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Abstract  

Using a relational two-stage network data envelopment analysis (DEA) model 

considering undesirable outputs, this paper evaluates both the process and system 

performances of industrial environmental governance in China’s 30 provincial-level 

regions during 1998–2015. Furthermore, this is the first study to apply the spatial 

econometric models with a geographical distance matrix to investigate the local and 

spatial spillover effects of environmental regulations on heterogeneous environmental 

governance performances (i.e., clean production and end-of-pipe treatment 

performances). The results show that clean production performance is generally higher 

than end-of-pipe treatment performance, but both performances present a declining 

trend during the sample period. The estimation results of the spatial econometric models 

confirm the Porter hypothesis, as market-based environmental regulations improve 

local clean production performance. By contrast, we also find that command-and-

control environmental regulations improve end-of-pipe treatment performance but curb 

clean production performance, and exert a “race-to-the-top” effect among local 

governments. 

Keywords: Environmental regulations; Clean production performance; End-of-pipe 

treatment performance; Network DEA model; Spatial Durbin model; China 
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1 Introduction 

 

For the last four decades, industrialization has been vital to China’s economic 

development, and the geographic pattern of industrial development has, in turn, been 

reshaped by the country’s economic transformation. Meanwhile, the continuous 

environmental deterioration associated with industrialization is hindering China’s 

sustainable development (Lu et al. 2019; Shao et al. 2019a; He et al. 2021). The adverse 

effects of environmental deterioration have become prominent in the last 10 years, with 

effects ranging from ecological destruction and health loss to agricultural productivity 

decline and global warming. Therefore, it is urgent to develop proper environmental 

regulation instruments that can promote both high-quality industrial growth and 

environmental protection (Zha et al. 2020).  

To shed light on the balance between economic development and environmental 

protection, many studies have measured environmental governance performance using 

evaluation methods that integrate undesirable environmental outputs. The two 

fundamental approaches used for estimating environmental governance performance 

are the data envelopment analysis (DEA) and the stochastic frontier analysis (SFA) 

(Ghosh and Kathuria, 2016; Zhou et al. 2018; Song et al. 2019). We use the DEA 

instead of the SFA for this analysis for the following three reasons. First, the DEA is a 

non-parametric linear programming approach that does not require assumptions about 

functional form, thus less subject to misspecification error. The SFA, however, is a 

parametric econometric approach that assumes an explicit production function form and 

the distribution of error terms. Second, regularity condition is imposed in the DEA a 

priori when calculating environmental efficiency scores, enabling the DEA to work in 

all specifications, while environmental inputs in the SFA are tested against additional 

monotonicity assumptions ex post (Reinhard et al. 2000). Third, the DEA is more 

suitable for evaluating efficiency among homogeneous decision-making units (DMUs), 

while the SFA performs better when evaluating heterogenous DMUs. Our research 

focus of industrial sectors, which are relatively homogeneous, supports the assessment 
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with the DEA. Existing studies analyzing environmental governance performance 

mainly use four categories of DEA models. The first category consists of traditional 

DEA models considering undesirable outputs to calculate environmental governance 

performance, such as the Banker, Charnes, and Cooper (BCC) model (Sueyoshi and 

Yuan 2015), the Charnes, Cooper, and Rhodes (CCR) model (Zhao et al. 2014), and 

the slack-based measure (SBM) model (Xie et al. 2017).  

The second category employs the DEA-based Malmquist productivity index to 

measure the inter-temporal environmental governance performance. This index has 

been used at various levels, including international (Oh and Heshmati 2010), regional 

(Miao et al. 2019), industrial (Shao et al. 2019b), and enterprise (Zhang and Choi 2013; 

Song et al. 2018; Li et al. 2019) levels.  

The third category comprises various extended DEA models. Some extensions on 

conventional DEA models aim to obtain a unique efficiency score for each DMU (Lee 

and Saen 2012; Li and Lin 2015). Another type of extended DEA model adjusts the 

DEA framework to facilitate the handling of special types of data, such as ordinal (Chen 

and Delmas 2011), negative (DiMaria 2014), and fuzzy data (Wang et al. 2018).  

The fourth category is composed of multi-stage network DEA models that can 

measure the environmental governance performance of connected production processes. 

Applying network DEA in the evaluation of environmental governance performance 

has increasingly attracted research interest. On the methodological front, Song et al. 

(2014) extended the SBM model to the network SBM model, which is non-radial and 

invariant to units of measurement. Similarly, Huang et al. (2014) developed a non-radial 

network DEA approach to evaluate the performance of environmental protection 

systems in 20 regions of Taiwan. To deal with the problem of multiple solutions, Chu 

et al. (2016) proposed an equitable efficiency decomposition method, whereas Chen et 

al. (2018) constructed both non-cooperative and cooperative network DEA models. On 

the application front, Shao et al. (2019b) assessed environmental governance 

performance in China’s 36 industrial sectors from 2007 to 2015; Wang and Feng (2020) 

further calculated separate efficiency scores for waste water, waste gas, and solid waste 

governance performance. 
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Although earlier literature exploits the advantages of network DEA models in the 

evaluation of the environmental governance performance of connected processes, some 

gaps remain. First, existing studies usually cover relatively short periods of time, and 

thus they fail to show the evolution trends of environmental governance performance 

over longer periods. Second, previous studies mostly focus on the end-of-pipe treatment 

performance of a single pollutant (e.g., waste water or waste gas) and do not consider 

the treatment performance of solid waste. Third, to our knowledge, no study 

investigates the effect of environmental regulations on multi-stage environmental 

governance performance, and thus existing studies fail to provide adequate policy 

implications for promoting future industrial green development. 

