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China’s environmental problems are emerging with the continuous

development of the economy and urbanization. The study of the impact of

urban spatial structure on environmental efficiency has important significance

concerning exploring ways to reduce the environmental cost of economic

activity. Based on the fusion-corrected DMSP-OLS and NPP-VIIRS nighttime

light data, this paper constructs spatial structure indicators of 276 prefecture-

level cities and then empirically tests the impact of urban spatial structure on

environmental efficiency using a fixed-effects model. The results show that: 1)

The monocentric spatial structure has higher environmental efficiency than the

polycentric spatial structure. 2) The mechanism analysis shows that the

monocentric spatial structure could improve environmental efficiency

through learning, sharing, and matching. 3) Population size and density have

a robust moderating effect that when the resident population size of a city is

more than 5 million or the population density is beyond 280 persons/km2, the

monocentric spatial structure has a negative impact on environmental

efficiency. In contrast, the polycentric spatial structure is more effective. 4)

The point-based household registration policy adopted by the government to

control population size has no significant impact on environmental efficiency,

while the environmental information disclosure policy can effectively play a

role. Our findings provide a basis for the Chinese government to formulate

urban planning and environmental protection policies and offer the experience

to other developing countries.
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1 Introduction

China’s economic growth has driven rapid urban development, with the urbanization

rate growing from 20.16% in 1981 to 63.9% in 2020, and the current city scale is still in the

expansion phase (Mou et al., 2018). Although the rapid development of urbanization in

China has brought an agglomeration effect to the economy, it has also paid a substantial

environmental cost. Take air pollution as an example: according to the Bulletin on China’s
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Ecology Environment, 53.4% of the 337 prefecture-level cities in

China exceeded ambient air quality standards in 2019. Facing

environmental problems, academics and policymakers have been

discussing various policies to achieve sustainable environmental

development, such as urban planning policies (Burgalassi and

Luzzati, 2015), renewable energy policies (Zhao et al., 2022), and

environmental information disclosure policies (Du et al., 2022).

Urban spatial structure is a depiction of population

distribution in space and a spatial reflection of urban

development degree and process (Horton and Reynolds,

1971). Whether the urban spatial structure is reasonable not

only affects the optimal allocation of factors, but also its

monocentric and polycentric distribution characteristics and

agglomeration and dispersion state can have a massive

spillover effect on the environment (Liu et al., 2022). The

existing literature mainly focuses on the impact of urban

population density, scale, and urban spatial structure on

environmental pollutants but neglects the impact on

environmental efficiency (Tao et al., 2020). Different from

pollutants, environmental efficiency (EE) mainly refers to the

impact of various elements in economic activities on the

environment within a certain period. It is expressed as the

proportion of economic output and environmental impact,

and thus it can reflect the environmental cost of economic

activity. Because of containing five indicators (CO2 emissions,

waste burial and disposal, COD, NOx emissions, PRTE

emissions, and movement) to examine environmental

pollution from five aspects (global warming, increased waste,

water pollution, air pollution, and soil pollution), it is a more

comprehensive reflection of environmental pollution than the

index of a single pollutant. In addition, it effectively combines

urban economy and environmental pollution, thus being an

indicator reflecting sustainable urban development from both

economic and environmental aspects.

Based on the theory and reality, this paper proposes the

following questions: 1) Which kind of urban spatial structure can

improve environmental efficiency? 2) What are the mechanisms

by which urban spatial structure affects environmental

efficiency? 3) Is there heterogeneity in the impact of urban

spatial structure on environmental efficiency? The answers to

these questions can provide theoretical support for the

government to formulate urban planning policies to help

achieve environmentally sustainable development.

The contributions to the existing literature in this paper are

as follows: 1) We focus on the impact of urban spatial structure

on environmental efficiency, effectively integrating urban

economic and environmental resource constraints to reflect

the contribution of spatial structure to environmental

sustainability, which fills the gap in the current literature in

this field. 2) The sharing, learning, and matching mechanisms are

introduced into the research framework, which uncovers three

primary paths through which urban spatial structure affects

environmental efficiency. 3) We discuss the moderating effect

of population size and population density on the impact of urban

spatial structure on environmental efficiency. 4) We prove that

the implementation of a household registration system to control

the urban population size does not lead to the improvement of

environmental efficiency, while the environmental information

disclosure policy is quite effective, offering a reference to other

developing countries.

The remainder of this paper is organized as follows. Section 2

presents the literature review and hypotheses. Section 3 describes

the methodology and variable and gives the summary statistics.

Section 4 presents the empirical test results of the hypotheses.

Section 5 is the further study. Section 6 includes the conclusion

and the policy implications. The correction process of nighttime

light data is shown in the Additional Files.

2 Literature review and hypotheses

2.1 Literature review

There is a long-running controversial debate about the choice

of monocentric or polycentric oriented spatial structure and their

relationship to environmental pollution. Some studies have

shown that monocentric spatial structure can produce

agglomeration effects (Yuan et al., 2018; Han et al., 2020),

which can not only promote the upgrading of industrial

structure and economic growth (Otsuka et al., 2014) but also

be conducive to improving resource utilization efficiency and

reducing environmental pollution (Tao et al., 2019; Zhao et al.,

2019). Glaeser and Kahn (2010) took 66 cities in the

United States as objects to explore the impact of urban

density and compactness on air quality. The results showed

that high-density urban spatial structure could significantly

inhibit the pollutants emissions. Similarly, Veneri and

Burgalassi (2012) found that polycentric spatial structure

increases Green House Gas (GHG) emissions using the Italian

NUTS-2 region as a study.

