing a large number of literature (Wang et al., 2021; Tan et al., 2022; Yang Y. et al., 2022; Zhao et al., 2022), we found that scholars in various fields have conducted extensive and in-depth discussions on the influencing factors of urban greening development, mainly involving three aspects: population, economic development and industrial structure. As the academic research is deepening, factors such as urbanization, economic growth, foreign trade, and industrial structure have also been incorporated into the model by scholars. Based on the existing models and theories, the relevant research results of urban greening are integrated. In addition to the core explanatory variable – urban digitalization, for more accurate results, the urbanization rate that can reflect the development level of urbanization, the urban innovation level that reflects the innovation and development potential, the opening up level that reflects the degree of urban openness, diversity and internationalization, the intensity of urban environmental regulation that reflects the government’s emphasis and control over the ecological environment, and the wealth level of urban residents are selected as independent variables to measure and analyze the influence of different factors on urban greening. See Table 5 for details.



TABLE 5 Variable description.
[image: Table5]






4. Spatial and temporal evolution of urban digitalization and urban greening


4.1. Spatial and temporal evolution of urban digitalization

Through Entropy-TOPSIS model, the comprehensive value of the digitalization level of each city is measured. By natural break-point method, the comprehensive value of all cities is divided into four level types: Backward area (<0.30), General area (0.30–0.45), Moderate area (0.45–0.60) and Advanced area (>0.6).

In order to analyze the spatio-temporal distribution and evolution characteristics of the urban digitalization process, ArcGIS 10.6 software is used for visual display, and the results are shown in Figure 1. Over time, the digitalization development pattern has changed from the “multi-point” sporadic distribution with the Advanced areas (A) as the core to the “group-type” aggregation pattern, and the digitalization level of most cities has improved. Especially, during the period from 2011 to 2016, Backward areas (B) began paying attention to digitalization development, showing a trend of being transitioned to General areas (G) or Moderate areas (M). However, due to the factors such as endowments, location, and development foundations, the gap in digitalization development levels among cities has not been improved significantly. Finally, a digitalization development pattern has been formed with urban agglomerations such as Beijing-Tianjin-Hebei, Yangtze River Delta, Guangdong-Hong Kong-Macao and coastal economic belts as the core, among which the Yangtze River Delta urban agglomeration is particularly prominent. The details are as follows: in 2011, the digitalization level ranged from 0.101 (Tongchuan city) to 0.636 (Shanghai). Due to the differences in digital foundation and industrial development level, the gap in digitalization development was obvious. The digitalization level of most cities was generally low. In 2020, the overall level of digitalization development was significantly improved. Its pattern showed a cluster form in which digitalization was spread from the core cities to surroundings (see Figure 1). To explore the reasons, on the one hand, the core cities affected the development of surrounding cities through the spillover effect of digital technology. On the other hand, digital resources diffused from the core cities improved the development pattern and structure of the surrounding cities through the optimal allocation of digital elements. The above can be clearly verified from the development of Yangtze River Delta urban agglomeration in Figure 1.
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FIGURE 1
 The spatiotemporal evolution of digitalization development in China’s cities. This map is based on the standard map of the Map Technical Review Center of the Ministry of Natural Resources [review number GS (2020) No. 4618], and the base map has not been modified.




4.2. Spatial Markov chain analysis of urban digitalization


4.2.1. Transition probability of urban digitalization without geographical constraints

In order to analyze the transition dynamics and vitality of urban digitalization development, this study calculates the transition probability of digitalization from 2011 to 2020 with the Markov chain method. The results are shown in Table 6. On the whole, the urban digitalization development in each area has obvious characteristic of club convergence with a generally low internal mobility. The value of the main diagonal reflects the probability that the digitalization level remains unchanged. From the probability values of the main diagonal, the Advanced area (A) of digitalization development has the highest transition probability, followed by the Backward area (B) and the General area (G), and the Moderate area (M) has a relatively low one. The main diagonal values are all greater than 0.80, which reflects that an obvious solidification phenomenon exists in the digitalization level. The values above the main diagonal reflect the probability of the digitalization development level shifting upward, indicating that the probability of transitioning from the Moderate area (M) to the Advanced area (A) is the highest, which is 0.186. However, in general, the probability of transitioning to the upper level is low, and the probability of leapfrogging upward is even lower, less than 0.037, which indicates that the digitalization development is still in a steady stage with an asymptotic trend, and it is difficult to carry out leapfrog development.