Industrial production and pollutant treatment have always been two distinctive 

processes in industrial environmental governance, but existing literature fails to identify 

the specific processes by which environmental regulations affect environmental 

governance performance in China. Thus, some gaps between literature and the current 

environmental governance status in China remain. In the pursuit of economic 

development goals, “pollute first, clean up later” has been a long-term environmental 

governance orientation among local governments in China (Jin et al. 2016). In fact, 

different groups of enterprises may carry out industrial production and end-of-pipe 

treatment separately, according to case studies by Zhu et al. (2014). Furthermore, in 

these two interconnected environmental governance processes, clean production is 

superior to end-of-pipe treatment both from an environmental and economic 

perspective (Frondel et al. 2007). According to the innovation classification of 

Organization for Economic Cooperation and Development (OECD) and Eurostat 

(OECD-Eurostat 2014), from the environmental perspective, cleaner production not 

only conserves energy and resource inputs but also reduces the generation of redundant 

byproducts. From the economic perspective, cleaner production helps meet the demand 

for green and environmentally compliant products, thus enhancing industrial 

profitability. Therefore, it is necessary to differentiate industrial clean production from 

industrial end-of-pipe treatment and investigate the effect of environmental regulations 

on both processes. To this end, it is not only realistic but also necessary to open the 
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“black box” of environmental governance performance. Moreover, the impacts of 

environmental regulations on both clean production and end-of-pipe treatment 

performances should be identified. 

Against these academic and practical backgrounds, this study makes the following 

contributions to the existing literature. First, based on a relational two-stage network 

DEA model, we measure environmental governance performance and its two 

decomposed process performances—clean production and end-of-pipe treatment 

performances—during 1998–2015. Such a long sample period enables us to uncover 

the win-win ability of economic growth and environmental protection in different 

development stages, i.e., from extensive to inclusive green growth (He et al. 2019; 

Wang and Feng 2021). Second, this is the first investigation of the heterogenous 

impacts of environmental regulations on both clean production performance and end-

of-pipe treatment performance. Moreover, this analysis uses spatial econometric 

methods, allowing for a comparison of market-based and command-and-control 

environmental regulations in terms of environmental and economic outcomes in both 

local and neighboring regions. We find that during 1998–2015, market-based 

regulations enhanced clean production performance, confirming the “Porter hypothesis” 

in China. Command-and-control regulations, by contrast, favor end-of-pipe treatment 

performance, and curb clean production performance. However, stringent command-

and-control environmental regulations also set a role model for neighboring regions, 

and exert a “race-to-the-top” effect in clean production performance among 

neighboring regions. Our results highlight the urgency of promoting interregional 

consistency and cooperation for environmental regulations. 

The rest of this paper is organized as follows. Section 2 describes the relational two-

stage network DEA network model, spatial econometric model, and data. Section 3 

discusses the measurement results for environmental governance performance and the 

corresponding process and stage performances. Section 4 investigates the impacts of 

environmental regulations on both clean production performance and end-of-pipe 

treatment performance. Finally, Section 5 draws the main conclusions and raises some 

policy implications. 
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2 Methodology and data 

2.1 Relational two-stage network DEA model 

2.1.1 System performance evaluation model 

 

Our system performance evaluation model builds on Kao (2009) and Kao and Liu 

(2014). Fig. 1 shows the relational two-stage network system of environmental 

governance with two processes: a clean production process (Process 1) and an end-of-

pipe treatment process (Process 2). For notational purposes, each provincial-level 

region is referred to as jDMU  (Decision Making Unit j, j=1, 2, …, 30). Process 1 has 

three undesirable inputs denoted by
1 1 1 1

1 2 3( , , )T

j j j jX x x x= , one desirable output 
1 1

1j jY y= , 

and three undesirable outputs 1 2 , 3( , )T

j j j jZ z z z= , respectively. For each province j in 

Process 2, there are three desirable inputs 1 2 , 3( , )T

j j j jZ z z z= , four undesirable inputs 

2 2 2 2 2

1 2 3 4( , , , )T

j j j j jX x x x x= , and three desirable outputs 
2 2 2 2

1 2 3( , , )T

j j j jY y y y= , respectively.  

  
Fig. 1. Two-stage network system of environmental governance 

The desirable and undesirable outputs (inputs) should be treated differently when 

evaluating environmental governance performance. Following Seiford and Zhu (2002), 

we perform a linear monotone decreasing transformation of undesirable outputs 

(Process 1) and desirable inputs (Process 2) fjz  into desirable outputs and undesirable 

inputs fjz  as follows:  

,   1,2,...,30,  1,2,3fj f fjz k z j f = − = =                                  (1) 



8 

where fk  is a transformation coefficient that makes fjz  positive. We define fk  as 

follows: 

1,2,...,301,2,...,30
max minf fj fj

jj
k z z

==
= +                                          (2) 

The relational network DEA model presented as Fig. 1 cannot be solved based on 

conventional network DEA methods, because there are extra Process 1 outputs (i.e., 

outputs 1Y  that are not utilized as inputs for Process 2) and external Process 2 inputs 

(i.e., inputs 2X  that are not outputs of Process 1). Following Kao (2009) and Kao 

and Liu (2014), we introduce two dummy processes into the model—Processes 3 and 

4—to transform our DEA model into an equivalent conventional network DEA model 

(see Fig. 2). Compared with other network DEA models used in previous literature, the 

relational network DEA model has the following merits. First of all, the relational 

network DEA model allows extra Process 1 outputs and external Process 2 inputs, while 

many existing DEA models require that all outputs of Process 1 are utilized as inputs 

of Process 2 (Guo et al. 2017; An et al. 2018). Second, based on the series and parallel 

structures of the relational network DEA model, the system efficiency can be 

decomposed into the product of the stage efficiencies, while the stage inefficiency slack 

can be decomposed into the sum of the inefficiency slacks of parallel component 

processes. Therefore, the relational network DEA model enables us to identify the stage 

and process origins of system inefficiency. Some other models, on the contrary, do not 

possess such additive or multiplicative decomposition properties. For example, the 

weighted additive efficiency decomposition in Kao and Hwang (2008) and Li et al. 