However, some scholars believe that the monocentric spatial

structure generates congestion effects and brings negative

externalities to urban development (Sun et al., 2022), leading

to strained urban resource use and increased pollutant emissions

(Li et al., 2019; Clark et al., 2011; Cho and Choi, 2014). The

polycentric spatial structure and the decentralized urban form

can achieve balanced urban development and enhance the

development dynamics of small and medium-sized cities,

thereby alleviating the environmental pollution of large cities

(Tao et al., 2020). Wang and Zhang (2020) found that in China

for every 1% increase in the polycentric index of prefecture-level

cities, PM2.5 concentration decreased by 1.46%–2.67%.

The existing literature has laid a good theoretical foundation

for our research. However, there are still some deficiencies: 1)

Existing studies have focused on the impact of urban spatial

structure on economic development or environmental
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pollutants, while few studies focused on the relationship between

urban spatial structure and environmental efficiency. Studies of

pollutants do not integrate the economy with the environment

and cannot effectively reflect the environmental cost of economic

activity. 2) Previous studies have not paid enough attention to

heterogeneity analysis. Some studies have mentioned spatial scale

(Burgalassi and Luzzati, 2015), but city size and density might

moderate the effects of urban structure on environmental

pollution (Larkin et al., 2016), while no further explanations

and empirical evidence were provided.

This paper provides a comprehensive treatment of these

gaps. We use panel data from 276 prefecture-level cities in

China to deeply explore the impact of urban spatial structure

on environmental efficiency. Besides, with the interaction terms

of spatial structure and population size, spatial structure and

population density included in the regression model,

respectively, we investigate the moderating effect of

population size and population density and try to answer the

reasons for the controversy over the environmental performance

of the urban monocentric and polycentric spatial structure.

2.2 Hypotheses

In essence, the monocentric-polycentric spatial structure is a

balance between agglomeration and congestion effects, while

environmental pollution is more of a direct manifestation of

urban congestion. In the early stage of urban development, there

is a welfare period in which environmental efficiency and

economic efficiency can be improved simultaneously. In terms

of reducing industrial pollution, agglomeration economy theory

holds that the compact urban spatial structure can effectively

shorten the distance of factor mobility. Besides, it can also

promote industrial technology and reduce pollution through

the positive externality of the agglomeration effect (Krugman,

1998; Ehrenfeld, 2003). In terms of reducing traffic pollution,

areas with high population density can shorten commuting

distances and reduce energy consumption, and the efficient

use of public transportation can reduce the emission of air

pollutants (Zheng et al., 2011). Although the polycentric

spatial structure reduces the congestion effect, the relatively

dispersed area will result in more private cars replacing public

transport. This increases the cost of working and living and the

emission of pollutants, eventually reducing environmental

efficiency. Thus, we develop the following hypothesis:

Hypothesis 1. The monocentric spatial structure has higher

environmental efficiency than the polycentric spatial

structure.

The agglomeration effect is not always conducive to reducing

environmental pollution. Dynamic agglomeration economy

theory suggests that when the scale of urban agglomeration

exceeds a certain threshold, agglomeration diseconomies will

dominate, bringing about problems such as environmental

pollution (Verhoef and Nijkamp, 2002). Therefore, the

polycentric spatial structure is considered an effective way to

alleviate the diseconomies of urban agglomeration (Fujita and

Thisse, 2002). On the one hand, the air pollution emissions of

industrial enterprises can be diluted in a larger area, reducing the

emission concentration. On the other hand, with relatively cheap

land and property prices in the peripheral areas, the regrouped

industrial enterprises can use capital savings for environmental

investments. Thus, we develop the following hypothesis:

Hypothesis 2.With the expansion of urban scale or density, the

urban polycentric structure will have higher environmental

efficiency.

Based on the idea of the benefits sources of agglomeration

economy summarized by Duranton and Puge (2004), we propose

three possible mechanisms for the effect of monocentric spatial

structure on environmental efficiency: learning, sharing, and

matching, as shown in Figure 1.

Specifically, the learning mechanism is mainly reflected in

the promotion of urban innovation and the enhanced capacity

of green innovation. In the monocentric spatial structure, the

spatial and temporal costs of mutual communication between

enterprises and the labor force are reduced, which accelerates

the frequency of knowledge exchange and then effectively

improves enterprises’ environmental protection technology.

The sharing mechanism is mainly reflected in the sharing of

public infrastructure, public transportation, and pollution

control equipment. In terms of the matching mechanism,

the monocentric spatial structure accelerates the

transmission of information and improves the matching

efficiency between enterprises and the labor force, leading

to the improvement of industrial technology, green

development, and ultimate environmental efficiency. Thus,

we develop the following hypothesis:

Hypothesis 3. The monocentric spatial structure influences

urban environmental efficiency through sharing, learning, and

matching mechanism.