TABLE 6 Markov transition probability matrix (k = 4).
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4.2.2. Transition probability of urban digitalization with geographical constraints

The spatial distribution of digitalization development shows a certain characteristic of spatial agglomeration. In this study, the spatial Markov transition matrix is used to explore the probability of digitalization level transition as it is affected by the adjacent areas. The results are shown in Table 7. For the transition probability of digitalization level in areas adjacent to Backward area (B), the probability values in Backward area (B), General area (G), Moderate area (M) and Advanced area (A) on the main diagonal are, respectively, 0.976, 0.981, 0.979, and 0.905, among which, the probability value of Advanced area (A) is the lowest, and that of General area (G) is the largest, which indicates that in the adjacent areas of the Backward area (B), the digitalization development level of the Advanced area (A) has the highest probability of downgrading and is the most active one, while the General area (G) is the opposite. Influenced by the adjoining Backward area (B), both Moderate area (M) and Advanced area (A) have downward transition situation. It tells us that the spatial effect of adjacent areas cannot be ignored. Besides, in the other three spatially adjacent situations, there is no downward transition phenomenon. For the areas adjacent to General area (G), the transition probability values in Backward area (B), General area (G), Moderate area (M) and Advanced area (A) on the main diagonal are, respectively, 0.918, 0.882, 0.949, and 1.000, among which, Advanced area (A) has the largest one, which indicates that its transition activity is weak, and the General area (G) has little influence on it. For the areas adjacent to Moderate area (M), the transition probability in Backward area (B), General area (G), Moderate area (M) and Advanced area (A) on the main diagonal are, respectively, 0.634, 0.857, 0.907, and 1.000, all of which are relatively low in transition vitality. For the areas adjacent to Advanced area (A), the transition probability in Backward area (B), General area (G), Moderate area (M) and Advanced area (A) on the main diagonal are, respectively, 0.182, 0.391, 0.216, and 1.000. Except for the Advanced area (A), the other three areas have high transition vitality, largely because they are in adjacent to the Advanced area (A). In particular, the upward transition probability in Backward area (B) and Moderate area (M) reached 0.636 and 0.784, respectively. Both Backward area (B) and General area (G) have certain probability of leapfrogging upward. In general, the state transition of urban digitalization has a certain spatial correlation and is affected by the digital development of surrounding cities. Moreover, the influence of different digitalization development levels in the dynamic transition process are obviously heterogeneous. Areas in high development levels can drive the common development of surrounding areas, increasing the transition probability toward higher clubs. However, the upward transition probability is still low on the whole, and there is a clear phenomenon of club convergence.



TABLE 7 Spatial Markov matrix.
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4.3. Spatial and temporal evolution of urban greening development

In order to explore the greening distribution characteristics of 276 prefecture-level cities in China, the greening data of each city is divided into four levels: less than 0.3, 0.3–0.5, 0.5–0.7 and greater than 0.7 by the natural breakpoint method, and the ArcGIS 10.6 software is used for visual display. In general, the pattern of urban greening is low in the north and high in the south with prominent differences between the north and the south, which may be closely related to the relationship between energy consumption and the geographical environment. In addition, the Chengdu-Chongqing area, the Yangtze River Delta urban agglomeration, the Pearl River Delta urban agglomeration, and the central urban agglomeration represented by Wuhan also have a relatively high level of greening. These areas have high level of industrialization and high-tech, and other industries in these areas are highly green, too. The level of urban greening development has been significantly improved over time.



4.4. Spatiotemporal correlation characteristics of urban greening

This paper employs the global Moran’s I index to explore the characteristics of urban greening development in China, which shows a certain degree of agglomeration. In order to deeply analyze the spatial correlation, global Moran’s I index of urban greening development under different spatial distance thresholds was calculated (Table 8). The results show that the p values of urban greening under different spatial distance thresholds from 2011 to 2020 are all less than 0.01, and the Z index test values are all positive and greater than 2.58, which indicates that urban greening development has significant spatial agglomeration. Specifically, as the spatial distance threshold increases, Moran’s I index continues to decrease. This is because the urban greening development process presents small-scale agglomeration, which is also verified from the urban greening development pattern shown in Figure 2. In addition, Moran’s I index showed a “W”-shaped fluctuation trend that first decreased and then increased. But overall the degree of spatial agglomeration is diminishing. The close connection between cities and their correlation in the process of economic development, as well as the equalization and convergence of national policies in recent years have certain influences. The urbanization process, social factors and natural environment will also have an impact on the correlation of urban greening development in China. The existing volatility reflects the transformation and convergence of the dynamic factors in the process of urbanization and greening in China.