(2012) is sensitive to the selected weights of the stage efficiencies. Third, the slack-

based measures and the directional distance functions in most existing DEA models 

require a complex calculation procedure, while our radial model based on the CCR 

model has a simpler calculation process 1. Fourth, as Kao and Liu (2014) shows, there 

are less weakly efficient DMUs in the relational DEA model, compared with the 

 
1  It is noteworthy that non-radial distance measures (slack-based measures and directional 

distance functions) are a generalization of the radial distance measures of efficiency. As our research 
is carried out at the industry level with relatively homogeneous DMUs, the difference between non-
radial and radial approaches is marginal. 
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independent network DEA model and the connected network DEA model. Therefore, 

the efficiency ranks of more DMUs in the relational DEA model can be obtained. Under 

such a transformation, outputs 1Y  and inputs 2X  are integrated into the model, and 

they help form two processes parallel with Processes 1 and 2, respectively. We further 

denote the parallel structure of Process 1 and Process 3 as Stage 1, and the parallel 

structure of Process 2 and Process 4 as Stage 2. The network system efficiency score is 

equal to the multiplication of Stage 1 efficiency score and Stage 2 efficiency score. 

Based on the network system as shown in Fig. 2, we can evaluate the system 

environmental governance performance of Province j, i.e., jE , using the following 

relational two-stage DEA model 2: 

1 3
1 1 2 2

1 1

3 4
1 1 2 2

1 1

1 3 3
1 1 1 1

1 1 1

3 3 4
2 2 2 2

1 1 1

1 2

max  

s.t. 1

      0,  1,2,...,30

      0,  1,2,...,30

       ,  ,  

j k kj K Kj

k K

m mj M Mj

m M

k kh f fh m mh

k f m

K Kh f fh M Mh

K f M

m m

E v y v y

u x u x

v y t z u x h

v y t z u x h

u u v

= =

= =

= = =

= = =

= +

+ =

+ −  =

− −  =

 

 

  

  

1 2,  ,  , 1,2,3;  1,2,3,4;

       1;  1,2,3;  1,2,3;  

k k fv t m M

k K f

 = =

= = =

                      (3) 

where   is a small non-Archimedean number, and 
1 2 1 2,  ,  ,  ,   m M k K fu u v v t are the 

multipliers. There exists a trade-off in the optimal value for the small non-Archimedean 

number ε. If ε is too small, although the model is feasible, imprecise optimization may 

occur due to zero tolerance. On the other hand, if ε is not small enough, infinite results 

may be produced. Besides, different units of inputs and outputs may also lead to 

inconsistent efficiency results. Dealing with the ε-range problem, Sarrico et al. (1997) 

used the constraint  to select an optimal lower bound for the multipliers. 

Following their approach, we choose ε=10-6, so that  is satisfied for all 

the outputs used in the network DEA analysis. Charnes and Cooper (1984) 

 
2 Theoretically, the relational two-stage DEA model has a unit-invariant property. See Kao and 

Liu (2014) for a discussion. 
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recommended another rule of thumb for choosing the value of ε, i.e., using ε=10-7 if all 

the inputs and outputs range from 1 to 100. As a robustness check, we rescale the inputs 

and outputs to calculate the efficiency scores, and find the calculated efficiency scores 

for the same DMU using these two methods are quite similar (see Appendix Fig. 1A). 

We further test the performance of alternative ε with rescaled inputs and outputs, setting 

ε=10-6 in Appendix Fig. 1B, and obtain similar results. 

 
Fig. 2. An equivalent network system for environmental governance  

After obtaining the optimal multipliers 
1* 2* 1* 2* *,  ,  ,  ,  and   m M k K fu u v v t , the performances 

for Process 1, Process 2, Stage 1, Stage 2, and system can be calculated as: 

1 3
1* 1 *

1 1

3
1* 1

1

k kj f fj

k f

j

m mj

m

v y t z

E1

u x

= =

=

+

=

 


                                            (4) 

3
2* 2

1

3 4
* 2* 2

1 1

K Kj

K
j

f fj M Mj

f M

v y

E2

t z u x

=

= =

=

 +



 
                                           (5) 

1 3 4
1* 1 * 2* 2

1 1 1

3 4
1* 1 2* 2

1 1

k kj f fj M Mj

k f M

j

m mj M Mj

m M

v y t z u x

ES1

u x u x

= = =

= =

+ +

=

+

  

 
                                   (6) 

1 3
1* 1 2* 2

1 1

1 3 4
1* 1 * 2* 2

1 1 1

k kj K Kj

k K
j

k kj f fj M Mj

k f M

v y v y

ES2

v y t z u x

= =

= = =

+

=

+ +

 

  
                                   (7) 
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j j jE ES1 ES2=                                                   (8) 

 

where jE1 , jE2 , jES1 , jES2 , and jE  are the clean production performance for 

Process 1, the end-of-pipe treatment performance for Process 2, the clean production 

performance for Stage 1, the end-of-pipe treatment performance for Stage 2 3, and the 

system performance for the whole production process, which are respectively denoted 

as E1, E2, ES1, ES2, and E in the later sections to simplify our notation.  

 

2.1.2 DEA window analysis 

 

  It is noteworthy that performance scores of different periods calculated by the DEA 

model are not directly comparable. Therefore, we need to apply the method of DEA 

window analysis, so that dynamic effects can be properly measured (Wang et al. 2013). 

An alternative method for measuring efficiency trend overtime is the dynamic DEA 

method (Tone and Tsutsui 2010; Tone and Tsutsui 2014), and there are two major 

differences between the DEA window analysis and the dynamic DEA: first of all, the 

dynamic DEA method uses the same production frontier in all the time periods, while 

in the DEA window analysis, the production frontier changes once we use a new 

window; second, due to the inclusion of multiple time periods in the dynamic DEA, the 

frontier is smoother. Denote the DEA window width as d; the number of DMU in one 

period as h; and the total number of time periods as T, then there are d×h decision-

making units in one window, and T-d+1 windows in total. A graphical illustration of 

DEA window analysis is shown in Table 1. 