3 Methodology and variable

3.1 Model establishment

This paper refers to Dietz and Rosa (1994) for the

STIRPAT model:

Ii � β0P
β1
i · Aβ2

i · Tβ3
i · εi (1)

In Eq. 1, Pi, Ai, and Ti represent the urban population scale,

wealth, and technology level, respectively, β0 represents the

constant term, β1, β2, and β3 are the exponential terms, and εi
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is the error term. Based on the selection of control variables in the

STIRPAT model, we construct the following baseline regression

model to explore the impact of urban spatial structure on

environmental efficiency.

EEit � α0 + α1Sit + α2 lnXit + α3Di + υi + εit (2)

In Eq. 2, the dependent variable EEit represents

environmental efficiency. The core explanatory variable Sit is

the urban spatial structure, represented by the primacy index

(Primacyit). Xit and Di are control variables and urban

characteristic variables that do not change with time,

respectively, and εit is the error term.

3.2 Variables

3.2.1 Explained variable: Environmental
efficiency

Environmental efficiency mainly reflects the influence of

factor input on the environment while promoting economic

development for a certain period. Higher environmental

efficiency means that in economic development, under the

premise of minimum input of factors such as human capital

and resources, the economic output is the largest, and the

negative impact on the environment is the least. This paper

uses the Super Slack-Based Measure (SBM) model to measure

environmental efficiency. Referring to existing studies, the

indicators for calculating environmental efficiency are shown

in Table 1. The descriptive statistics of input and output indexes

are shown in Table 2. The environmental efficiency indexes are

measured in DEA-Solver pro5, and it should be noted that the

missing values in the index are filled by the interpolation method.

The calculation process is shown in the Additional Files.

3.2.2 Core explanatory variable: Urban spatial
structure

The existing literature on constructing urban spatial

structure indicators is mainly based on urban population,

employment, and other elements for measurement. However,

these data can hardly reflect the real situation of the urban

population living. Therefore, to avoid the effects of data

measurement bias and endogeneity, this paper uses DMSP-

OLS and NPP-VIIRS nighttime light data from National

Oceanic and Atmospheric Administration (NOAA) and

National Geophysical Data Center (NGDC) releases to

construct urban spatial structure indicators. Since the DMSP-

OLS data starts and ends from 1992 to 2013, its timeliness is poor.

In contrast, the NPP-VIIRS data has strong timeliness (from

2013 to now), but the time series is short. Therefore, we fused and

corrected the two and finally obtained the nighttime light data

from 2001 to 2017. The detailed fusion-corrected process is

shown in the Additional Files.

TABLE 1 Input-output indexes of environmental efficiency and interpretation of the indexes.

First level-evaluation index Second-level evaluation index Indicators interpretation

Input Capital input Fixed assets accumulation

Human input Number of employees at the end of the year

Energy input Electricity consumption of the whole society

Desired output Economic output Gross Regional Product

Undesired output Three industrial wastes Industrial sulfur dioxide emissions

Industrial wastewater discharge

Industrial smoke (dust) emissions

TABLE 2 The descriptive statistics of input and output indexes.

Variable/unit N Mean SD Min Max

Fixed assets accumulation(100 million RMB) 4,692 829.158 1079.2 6.9367 8,352.5

Number of employees at the end of the year(10,000 people) 4,692 42.0458 43.9379 4.84 593.552

Electricity consumption of the whole society(MWh) 4,692 64,793.9 96,861.1 224.8 1,503,528

Gross Regional Product(100 million RMB) 4,692 1316.04 1,839.74 20.6425 22,490.1

Industrial sulfur dioxide emissions(tons) 4,692 53,619.8 48,641.5 2 496,377

Industrial wastewater discharge(million tons) 4,692 6,801.18 8,492.64 7 86,804

Industrial smoke (dust) emissions(tons) 4,692 31,187.2 111,512 34 5,168,812
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SPrimacy � l1

∑
n

i�1
l

(3)

Sprimacy is the primacy index. It represents the ratio of the

mean luminance of the primacy city light to the total luminance

of the city light. l1 represents the mean value of the lighting

brightness of the primacy district in the municipal district, and l

is the sum of the lighting brightness of the municipal district. The

larger Sprimacy is, the higher proportion of the population size of

the primacy city is, and the more inclined the region is to develop

the monocentric spatial structure. On the contrary, the smaller

Sprimacy indicates that the region tends to be distributed in a

polycentric spatial structure.

In addition, due to the slow development of the urban

form and spatial structure, it is less likely to produce

significant changes over time, as shown in Table 3 and

Figure 2. Table 3 shows that the standard errors for the

spatial structure variables are minor, and the between-

group standard errors are closer to the overall standard

errors. Figure 2 shows the distribution of urban spatial

structure in China from 2001 to 2017. The darker color in

the figure indicates that the spatial structure tends to be

monocentric. The lighter color indicates that the spatial

structure tends to be polycentric. From the perspective of

time, the transformation and adjustment of the spatial

structure of most cities from 2001 to 2017 are not obvious.

Therefore, when using the fixed-effect model for regression

analysis, it is preferable to fix the time effect alone (Harari,

2020).

3.2.3 Control variables
Control variables in this paper include two categories: one is that

changes with time and individual, and the other is to represent urban

characteristics that do not change with time. Among those that

change with individual and time, we select the following variables to

control the factors affecting environmental efficiency according to

the IPAT model: 1) The Affluence degree (Agdp) is represented by

the per capita GDP of a city. Theoretically, the improvement of

urban economic development level can provide the economic basis

for environmental protection and improve environmental efficiency.