TABLE 8 Moran’s I index of urban greening development level under different spatial distance thresholds.
[image: Table8]
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FIGURE 2
 Spatio-temporal evolution of greening development in China’s cities. This map is based on the standard map of the Map Technical Review Center of the Ministry of Natural Resources [review number GS (2020) No. 4618], and the base map has not been modified.





5. The impact of digitalization on urban greening


5.1. Analysis of the impact of digitalization on urban greening with the spatial Durbin model

For this part, Wald test and LR test were firstly performed, both of which passed the 1% significance test, thus rejected the null hypothesis of using the SLM model or the SEM model, indicating that the spatial error term and the spatial lag term exist at the same time. Therefore, this study used the spatial Durbin model (SDM) for analysis. As the calculated Hausman test results passed the 1% significance test, it proves to be better to choose a fixed-effects model. Because of the existence of spatial correlation, we used the quasi-maximum likelihood estimation (QMLE) rather than the traditional OLS method for more accurate estimation, whose final results were shown in Table 9. It can be seen from Table 9 that under the four weights, the influence coefficients of digitalization on urban greening development are all significantly positive, which indicates that the development of digitalization can significantly improve the greening level in cities. As digitalization keeps developing, technological progress has led to industrial upgrading, which in turn has promoted the adjustment of energy structure. The gradual penetration of the Internet of Things and big data have made urban resource allocation more effective, generating economic externalities to make industrial production and urban energy utilization more efficient, so that the environment can be further improved, and the pressure on the government can been weakened as well. In summary, digitalization has a positive effect on urban economy, environment, society and the government, leading to the further improvement of urban greening.



TABLE 9 Regression of results.
[image: Table9]

Regarding the control variables, the urban innovation capability (Uil), whose coefficient and significance are slightly different under different spatial weight matrices: under the adjacency weight matrix, it has a positive effect on the urban greening development of adjacent areas, which may be because innovation brings efficient usage of technology and energy, and has obvious spillover effect; under the economic weight and the economic-geographic nested weight matrix, the urban innovation capability has the most obvious effect on the urban greening development. This may be because in the process of economic development, the advancement of urban innovation level has led to the upgrading of industries and the optimization of energy utilization. As the environmental pollution has been fundamentally and technically improved, the urban greening level was significantly improved accordingly. Urban opening up level (oul), the coefficients of this variable are significantly different under the four weight matrices. Except for the economic weight matrix, the coefficients are positive under all the other three spatial weight matrices. The results are basically consistent with the research conclusions based on China’s provincial level (Fernandes et al., 2019). However, both spatial adjacency and economic adjacency have a negative effect on the improvement of urban greening level. The advancement of a city’s openness is not conducive to the greening development of its surrounding cities. The reason may be that the improvement of urban opening up level produces a siphon effect, forms agglomeration of openness to the outside world, attracts the agglomeration of surrounding industries such as foreign trade industry, and forms economies of scale for the target cities. As a result, it has a serious negative impact on the economic greening of surrounding cities, which can also be well proved by the negative results under the spatial economic weight matrix (Fernandes et al., 2019). The urbanization rate (Urb) variable does not show consistent results under the four weight matrices, all of which are beneficial to the promotion of urban greening development to varying degrees. Except for the spatial adjacency weight matrix, the urban environmental regulation level (Erp) variable under other matrices is beneficial to the development of urban greening, while the surrounding spatial effect is consistently negative. This is a good illustration of inconsistency in the environmental regulations, which would make heavily polluting enterprises and industries choose the surrounding areas with relatively loose environmental regulations. The urban residents’ affluence (Ris) variable shows inconsistent results under the four weight matrices: under the adjacency matrix, it is positive and beneficial to the improvement of urban greening level, but it has negative effects under the rest three matrices. This shows that increased wealth does not necessarily increase environmental awareness and promote greener industries and lifestyles, for example, in some resource-based cities social problems have occurred in residents who suddenly became rich due to demolition and relocation. In the current situation that China’s per capita income is still in the lower middle range, the impact of wealth level on the development of urban greening is not very obvious.