Table 1  

Graphical illustration of DEA window analysis. 

 t=1 t=2 t=3 t=4 t=5 … t=T-

4 

t=T-

3 

t=T-

2 

t=T-

1 

t=T 

Window 1 E11 E12 E13         

 
3 ES1 and ES2 are not economically meaningful parameters, and are only used to illustrate the 

DEA model. 
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Window 2  E21 E22 E23        

Window 3   E31 E32 E33       

…      …      

Window T-

d-1 

      ET-d-

1,1 

ET-d-

1,2 

ET-d-

1,3 

  

Window T-d        ET-d,1 ET-d,2 ET-d,3  

Window T-

d+1 

        ET-

d+1,1 

ET-

d+1,2 

ET-

d+1,3 

The average of the performance scores of the same DMU in different windows yields 

the final performance score, which can be contrasted to the performance of other 

regions as well as to its own performance in other periods. Following the suggestions 

of Wang et al. (2013), we set the window width d=3.  

 

2.1.3 Variables 

 

In this study, environmental governance performance is evaluated for 30 provincial-

level regions in China. The inputs for Process 1 include the industrial capital stock (K), 

the number of industrial employees (L), and the industrial energy consumption (EC). 

The output of Process 1 that is not used as an input for Process 2 is the gross industrial 

output value (OV). The undesirable outputs of Process 1 are the volume of industrial 

waste water discharged (WWP), the volume of industrial waste gas produced (WGP), 

and the volume of industrial solid waste produced (SWP), which are then used as inputs 

for Process 2. In addition to WWP, WGP, and SWP, other inputs for Process 2 are the 

number of full-time environmental protection personnel (EPP), the capital stock of 

waste water control (KWW), the capital stock of waste gas control (KWG), and the 

capital stock of solid waste control (KSW). The outputs of Process 2 measure the 

outcomes of the end-of-pipe treatment, and these are the volume of industrial waste 

water treated (WWT), the volume of industrial waste gas emissions (WGT), and volume 
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of industrial solid waste utilized (SWT) 4. 

Among the above-mentioned variables, K, WWP, WGP, and SWP are calculated by 

the perpetual inventory method (Caselli 2005), while the other variables are obtained 

directly from statistical yearbooks, and the detailed data sources will be given in Section 

2.3. 

 

2.2 Spatial econometric strategy 

2.2.1 Spatial econometric model 

 

Environmental governance performance is not independent across regions, because 

the high productivity and green technology may spill over from one region to another 

(Del Giudice et al. 2019). In addition, environmental regulation intensities between 

adjacent regions are generally correlated, as a strategic interaction among 

environmental regulations in different areas exists (Deng et al. 2012; Chen et al. 2017). 

To capture such a spatial interaction effect, we employ the spatial econometric model 

to conduct our regression analysis. Following LeSage and Pace (2009), we construct 

the following the general nesting spatial model (GNSM) to investigate the impact of 

environmental regulations on environmental governance performance: 

0 1 2it it it it i t itE1 E1 ER ER v u    = + + + + + + + +
1 it 2 it
β X β XW W W      (9) 

0 1 2it it it it i t itE2 E2 ER ER v u    = + + + + + + + +
1 it 2 it
β X β XW W W     (10) 

it it itu u = +W                                                   (11) 

where subscripts i and t refer to the province and year, respectively; μ is the province 

fixed effect; v is the time fixed effect; u is the random error term. Variables E1 and E2 

represent two types of environmental governance performance (i.e., clean production 

performance and end-of-pipe treatment performance); ER represents environmental 

 
4  CO2 emissions are not considered in the analysis because the corresponding treatment 

technology is highly underdeveloped in China. The first carbon capture, utilization, and storage 
(CCUS) site in China was constructed in Henan province in 2006. Up to 2020, the CCUS project in 
operation has the capture capacity of 4 Mt/year, while CO2 emissions in China mount to more than 
10 Gt/year.  
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regulation intensity; X represents a vector of the control variables, which include 

income level, urbanization, industrial structure, foreign direct investment (FDI), 

technological innovation, and government intervention; W represents the spatial weight 

matrix; WE, WER, WX, and Wu are the spatially lagged terms of E, ER, X, and u, 

respectively. 

The GNSM is the most general spatial econometric model incorporating all kinds of 

spatial lag terms. However, the GNSM is rarely used in empirical literature, because 

the parameters cannot be correctly identified (Vega and Elhorst, 2015). Alternatively, 

we need to further simplify the GNSM into other spatial econometric models to obtain 

formal identification. In Eqs. (9)–(11), if λ = 0, the GNSM can be converted into the 

spatial Durbin model (SDM); if ρ = 0, the GNSM can be transformed into the spatial 

Durbin error model (SDEM); if ρ = 0 and λ = 0, the SDM can be degenerated to the 

spatial lag X model (SLX). We will use the SDM and SDEM in benchmark regressions, 

and the SLX in robustness checks. 

 

2.2.2 Variables 

 

(1) Dependent variables. The dependent variables are E1 and E2, which are clean 

production performance and end-of-pipe treatment performance, respectively. 

Variables E1 and E2 correspond to the performances of Process 1 and Process 2 in the 

network DEA model above, respectively. In our benchmark regression, E1 and E2 are 

obtained based on Eqs. (4) and (5), respectively.  