2) The technology level is the ratio of government expenditure on

science and technology to GDP (Asct) and the number of R&D

personnel (Rdp). The level of technology can not only promote

economic development but also be an effective means to control

pollution. 3) urban population density (Popdensity) indicates the

degree of urban population concentration and the change that will

impact the environment. 4) The level of government intervention

(Agov) is expressed as the ratio of government expenditure to the

gross regional product. 5) The degree of openness to the outside

world (Afdi) is expressed as the proportion of foreign investment in

GDP. It is calculated as the ratio of foreign direct investment to the

gross regional product. The impact of trade level on the environment

is two-sided, and there are two hypotheses: pollution haven and

pollution halo. The former believed that FDI destroys environmental

TABLE 3 Descriptive statistics of urban spatial structure indexes.

Variables Standard error Standard
error between groups

Standard
error within groups

SPrimacy 0.1834 0.1829 0.0169

SHHI 0.1627 0.1624 0.0140

SGINI 0.1394 0.1389 0.0147

FIGURE 1
The influence mechanism of spatial structure on environmental efficiency.
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quality by transferring highly polluting industries to host countries,

and the increase in trade scale also increases pollutant emissions.

The latter argued that FDI improves environmental quality by

introducing advanced foreign production technology and

equipment. 6) The industrial structure (Astr2) is expressed as the

ratio of the secondary industry’s added value toGDP. The expansion

FIGURE 2
Urban spatial structure distribution based on GINI index.

TABLE 4 List of control variables and descriptions.

Variable The variable name Description

Agdp GDP per capita The ratio of urban year-end total population to urban GDP

Asct Government R&D investment The ratio of government expenditure on science and technology to GDP

Rdp The number of R&D personnel The data are from the China Urban Statistical Yearbook

Popdensity Urban population density The ratio of urban population to urban area

Agov The level of government intervention The ratio of government expenditure to the gross regional product

Afdi The degree of openness to the outside world The proportion of foreign investment in GDP

Astr2 The industrial structure The ratio of the secondary industry’s added value to GDP

Latitude City geographic latitude The geographical latitude of the city

Location Locational distribution The values of east, middle, and west are 1, 2, and 3 in sequence
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of industrial production has increased energy consumption and

pollution emissions, while the rapid development of the

construction industry has increased the demand for steel, cement,

and other products with high energy consumption, resulting in

certain side effects on the environment. In addition, variables that do

not change over time include city geographic latitude (latitude) and

locational distribution (location, the values of east, middle, and west

are 1, 2, and 3 in sequence). Table 4 shows the explanations of all

control variables.

3.3 Data and summary statistics
Our data range from 2001 to 2017, and the research objects are

276 prefecture-level cities in China. In order to reduce the impact of

changes in administrative divisions on spatial structure

measurement, we uniformly use the administrative divisions of

2017 as the standard map. Since the calculation of the spatial

structure index needs data of municipal districts, we exclude the

samples of municipalities directly under the central Government of

China (Beijing, Shanghai, Tianjin, and Chongqing) and the samples

without county-level administrative regions (Dongguan,

Zhongshan, Jiayuguan, Danzhou, and Sansha). At the same time,

we exclude samples with administrative level changes during the

study period (e.g., Chaohu, Laiwu, Etc.) and samples with missing

data. We end up with a sample of 276 cities.

The data of explained variables and control variables are

obtained from China Urban Statistical Yearbook, China Regional

Statistical Yearbook, China Energy Statistical Yearbook, and

China Environmental Statistical Yearbook. The missing

environmental data of prefecture-level cities are obtained from

the almanac and bulletin of each city. In addition, this paper takes

logarithms of Agdp, Rdp, Popsensity, Agov, Afdi, and Astr2 in the

calculation process. Table 5 presents the variables’ summary

statistics (mean, standard deviation, minimum, maximum).

4 The impact of urban spatial
structure on environmental efficiency
in China

4.1 Baseline results

This paper uses OLS to estimate the impact of urban spatial

structure on environmental efficiency, and the estimation results

are shown in Table 6. Without adding control variables or fixing

time effects, the influence coefficient of spatial structure on

environmental efficiency is positive and significant at the 1%

TABLE 5 Summary statistics.

Variables/Unit N Mean SD Min Max

EE 4,634 0.090 0.154 0.0001 1.537

SPrimacy 4,692 0.455 0.183 0.149 0.961

SHHI 4,692 0.327 0.163 0.103 0.924

SGINI 4,692 0.432 0.139 0.035 0.841

Agdp(ln)/(10,000RMB/person) 4,649 9.964 0.867 7.385 12.28

Asct 4,544 2.934 2.218 −3.315 9.812

Rdp(ln)/(10,000 people) 4,657 −0.9758 1.054 −4.605 2.889

Popdensity(ln)/(10,000 people/km2) 4,560 −3.459 1.343 −7.344 1.504

Agov(ln) 4,641 7.957 1.045 5.396 11.82

Afdi(ln) 4,436 9.386 1.941 1.099 14.15

Astr2(ln) 4,616 3.839 0.250 2.697 4.511

Latitude 4,641 137.2 79.14 1 274

Location 4,658 1.934 0.794 1 3

TABLE 6 Regression of urban spatial structure on environmental
efficiency.