5.2. Spatial heterogeneity analysis

In order to further explore whether there is spatial heterogeneity in the impact of digitalization on the process of urban greening, the following study is carried out from two perspectives: region (eastern, central, and western) and urban agglomeration (19 national-level urban agglomerations). The classification basis is mainly drawn from the default classification and literature (Ma et al., 2022b). As the influence of spatial heterogeneity is mainly considered, the follow-up research is conducted with the geographic weight matrix to expand the estimation. First, it is divided into three regions: eastern, central and western, to test whether there is regional heterogeneity in the impact of digitalization on the development of urban greening. The regression results are shown in Table 10. In the eastern regions, urban digitalization not only significantly improved the urban greening of the target city, but also significantly promoted the greening process of the neighboring cities. The reason may be that the eastern regions have more obvious advantages in digital infrastructure and digital industry. And because the eastern regions have gathered a large number of digital innovation talents and innovation capital, it can better play a role of digital empowerment by virtue of various advantages. Thus, the role of digitalization in improving urban greening in the eastern regions is quite obvious. In the central regions, digitalization development can promote urban greening of the target city while shows no significant effect on its neighboring cities. This may be due to the fact that the cities in the central regions are still in the stage of rapid digitalization development, and the greening effect of digital infrastructure construction in these cities has not yet appeared. The core cities in the central regions have obvious advantages because of the siphon effect and agglomeration effect. But the cities outside the urban agglomeration lags behind, and it is difficult to exert the spillover effect in digitalization development. In the western regions, the variables of digitalization did not pass the significance test, which may be because the digitalization development in the western regions is still in its infancy with a generally low level (see Figure 1). The scale and agglomeration effects cannot be formed, and the effect of digital empowerment is minimal as well, which leads to the insignificant effect of digitalization on urban greening.



TABLE 10 Regression results of the spatial heterogeneity test.
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From the perspective of urban agglomeration, within urban agglomerations, digitalization development in cities has played a significant role in promoting urban greening, and influences neighboring areas through spillover effects, which improves the greening development level of surrounding cities. Whereas, in non-urban agglomeration cities, digitalization development has no significant impact on urban greening. This is mainly because the cities in urban agglomerations generally have a relatively high level of digitalization (see Figure 1), initially forming scale and agglomeration effect. Relatively speaking, the digital industrialization level of these cities is also high. As an opposite, due to poor geographical location or limited resources, digitalization in non-urban agglomeration cities starts late, making little improvement in urban greening. Intuitively, the spatial evolution of urban greening development in Figure 2 can also well prove this point. Therefore, considering the spatial heterogeneity, cities in eastern regions and urban agglomerations have fully released digital dividends, making a significant impact on the urban greening. However, the digital effect of cities on the urban greening in western regions and non-urban agglomerations is not obvious.




6. Discussion

It can be seen from the empirical results of this study (see Table 9) that digitalization is beneficial to the greening development in cities. However, the spatial effect based on the adjacency weight matrix or economic-geographic nested weight matrix fails to pass the 10% significance test. The reason may be that the development of network has its particularity in the process of digitalization. Network development breaks through the traditional regional restrictions. Spatial effects based on spatial geographic weight matrix and economic matrix have both passed the 1% significance test. According to existing research (Yang W. et al., 2022; Hao et al., 2023), the digitalization is beneficial to promote the city green economy development and the neighboring effect is significant, and the results are similar with the environment protection [reducing haze pollution (Wang and Xu, 2022) and carbon emissions (Ke et al., 2022)]. To sum up, digitalization can significantly promote urban greening development, but the spatial spillover effect is inconsistent with the findings in green economy and environment protection cases, the reason behind which may be that the urban greening development is a complex transformation process, much more complex than indicators such as green economic development and environment protection.