(2) Independent variables. Two types of environmental regulations are used as 

independent variables: market-based environmental regulations (MER) and command-

and-control environmental regulations (CER). Porter and Van der Linde (1995) were 

the first to point out the difference between market-based and command-and-control 

environmental regulations. They argued that market-based environmental regulations 

have the characteristics of (i) creating opportunity for innovation, (ii) encouraging 

continuous improvement, and (iii) setting clear and long-term goals for environmental 

protection. These three factors can synthetically provide an incentive for enterprises to 
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reduce their pollution regardless of their current polluting level. Therefore, long-term 

innovation targeting cleaner production is more likely to be induced under market-

based instruments. On the other hand, command-and-control regulations only require 

the pollution level to meet the current regulatory standards, motivating industrial 

enterprises to make short-term incremental environmental investments, such as adding 

more pollution treatment facilities. To further validate this difference, we use the ratio 

of the sewage charges to the gross domestic product (GDP) as the proxy for the market-

based regulations (MER), which is the most commonly-used proxy for MER in previous 

studies (Ren et al. 2018; Miao et al. 2019). The number of environmental impact 

assessment programs and “Three Simultaneous” programs is used as the proxy for the 

command-and-control oriented regulations (CER), considering that these programs are 

regarded as two basic compulsory command-and-control environmental regulations in 

China (Cheng et al. 2017). According to our previous analysis, market-based 

environmental regulations may have a positive effect on the clean production 

performance, while command-and-control environmental regulations may have a 

positive effect on the end-of-pipe treatment performance. 

(3) Control variables. Control variables include major influencing factors of eco-

efficiency, which are income level (PGDP), Urbanization (UL), Industrial structure (IS), 

Foreign direct investment (FDI), Technological innovation (TI), and Government 

intervention (GI). The theoretical basis for choosing these control variables is given as 

follows. 

Income level (PGDP). The environmental Kuznets curve (EKC) hypothesis suggests 

a U-shaped curve relationship between income level and eco-efficiency (Grossman and 

Krueger 1995; Liu and Yu 2019). Hence, we use GDP per capita and its squared term 

as the proxy of income level. If the EKC hypothesis holds, the coefficient of PGDP 

should be negative, and the coefficient of its quadratic term should be positive, 

suggestive of decoupling between economic growth and environmental quality in China 

(Wang et al. 2020; Wang and Feng 2021). 

Urbanization (UL). Urbanization has proceeded rapidly in China over the last four 

decades. During an urbanization process, the geographical agglomeration of resources, 
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labors, and consumers greatly improves productivity (Andersson et al. 2009). As 

urbanization continues, rising public awareness of the need for environmental 

protection puts pressure on pollution activities, making environmental governance an 

increasingly prominent mission (Zhou et al. 2021). Therefore, we use the ratio of urban 

population to the total population to represent the urbanization, whose direction of 

influence on E1 and E2 is positive. 

Industrial structure (IS). Industrialization relies heavily on energy and resource 

inputs and has been regarded as the main cause of environmental pollution in China 

(Zhao et al. 2016; Shao et al. 2020). Moreover, industrial productivity in China is 

plagued by resource misallocation and overcapacity (Chen et al. 2019). We use the ratio 

of the secondary industry output value to the tertiary industry output value to measure 

the industrial structure, and expect its impact on E1 and E2 to be negative. 

Foreign direct investment (FDI). Attracting FDI has been one of China’s major 

strategies for economic growth during the last four decades. FDI is a double-edged 

sword for environmental governance performance. While FDI creates positive 

externalities through technology transfer and can boost economic productivity, it may 

also obstruct sustainable and high-quality economic development. The potentially 

negative environmental consequence of FDI is consistent with the pollution haven 

hypothesis, which suggests that FDI may aim to take advantage of the relatively loose 

environmental regulations in developing countries (Copeland and Taylor 2004). We 

use the proportion of FDI to GDP to measure FDI, and its direction of impact on E1 

and E2 is uncertain. 

Technological innovation (TI). As a double-edged sword, technological innovation 

is necessary for structural transformation on the one hand. However, on the other hand, 

dirty-biased technological innovation aiming at increasing the production scale can 

increase pollution emissions (Shao et al. 2016; Yang et al. 2019). We use the ratio of 

R&D input to GDP to measure technological innovation, and its direction of impact on 

E1 and E2 is uncertain. 

Government intervention (GI). Pro-business local government intervention is one 

of the major reasons accounting for the rapid economic growth in China (Li and Zhou 
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2005). However, government intervention in China is used to exclusively concentrate 

on spurring economic development, while the environmental consequence is largely 

neglected, resulting in severe environmental deterioration in the beginning of the 21st 

century. It was until the 11th Five-Year Plan period (i.e., 2006–2010) that the 

government authorities started focusing on environmental pollution problems. We use 

the ratio of fiscal revenue to GDP to measure government intervention, and its direction 

of impact on E1 and E2 is uncertain. 

 

2.2.3 Spatial weight matrix 

 

The spatial weight matrix W is a core element of the spatial econometrics model, 

which assumes spatial correlation relationships between neighboring regions. Among 

all kinds of the spatial weight matrices, the inverse distance matrix is the most 

commonly employed in existing studies. We construct the inverse distance matrix (W) 

for China’s 30 provincial-level regions as follows: 

1
ij

ij

w
d

=                                                         (12) 

where ijd  is the distance between capital city of province i and province j. 

Normalization of W is a common practice in spatial econometrics. However, the 

commonly used normalization approaches in existing literature (i.e., row normalization 

and column normalization), may lead to misspecification. According to the suggestion 

of Kelejian and Prucha (2010), we normalize W by dividing each element of W by its 

largest characteristic root.  

 

2.3 Data 

 

After 2015, China stopped releasing the data on the volumes of waste water and 

waste gas treated. Since the pollution data used in this article are only updated to 2015, 

we use panel data from 30 provincial-level regions in China during 1998–2015. Tibet, 

Macao, Hong Kong, and Taiwan are excluded because of the availability of relevant 
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data. The raw data for the network DEA model are mainly from the China Statistical 

Yearbook, China Environment Yearbook, China Industry Statistical Yearbook, and 

China Energy Statistical Yearbook, while the data for spatial econometric analysis are 

from the China Statistical Yearbook, China Environment Yearbook, China Energy 

Statistical Yearbook, China Statistical Yearbook on Science and Technology, and the 

statistical yearbooks of related provincial-level regions. All raw data at current prices 

are deflated to those at 2000 constant prices. Table 2 shows the basic descriptive 

statistics of the sample data. 