Variables (1) (2)

SPrimacy 0.1839*** (10.5581) 0.0471*** (3.2693)

lnAgdp 0.0762*** (6.5948)

lnAsct −0.0016 (-0.9542)

Lnrdp −0.0317*** (-13.4640)

lnpopdensity 0.0083*** (4.5848)

lnAgov 0.0371*** (4.1915)

lnAfdi −0.0001*** (-4.0628)

lnAstr2 −0.1261*** (-6.4504)

Latitude 0.0000** (2.7195)

Location 0.0135*** (10.9643)

Year FE No Yes

R2 0.0520 0.4707

Observations 4,729 4,264

Note: Statistical significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***,

respectively, and t-statistics are reported in the parentheses below the coefficient

estimates.
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level. This indicates that the larger the urban spatial structure

index is (the region tends to develop toward the monocentric

spatial structure), the higher the environmental efficiency is,

meaning that the monocentric spatial structure has higher

environmental efficiency than the polycentric spatial structure.

After controlling for time fixed effects and adding control

variables, the coefficient of spatial structure is still significantly

positive, indicating that the conclusion that monocentric spatial

structure has higher environmental efficiency still exists. From

the above, Hypothesis 1 has been verified.

4.2 Robustness check

In this section, we conduct a series of regressions to ensure

that the preceding findings on the relationship between urban

spatial structure and environmental efficiency are robust.

Firstly, we change the index of the urban spatial structure.

We replace the Primacy index (SPrimacy) in the benchmark

regression with GINI (SGINI) and HHI (Herfindahl-Hirschman

Index, SHHI) and substitute them into the benchmark regression

for testing, respectively. The results are shown in Table 7. The

regression results are consistent with the baseline regression.

SGINI � 1

2�ln
∑n

i�1
∣∣∣∣li − �l

∣∣∣∣ (4)

SHHI � ∑
n

i�1
(la/l)2 (5)

Second, this paper uses exogenous instrumental variables to

address the endogeneity problem. We choose the urban average

geographic elevation as the instrumental variable of the urban

spatial structure and then use the two-stage least square

estimation (2SLS), and the results are shown in Table 8.

Table 8 shows that the F-statistic in the first stage is higher

than the empirical value of 10, indicating that the average urban

elevation is highly positively correlated with the spatial structure

index. In the second stage of regression, the coefficient of the

urban spatial structure index is significant, and the absolute value

is higher than the benchmark regression result, indicating that

the impact of spatial structure on environmental efficiency is

underestimated. The instrumental variable method further

supports the original conclusion.

4.3 Heterogeneity test

The above results show that the monocentric spatial structure

improves environmental efficiency. Nevertheless, does this

conclusion still hold as cities continue to grow in size? Urban

spatial structure and urbanization promote the coordinated

development of each other, and there is a moderating effect of

city scale on the impact of spatial structure on environmental

efficiency. In this paper, the interaction terms between urban

spatial structure and urban population quantity and the

interaction terms between urban spatial structure and urban

population density are respectively added to the benchmark

regression. The model is as follows:

TABLE 7 Robustness check substituting GINI and HHI for the
explanatory variable.

Variables (1) (2)

SHHI 0.0378* (1.7754)

SGINI 0.0439** (2.8440)

lnAgdp 0.0476*** (4.1307) 0.0256** (2.4061)

lnAsct −0.0131*** (−6.8662) −0.2455 (−1.3495)

Lnrdp −0.0252*** (-8.6654) −0.0261*** (−7.9275)

lnpopdensity 0.0476*** (15.8994) 0.0512*** (24.2967)

lnAgov 0.0479*** (4.8573) 0.0424*** (5.0907)

lnAfdi −0.0001*** (−2.9882) −0.0001** (−2.3166)

lnAstr2 −0.1140*** (−5.3963) −0.1015*** (−5.4696)

Latitude 0.0001*** (6.4515) 0.0001*** (7.0274)

Location 0.0268*** (13.5773) 0.0257*** (19.9562)

Year FE Yes Yes

R2 0.3053 0.2730

Observations 4,299 4,267

Note: Statistical significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***,

respectively, and t-statistics are reported in the parentheses below the coefficient

estimates.

TABLE 8 Endogeneity test.

Variables (1) (2)

First-stage Second-stage

(SPrimacy) (EE)

SPrimacy 0.1411*** (2.6319)

IVH 0.0001*** (12.4341)

lnAgdp 0.0094 (0.7894) 0.0094 (0.7372)

lnAsct 0.0017 (0.8120) −0.0109*** (−5.1282)

Lnrdp −0.0804*** (-29.3545) −0.0158*** (−3.0335)

lnpopdensity 0.0126*** (4.6429) 0.0412*** (15.1772)

lnAgov 0.01606 (1.5411) 0.0587*** (6.3695)

lnAfdi −0.0001*** (-4.3358) 0.0000 (0.4479)

lnAstr2 −0.0632*** (−4.6429) −0.1428*** (−6.2964)

Latitude 0.0001*** (3.9202) 0.0000 (1.5281)