In different regions, the impact of digitalization on urban greening development is also quite different which is the same as in green economic development (Chen et al., 2022) and environment (Cui et al., 2022). It can be found from Table 10 that the eastern and central regions pass the significance test of 5%, while the western region is not significant. In addition, the coefficient for the eastern region is the largest, indicating that the influence is also the strongest. Therefore, the significance and magnitude of the impact of urban digitalization on greening development vary with region. The highly developed digitalization in the eastern region has a greater direct impact on regional greening development, followed by the central region. This may have something to do with the fact that the greater the degree of digitalization, the greater the influencing force. Only after a certain scale is formed, the economies of scale brought by digitalization have a marginal increasing effect. Therefore, the higher the degree of digitalization, the greater its role in promoting regional greening development. In addition, in the cities within the urban agglomerations, the direct effect of digitalization on greening is the largest (coefficient: 0.280), which passed the significance test of 1%. The corresponding adjacency spatial effect also has a similar conclusion. This indicates that the spatial integration within the urban agglomerations strengthens the role of digitalization in promoting urban greening development. The development of urban agglomerations, through regional integration actions such as national policies, industrial layout and internal governance optimization, forms more effective combination and realizes sharing through digitalization and informatization, thus promoting the coordinated development of economy, displaying the role of big data such as information flow, and effectively improving the service level of social governance and ecological welfare. Therefore, the spatial effect of digitalization will be further displayed along with the integration process within the urban agglomeration, and its influence will be further improved (the coefficient is the largest, 0.117, and passes the significance test of 1%). In conclusion, urban digitalization is beneficial to promoting the development of regional greening. However, the influence of its role depends on the actual development situation of each city, especially the level of digitalization development and the wellness of regional integration, which directly affects the strength of its force, the magnitude of spatial effect and whether it can pass the significance test from the empirical perspective.



7. Conclusion and recommendations


7.1. Conclusion

This study analyzed the spatial evolution characteristics of urban digitalization and urban greening respectively, and further explored the spatial effect of digitalization on urban greening. The following conclusions are drawn:

(1) The urban digitalization development pattern has changed from the “multi-point” sporadic distribution with the Advanced area (A) as the core to the “group-type” aggregation distribution, and the digitalization development level in most cities has risen. However, the digitalization development has an obvious characteristic of club convergence in a steady and gradual trend. It is difficult to carry out multi-level leap-forward development. The urban digitalization development is affected by the neighboring cities.

(2) Affected by factors such as economy, environment, society and local government’s attention, the urban greening pattern presents the following characteristics: obvious spatial heterogeneity, prominent difference between east regions and west regions, and obvious spatial agglomeration, the degree of which decreases as the spatial distance threshold increases.

(3) Urban digitalization development can significantly improve the greening level, and produces a significant spatial spillover effect influencing the greening level of neighboring cities. Considering the spatial heterogeneity, digitalization in cities of the eastern regions and urban agglomerations can significantly improve the greening development level, while that is not obvious in the cities located in western regions and non-urban agglomerations.



7.2. Recommendations

Based on various indicators of urban digitalization and urban greening, this paper first obtained the respective comprehensive values of urban digitalization and urban greening through the Entropy-TOPSIS model, then analyzed the impact of digitalization on urban greening, finally further explored the spatial heterogeneity. In addition to broadening relevant research fields and supplementing the empirical research evidence, the following policy suggestions are put forward according to the research conclusions:

(1) The government should consolidate the digital infrastructure to comprehensively enhance digital empowerment. They need to promote the construction of new generation information infrastructure to accelerate the realization of higher-quality interconnection, to provide solid information infrastructure support for the development of urban digitalization, so as to expand the benefits of digitalization to a wider scope. They should explore the environmental regulation model with the participation of the whole society, and strengthen the role of digitalization in promoting the greening development in cities.

(2) The government should strengthen the influence of technological innovation on the urban greening development, and improve the technical support capabilities. On the one hand, they should increase the investment in innovation and research and development, promote the research and development of technologies such as cloud computing, industrial Internet and big data, and enhance the application and transformation of basic and public applicability technology to improve production efficiency. On the other hand, they should focus on researching and developing technology in energy utilization efficiency to catalyze the emission reduction effect of technological innovation.

(3) Based on regional differences in development, the government should implement heterogeneous governance strategies. As the endowments and the impact of digitalization on greening vary across cities. The government should adjust the pace of digitalization development in each city, break down industry barriers and geographical restrictions on new models and new formats, and harmonize the differences and synergy in digital governance in each city.

Even though this study supplemented relevant research on urban digitalization and urban greening, providing a theoretical reference for digitalization promoting greening in cities, there are still shortcomings in this study that need to be further improved. This study measures the digitalization development level of each city based on digital infrastructure, digital application level, digital industry development, and digital inclusive finance. On the one hand, limited by the availability of data, there are still certain defects in the measurement of digitalization; on the other hand, the impact of digitalization on urban greening development varies by region. Subsequent research may improve the measurement of digitalization development level, conducting micro-analysis of the specific mechanisms with the advantage of data richness in specific urban cases. Moreover, although this research has analyzed the influencing mechanism of digitalization on urban greening development, the empirical part is insufficient. In the follow-up research, it is necessary to conduct more in-depth exploration into the theoretical mechanism and the specific effect of digitalization on urban greening.
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