Table 2 

Descriptive statistics of variables. 

Variable (unit) Observation Mean Standard deviation Minimum Maximum 

K (108 RMB yuan) 540 6152.21 7283.46 184.49 48212.93 

L (104 persons) 540 199.66 184.79 9.78 1055.30 

EC (104 tce) 540 4852.12 3975.85 147.77 21117.71 

OV (108 RMB yuan) 540 3726.34 4552.87 53.66 30393.46 

WWP (108 tonnes) 540 22.70 6.04 0.35 29.64 

WGP (106 tonnes) 540 76.09 14.83 0.39 91.39 

SWP (106 tonnes) 540 394.02 67.18 0.69 455.76 

EPP (N.A.) 540 7255.37 6724.20 245 44894 

KWW (108 RMB yuan) 540 42.58 48.33 0.72 258.29 

KWG (108 RMB yuan) 540 40.66 36.98 0.27 311.22 

KSW (104 RMB yuan) 540 6.17 5.48 0.00 32.49 

WWT (108 tonnes) 540 16.00 13.35 0.21 88.09 

WGT (106 tonnes) 540 14.45 14.29 0.34 90.76 

SWT (106 tonnes) 540 34.10 35.85 0.30 202.35 

E1 (-) 540 0.85 0.15 0.36 1.00 

E2 (-) 540 0.71 0.28 0.06 1.00 

MER (%) 540 0.06 0.04 0.00 0.48 

CER (-) 540 12648.00 16170.00 67.00 96744.00 

PGDP  

(RMB yuan/person) 

540 11026.24 6506.27 2759.00 32893.36 

Table 2 (continued) 

UL (%) 540 47.45 15.87 16.56 94.19 

IS (-) 540 1.15 0.31 0.25 2.01 

FDI (%) 540 2.11 2.96 0.18 27.89 

TI (%) 540 3.22 6.11 0.05 40.37 

GI (%) 540 8.63 3.04 3.92 21.97 
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3 Environmental governance performance and its decomposition 

3.1 Provincial comparison of environmental governance performance  

 

The averages of provincial environmental governance performance and its 

decomposition during the period of 1998–2015 are displayed in Fig. 3. Variables E1, 

E2, and E represent the clean production performance for Process 1, the end-of-pipe 

treatment performance for Process 2, and the system performance for the whole 

production process, respectively. 

The national average of E1 is 0.8480, indicating that most provincial-level regions 

are close to the efficiency frontier for clean production performance. The provincial-

level regions with low clean production performance generally specialize in heavy 

manufacturing sectors, which tend to be plagued by overinvestment and excess 

industrial capacity, such as Shaanxi (E1=0.8039), Hebei (E1=0.7781), and Xinjiang 

(E1=0.7429). 

Compared with E1, E2 is generally lower and shows greater disparity between 

provincial-level regions. For example, the end-of-pipe treatment performance of 

Qinghai reaches 1 in most years, indicating that most pollutants generated from 

industrial production are properly disposed of before discharge. Conversely, the 

average end-of-pipe treatment performance of Tianjin is only 0.3475. There is a 

positive correlation relationship between E1 and E2 5, implying that most provincial-

level regions advocating industrial clean production are also efficient in industrial end-

of-pipe treatment. However, decoupling between E1 and E2 also occurs in a few 

provincial-level regions (such as Tianjin and Fujian), indicating that these regions are 

trading off between developing end-of-pipe treatment and clean production techniques.  

 
5 The correlation coefficient between E1 and E2 is 0.4112 and significant at a 1% level. 
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Fig. 3. Averages of provincial clean production performance for Process 1 (E1), end-of-pipe 

treatment performance for Process 2 (E2), and system efficiency (E) during 1998–2015 

The national average system performance (E) is 0.8467, indicating that 

environmental governance is weakly efficient in most provincial-level regions. Among 

30 provincial-level regions, two categories of regions generally have a higher clean 

production performance. The first category includes the regions with high economic 

productivity, that are managing to foster green growth in their industrial sectors, such 

as Guangdong (E1=0.9624), Fujian (E1=0.9574), and Jiangsu (E1=0.9375). The second 

category mainly consists of the regions that lag in industrial development but make 

every effort in protecting the environment, including Qinghai (E1=0.9962) and Hainan 

(E1=0.9602). On the other hand, a lower performance is observed in some provincial-

level regions in north China. For example, Gansu, Xinjiang, Shaanxi, and Beijing are 

the only four regions with system performance scores below 0.7. This is consistent with 

the fact that severe pollution frequently occurs in northern China, suggesting that these 

four regions need to put forth substantial effort in carrying out industrial restructuring 

toward sustainable green development. 

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

1.1

Guangxi

Guangdong

Gansu

Fujian

Chongqing

 E1

 E2

 E

Guizhou

Hainan

Hebei

Heilongjiang

Henan

Hubei

Hunan

Jiangsu

JiangxiJilinLiaoning
Inner Mongolia

Ningxia

Qinghai

Shaanxi

Shandong

Shanghai

Shanxi

Sichuan

Tianjin

Xinjiang

Yunnan

Zhejiang



21 

 

3.2 Temporal trends of environmental governance performance 

 

We plot the trends of environmental governance performance between 1998 and 

2015 in Fig. 4. Fig. 4 shows that between 1998 and 2015, environmental governance 

performance generally has a decreasing trend, especially during the period of 2001–

2009. It is also worth noting that the change direction of E is similar with that of E2. 

This suggests that the lag in end-of-pipe treatment performance has become a shackle 

in the quest to improve environmental governance performance in China. 