Location 0.0399*** (9.6111) 0.0032 (0.7046)

The first stage F statistic 154.929

Year FE Yes Yes

Observations 2,991 2,991

Note: Statistical significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***,

respectively, and t-statistics are reported in the parentheses below the coefficient

estimates.
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EEit � λ0 + λ1SPrimacy + λ2Inpop + λ3InpoppSPrimacy + λ4 lnXit

+ λ5Di + υi + εit

(6)
EEit � ϑ0 + ϑ1Sprimacy + ϑ2InpopdensitypSprimacy + ϑ3 lnXit

+ ϑ4Di + υi + εit (7)

The moderating effect of urban population quantity is shown

in Table 9 (1). The interaction term coefficient between urban

population size and urban spatial structure is negative and

significant at the 1% level, indicating that with the increase in

urban population quantity, the polycentric spatial structure has

higher environmental efficiency. At this time, the marginal effect

of the polycentric spatial structure on environmental efficiency is

0.4117–0.0653 lnpop. When the urban permanent population

size is higher than 5 million (e^(0.4117/0.0653)), the polycentric

spatial structure has higher environmental efficiency.

The moderating effect of urban population density is shown

in Table 9 (2). Consistent with the baseline regression results, the

increase in urban population density is beneficial to improve

environmental efficiency. The interaction coefficient between the

spatial structure and population density is significantly positive,

indicating that the monocentric structure is more conducive to

improving environmental efficiency with the increase in

population density. However, when the urban population

density is higher than 280 people/km2 (ê (−0.1499/0.0419)),

the polycentric spatial structure has higher environmental

efficiency. Hypothesis 2 has been verified.

4.4 Mechanism analysis

Based on the existing literature (Song et al., 2022), this paper

uses the following model to test the influencing mechanism: 1)

The spatial structure index (Sprimacy) is regressed with the

mediating variable. If the coefficient is significant, it indicates

that the spatial structure can affect the mediating variable. 2) The

spatial structure index (Sprimacy) is regressed with the explained

variable (environmental efficiency). If the coefficient is

significant, it indicates that the urban spatial structure can

impact environmental efficiency. 3) The spatial structure

index and the mediating variable is regressed with

environmental efficiency. If the coefficient of the spatial

structure index is insignificant or significant but the absolute

value of the coefficient decreases, while the coefficient of the

intermediary variable is significant, it proves that the urban

spatial structure affects the environmental efficiency through

the mediating mechanism. Following the above steps, we set up

the model as follows:

lnMit � η0 + η1Sit + η2 lnXit + η3Di + υi + εit (8)
EEit � α0 + α1Sit + α2 lnXit + α3Di + υi + εit (2a)

EEit � β0 + β1Sit + β2 lnMit + β3 lnXit + β4Di + υi + εit (9)

M is the intermediary variable, and the definitions of other

variables are consistent with the baseline model. The selection of

the mediating variable M is as described in the theoretical

analysis. The monocentric spatial structure can improve

environmental efficiency through learning, matching, and

sharing mechanisms.

First, the monocentric spatial structure improves

environmental efficiency through a learning mechanism. The

learning mechanism is an effective means of directly promoting

technological innovation. Enterprises’ production technology

and innovation capacity can effectively improve the

environmental protection capacity of the city. Therefore, this

paper selects the number of green utility patent applications

(inno1) and the number of inventions obtained by the city in that

year (inno2) as indicators of innovation ability to test whether the

learning mechanism is valid as a mediating variable.

Second, the impact of monocentric spatial structure on

environmental efficiency can be achieved through matching

mechanisms. The function of the matching mechanism

depends on adjusting talent structure and industrial structure.

The better the match between the two, the better it is for

promoting green economic development. Referring to the

existing literature, this paper uses the total deviation index of

industrial structure (indus) to indicate the degree of talent

matching, and the formula is shown in Eqs 10, 11. In Eq. 10,

if the deviation degree of an industry structure is 0, it means that

the industry and the employed labor force are perfectly matched.

A higher value indicates that the industrial output value is greater

than the number of industrial employees, and there is a shortage

TABLE 9 Heterogeneity analysis.

Variables (1) (2)

SPrimacy 0.4117*** (4.3729) 0.1499*** (3.2441)

Lnpop 0.0013 (0.2826)

Lnpopdensity 0.0456*** (22.5750) 0.0264*** (7.2005)

lnpop* SPrimacy −0.0653*** (−4.1691)

lnpopdensity* SPrimacy 0.0419*** (4.2039)

lnAgdp 0.0206** (2.1616) 0.0324*** (3.0097)

lnAsct −0.0099*** (-4.8503) −0.0126*** (−6.4329)

Lnrdp −0.0080* (-2.0849) −0.0244*** (−8.4326)

lnAgov 0.0201 (1.4845) 0.0472*** (5.2424)

lnAfdi −0.0001** (-2.1253) −0.0001*** (-2.9234)

lnAstr2 −0.0850*** (-5.1988) −0.0973*** (-5.3424)

Latitude 0.0001** (2.6978) 0.0001*** (5.8157)

Location 0.0201*** (17.0689) 0.0215*** (13.8948)

Year FE Yes Yes

R2 0.2944 0.2825

Observations 3,994 4,264

Note: Statistical significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***,

respectively, and t-statistics are reported in the parentheses below the coefficient

estimates.
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of labor force. A negative value means that there is a surplus of

labor in the industry. Therefore, the closer it goes to zero, the

better the match between industry and labor.
Deviation degree of industrial structure

� (constituent ratio of industrial output value/
proportion of industrial employees) − 1 (10)

Total deviation degree of industrial structure

� ∣∣∣∣deviation degree of primary industry
∣∣∣∣

+ ∣∣∣∣Deviation degree of secondary industry
∣∣∣∣

+ ∣∣∣∣deviation degree of tertiary industry
∣∣∣∣ (11)

Third, the monocentric spatial structure can improve

environmental efficiency by sharing public transport

infrastructure. Although the increase in urban traffic mileage

reflects the progress of transportation infrastructure, it ignores the

growth rate of private cars. It does not accurately reflect the extent to

which transport infrastructure is shared. Therefore, this paper uses

the ratio of the number of private cars and highway mileage to

express the sharing level of transportation infrastructure (trans).

The number of green patent applications and inventions are

from the National Intellectual Property Database and CNRDS

database, respectively, and the rest of the indicators are from the

China City Statistical Yearbook and the China Regional Statistical

Yearbook.

Table 10 shows that the monocentric spatial structure

promotes urban green innovation development, innovation

ability, the sharing of transportation infrastructure, and the

matching degree of the labor force. The results of the second

step of the test are consistent with those of the baseline

regression, where the spatial structure has a significant effect

on environmental efficiency.

Table 11 shows that the coefficients of the mediating

variables are all significant, and the significance and absolute

value of the spatial structure variables are decreased compared

with the benchmark regression values. It shows that the

monocentric spatial structure improves environmental

efficiency through the learning mechanism, matching

mechanism, and sharing mechanism. Hypothesis 3 has been

verified.

TABLE 10 Mechanism test.

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

lninno1 lninno2 Lntrans lnindus

SPrimacy 0.8014*** (10.4560) 0.7887*** (6.2094) 0.7965*** (12.7770) −0.6272*** (−11.6745)

Control variables Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

R2 0.1809 0.3176 0.3578 0.2794

Observations 2,824 3,784 3,713 4,191

Note: Statistical significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively, and t-statistics are reported in the parentheses below the coefficient estimates.

TABLE 11 Mechanism test.

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

SPrimacy 0.0353* (2.0502) 0.0098 (0.6148) 0.0015 (0.1048) 0.0022 (0.1633)

lninno1 0.0086*** (3.8386)

lninno2 0.0030*** (3.4186)

lntrans 0.0215*** (10.2068)

lnindus 0.0033** (2.4103)

Control variables Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

R2 0.2774 0.2854 0.3054 0.2871

Observations 2,676 3,784 3,713 4,191

Note: Statistical significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively, and t-statistics are reported in the parentheses below the coefficient estimates.
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5 Further study

As the problem of “urban disease” worsens, the

government has begun to raise the threshold of household

registration in big cities to control the influx of people. In

2009, Zhongshan took the lead in implementing the

household registration system, controlling population

inflows by reducing urban public services such as education

and health care. Subsequently, Shanghai, Beijing, and other

cities have introduced the point-based household registration

policy. In addition, the government has made two regulations

for the disclosure of environmental information. One is the

pollutant information registration system (registering

corporate pollutant discharge data), and the other is the

performance evaluation system (rating corporate

environmental performance based on pollutant discharge

data). Therefore, this paper regards the environmental

pollution supervision policy and the point-based household

registration policy as a quasi-natural experiment and uses the

differences-in-differences method (DID) to explore the

impact of the two on environmental efficiency. The model

is set as follows:

Eit � φ0 + φ1Sit + φ2Esupit + φ3 lnXit + μi + μt + εit (12)
Esupit � Hit

1 × Tit
1 (13)

Eit � ξ0 + ξ1Sit + ξ2Pbregit + ξ3 lnXit + μi + μt + εit (14)
Pbregit � Hit

2 × Tit
2 (15)

Esupit and Pbregit are the multiplication terms of the time

dummy variable (H) and the individual dummy variable (T).

The former set the cities with PITI index published after

2008 as the experimental group, and the value of Hit is 1.

The rest of the cities are classified as the control group, and the

Hit value is 0. When the experimental group is in the

experimental period, the value of Tit is 1. Otherwise, it is

denoted as 0. During the sample period, Hit takes the value of

1 when the city implements the point-based household

registration policy, which is regarded as the experimental

group. Otherwise, it is 0 and recorded as the control

group. Tit � 0 before the policy and 1 after. μi and μt
represent time and city fixed effects, respectively, and εit is

the error term. The control variables in the models are

consistent with the baseline regression. Since the two-way

fixed effects model of time and individual is adopted, the

spatial structure variables and the urban characteristic

variables that do not change over time are excluded from

the regression.

The results are shown in Table 12. The disclosure of

environmental information effectively inhibits the emission of

pollutants and plays an obvious role in improving environmental

efficiency. However, the effect of the point-based household

registration policy on environmental efficiency is not obvious.