The “Five-Year Plan” (FYP) is a series of social and economic development 

initiatives created every five years, and is commonly viewed as a guide for China’s 

local governments to perform their duties (Kahn et al. 2015; Shao et al. 2020). In 

China’s different FYP periods, measures and policies on pollution reduction varied. 

Hence, we split the historical period 1998–2015 into four sub-periods (i.e., 9th–12th 

FYP periods). We can observe in Fig. 4 that the trends of environmental governance 

performance differ among different sub-periods.  

During the 9th FYP period (1998–2000), China confirmed sustainable development 

as a basic national development strategy and set national quantitative targets for 

environmental protection. As a satisfactory result, E1, E2, and E are relatively higher 

during this period, and E2 increases by 2.79%, contributing to the increase in E. During 

the 10th FYP period (2001–2005), influenced by the Asian financial crisis, the 

industrial sectors of China enter a re-heavy-industrialization stage to further boost 

economic growth. Inefficient government investment during this period leads to the 

problem of overcapacity and environmental pollution, with E1, E2, and E decreasing 

by 0.43%, 17.61%, and 17.97%, respectively. Starting from the 11th FYP period (2006–

2010), central authorities start allocating national SO2 and chemical oxygen demand 

(COD) reduction goals to provincial levels, thus linking environmental governance 

performance to political promotion. This incentive compatible environmental 

regulation provides political incentives for local governments to find a balance between 
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economic and environmental sustainability, leading to a gradual increase in 

environmental governance performance in 2009 and 2010. The upward trend in 

environmental governance performance continues in the 12th FYP period (2011–2015), 

as China’s economy strategically adjusts towards “low but high-quality growth” (a 

slowdown of economic growth to around 7%), and more types of pollutants are 

included in the provincial regulatory scope.  

 
Fig. 4. Trends of clean production performance for Process 1 (E1), end-of-pipe treatment 

performance for Process 2 (E2), and system efficiency (E) 

 

4 Effect of environmental regulations on environmental governance 

performance 

4.1 Effect of environmental regulations on clean production performance 

 

Eqs. (9)–(10) contains the spatial lag terms of the dependent variables, which may 

result in inconsistent estimation with the ordinary least squares (OLS) method. Thus, 

we adopt the maximum likelihood method (MLE) to estimate the model. Table 3 shows 

the parameter estimation results of local terms and spatial lag terms for clean production 
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performance. In Table 3, Models (1)–(3) are the spatial fixed effects (FE) estimation 

results using SDM, while Models (4)–(6) are the estimation results using SDEM. 

Although we employ different specifications, the estimation results of all models are 

consistent. The spatially lagged coefficients of some independent variable are 

significant in all models, confirming the rationality of using the spatial econometric 

model for the empirical analysis. The Wald test results for spatial terms are all 

significant at the 1%, further validating the rationality of using spatial econometric 

models (LeSage 2008).  

Table 3 shows the regression results of the effect of environmental regulations on 

clean production performance. Since the SDEM considers the spatial correlation in 

error terms and thus reduces the endogeneity concerns in spatial lagged terms, we take 

Model (6) of Table 3 as an example to interpret the results. 

The estimation results in Model (6) of Table 3 show that the coefficient of MER is 

0.449 and significant at 10% level, revealing that the increase of sewage charge 

proportion contributes positively to clean production performance. This is because 

market-based environmental regulations create market incentives for enterprises to 

reduce their pollutant emissions through clean production techniques. The charge of 

pollution fees can cover almost any enterprises that produce pollution and directly 

affects the operating cost of enterprises, thus promotes the internalization of 

environmental externalities. In other words, under market-based environmental 

regulations, industrial enterprises are more willing to conduct long-term plans for 

developing clean production techniques to promote clean production performance. 

On the other hand, the estimation results in Model (6) of Table 3 show that the 

regression coefficient of ln(CER) is negative and significant at the 5% level, indicating 

that command-and-control environmental regulations inhibit the innovation of clean 

production technique. Under command-and-control environmental regulations, 

industrial enterprises focus more on how to meet the current pollutant emission 

standards, and thus they prefer to make short-term environmental performance 

improvement plans, such as investing in pollution treatment techniques instead of 

engaging in the innovation of environmental technique. These results indicate that the 
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market-based environmental regulations in China conform to the Porter hypothesis 

(Porter and Van der Linde 1995). Regarding the control variables, in Model (6) of Table 

3, the coefficient of ln(PGDP)^2 is significantly positive at the 10% level. This provides 

some evidence for the EKC hypothesis: a U-shaped curve relationship may exist 

between income level and eco-efficiency (Wang et al. 2020). The coefficient of UL is 

significantly positive, which validates an urbanization process improves economic 

productivity. The negative and significant coefficient of IS indicates that heavy 

industrialization causes resource misallocation, resulting in a loss of clean productivity. 

The estimation results for spatial terms in Model (6) of Table 3 show that the 

coefficient of W*MER is insignificant, indicating that market-based environmental 

regulations do not cause a “pollution leakage” effect to other regions. On the contrary, 

the coefficient of W*ln(CER) in Model (6) is significantly positive. This is because the 

implementation of command-and-control environmental regulations is more frequently 

used for local government officials. For example, the national pollutant emission 

control plan posted during the 11th Five-Year Plan period states that the main emission 

control approach is to promote the construction and operation supervision for coal-fired 

power plants and urban sewage treatment facilities. Therefore, stringent command-and-

control environmental policies in neighboring provinces generate a more intensive 

“promotion tournament” among local government officials, and thus have a “race-to-

the-top” effect, propelling local governments to allocate more resources toward 

efficient production (Zhang et al. 2007). 
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Table 3 

Baseline regression results of the effect of environmental regulations on clean production 

performance. 