6 Conclusion and policy implications

With the continuous development of the economy and

urbanization, China’s environmental problems are emerging,

making the improvement of environmental efficiency

necessary at present. The rational layout of urban spatial

structure is of great significance to the improvement of

environmental efficiency. Therefore, the main purpose of this

paper is to explore what kind of urban spatial structure

contributes to the improvement of environmental efficiency.

Based on the fusion-corrected DMSP-OLS and NPP-VIIRS

nighttime light data, we construct spatial structure indicators

of 276 prefecture-level cities. Then we explored the impact of

urban spatial structure on environmental efficiency from the

perspective of monocentric and polycentric spatial structures.

This can offer a better measurement of monocentric cities and

polycentric cities than traditional government statistical data in

the Chinese context. In addition, we use geographic elevation as

an instrumental variable for the spatial structure to address

potential endogeneity problems. The following conclusions are

drawn from the findings:

(1) The monocentric spatial structure has higher environmental

efficiency than the polycentric spatial structure. At the

current level of urban agglomeration and economic

development in China, the agglomeration effect still

outweighs the agglomeration cost. Therefore, increasing

urban agglomeration in China is still an effective way to

achieve green development.

TABLE 12 The influence of environmental pollution regulation and the
point-based household registration policy on environmental
efficiency.

Variables (1) (2)

Esup 0.0046*** (3.1446)

Pbreg 0.0512 (1.3146)

lnAgdp 0.0225*** (3.7925) 0.0375** (2.1121)

lnAsct 0.0024*** (3.3724) 0.0042* (1.7959)

lnrdp −0.0003 (-0.1348) −0.0049 (−0.9956)

lnpopdensity 0.0335*** (5.9691) 0.0590*** (4.3608)

lnAgov 0.0003 (0.0910) 0.0157 (1.4016)

lnAfdi 0.0000 (0.4469) 0.0000 (0.2176)

lnAstr2 −0.0113 (−1.3887) −0.0242 (−0.9580)

Year FE Yes Yes

City FE Yes Yes

R2 0.9524 0.1693

Observations 3,672 4,226

Note: Statistical significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***,

respectively, and t-statistics are reported in the parentheses below the coefficient

estimates.
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(2) The monocentric spatial structure improves environmental

efficiency through learning, sharing, and matching

mechanisms. The monocentric structure can improve the

technological level of enterprises by promoting knowledge

exchange and the matching efficiency between enterprises

and the labor force, so as to reduce the environmental cost of

urban economic activities. In addition, the monocentric

spatial structure facilitates the “sharing” of public

transportation, public infrastructure, and pollution control

equipment, thus contributing to the improvement of

environmental efficiency.

(3) Population size and density have a robust moderating effect.

When the resident population size of a city is higher than

5 million or the population density is higher than

280 persons/km2, the monocentric spatial structure has a

negative impact on environmental efficiency and at this time,

the polycentric spatial structure is more effective in

improving environmental efficiency.

(4) The point-based household registration policy adopted by

the government to control population size has no significant

impact on environmental efficiency. By contrast, the

environmental information disclosure policy can

effectively improve environmental efficiency. Combined

with the results of the baseline regressions, we find that

population agglomeration from the urban periphery to the

central urban area is an effective way to achieve improved

environmental efficiency.

Based on the conclusion, the following suggestions can be

made:

(1) Our findings provide a criterion for dividing low-and

high-density cities, and the threshold can serve as a guide

to implementing different spatial strategies to improve

environmental efficiency. The government should

measure the urban resident population and predict the

future population growth trend of each city and take the

population scale of 5 million and population density of

280 people/km2 as the standard, and reasonably plan the

development of the urban spatial structure to achieve

optimal environmental efficiency. Specifically, for cities

with small population size and low population density,

the government can implement a monocentric urban

planning policy. For mega-cities, such as Beijing,

Shanghai, and Shenzhen, the government could

implement a polycentric spatial structure planning

policy.

(2) The government should actively promote learning, sharing,

andmatchingmechanisms tomaximize urban economic and

environmental efficiency. For example, the government

could invest more in public transportation infrastructure,

which can improve the intra-city road traffic network and

reduce the urban congestion effect. In addition, the

government can build a sharing platform for talent

matching and knowledge learning. This can enhance the

knowledge spillover effect of the monocentric spatial

structure and thus improve the efficiency of the

environment.

(3) The government should abandon the traditional policy of

reducing environmental pollution by controlling the

population size. According to National Bureau of

Statistics, there were 91 cities with a population of

more than 5 million in China by 2021, accounting for

only 26.5 percent of the country’s cities. Therefore, it is

still the mainstream for cities to utilize the agglomeration

effect.

(4) Urban planning should focus on solving pollution problems

rather than solving agglomeration. For example, the

government should strengthen the supervision of

environmental pollution, actively establish an

environmental pollution monitoring platform, and

improve the registration of enterprise production input

data and pollutant emission data.

However, this study may suffer from some limitations, which

need further investigation. On the one hand, the polycentric

spatial structure has better environmental efficiency when the

resident population size is higher than 5 million or the

population density is higher than 280 persons/km2. At this

time, the mechanism through which polycentric spatial

structure influences environmental efficiency needs to be

further explored. On the other hand, this paper only reveals

the relationship between spatial structure and environmental

efficiency of prefecture-level cities, and it is also worth paying

attention to the influence on provincial and urban agglomeration

levels.
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