 
Model (1) 

ln(E1) 
SDM 

Model (2) 
ln(E1) 
SDM 

Model (3) 
ln(E1) 
SDM 

Model (4) 
ln(E1) 
SDEM 

Model (5) 
ln(E1) 
SDEM 

Model (6) 
ln(E1) 
SDEM 

MER 
0.488**  0.446* 0.495**  0.449* 
(0.238)  (0.236) (0.237)  (0.235) 

ln(CER) 
 -0.037*** -0.035**  -0.035** -0.033** 
 (0.014) (0.014)  (0.014) (0.014) 

ln(PGDP) 
-1.870*** -1.021 -0.990 -1.920*** -1.088 -1.050 

(0.704) (0.758) (0.758) (0.695) (0.751) (0.751) 

ln(PGDP)^2 
0.116*** 0.068* 0.067 0.118*** 0.072* 0.070* 
(0.038) (0.041) (0.041) (0.038) (0.041) (0.041) 

UL 
0.007*** 0.007*** 0.007*** 0.007*** 0.007*** 0.007*** 
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

IS 
-0.006*** -0.004* -0.005** -0.006** -0.004* -0.005** 

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

FDI 
0.003 0.004 0.003 0.003 0.004 0.003 

(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) 

TI 
0.002 0.003 0.003 0.002 0.003 0.003 

(0.003) (0.003) (0.003) (0.002) (0.002) (0.002) 

GI 
0.007 0.014** 0.012* 0.007 0.013** 0.011* 

(0.006) (0.006) (0.006) (0.006) (0.006) (0.006) 

W*MER 
-0.049  0.027 -0.004  0.014 
(0.785)  (0.780) (0.940)  (0.913) 

W*ln(CER) 
 0.102** 0.101**  0.107* 0.105* 
 (0.050) (0.050)  (0.056) (0.056) 

W*ln(PGDP) 
3.737 1.192 1.633 5.057 2.150 2.670 

(3.830) (3.873) (3.865) (4.134) (4.136) (4.145) 

W*ln(PGDP)̂ 2 
-0.224 -0.085 -0.108 -0.302 -0.143 -0.171 
(0.205) (0.207) (0.207) (0.221) (0.221) (0.222) 

W*UL 
-0.000 -0.004 -0.005 0.004 -0.000 -0.001 
(0.006) (0.007) (0.007) (0.008) (0.009) (0.009) 

W*IS 
-0.014* -0.014* -0.015* -0.015* -0.015* -0.015* 
(0.008) (0.008) (0.008) (0.009) (0.008) (0.009) 

W*FDI 
0.012 0.026 0.025 0.030 0.041 0.039 

(0.028) (0.029) (0.029) (0.032) (0.033) (0.033) 

W*TI 
-0.002 -0.001 -0.001 -0.003 -0.002 -0.001 
(0.003) (0.003) (0.003) (0.003) (0.004) (0.004) 

W*GI 
-0.020 -0.028 -0.021 -0.016 -0.027 -0.020 
(0.023) (0.023) (0.023) (0.027) (0.026) (0.027) 

ρ 
0.083 0.069 0.078    

(0.124) (0.124) (0.124)    

λ 
   0.240* 0.211 0.216 
   (0.139) (0.140) (0.140) 

Province FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Wald test 
(spatial terms) 

96.92*** 98.20*** 97.56*** 77.34*** 80.29*** 78.38*** 

Loglikelihood 305.51 308.20 310.02 306.65 309.09 310.92 

N 540 540 540 540 540 540 

Notes: Standard errors of coefficients are reported in parentheses; *, **, and *** indicate that 

the coefficients are statistically significant at 10%, 5%, and 1% levels, respectively. 

Regarding the control variables, the significantly negative coefficient of W*IS in 

Model (6) of Table 3 reveals that the industrial structure of neighboring regions has a 



26 

significantly negative impact on the local clean production performance. The industrial 

transition toward tertiary industry in neighboring regions (i.e., a decrease in W*IS) can 

exert a demonstration effect on the local industrial structure, which incentivizes a 

service-based local economy and improves the local clean production performance.  

 

4.2 Effect of environmental regulations on end-of-pipe treatment performance 

 

Regarding the effect of environmental regulations on end-of-pipe treatment 

performance, similar with the above analysis, we estimate the spatial FE model based 

on Eqs. (10)–(11). The results are shown in Table 4. All models in Table 4 reveal that 

ln(CER) has a significant positive effect for end-of-pipe treatment performance, while 

MER has an insignificant effect on end-of-pipe treatment performance. Aligned with 

above, we take Model (6) of Table 4 as an example to interpret the results. 

Model (6) of Table 4 reveals that market-based environmental regulations have no 

significant effect on end-of-pipe treatment performance, while command-and-control 

regulations have a significant positive effect on end-of-pipe environmental governance. 

Under command-and-control environmental regulations, industrial enterprises focus 

more on how to meet the current pollutant emission standards, which is more easily 

achieved through pollution treatment equipment. Under market-based environmental 

regulations, however, enterprises are more motivated to invest in green innovation 

instead of pollution treatment facilities. 

Regarding the control variables, the coefficient of UL on end-of-pipe treatment 

performance is significantly positive at a 1% level, indicating that urbanization leads to 

improved environmental awareness and environmental governance. Variable IS has a 

significant negative effect on end-of-pipe treatment performance, indicating that 

reliance on secondary industry decreases the incentive for pollution treatment. The 

coefficient of FDI is significantly positive, revealing that FDI tends to improve end-of-

pipe treatment performance by creating positive externalities through technology 

transfer. The coefficient of GI is significantly negative, indicating that government 

intervention concentrates more on spurring economic development, while the 
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improvement of end-of-pipe pollution treatment efficiency is largely neglected.  

Table 4 

Baseline regression results of the effect of environmental regulations on end-of-pipe treatment 

performance. 

 
Model (1) 

ln(E2) 
SDM 

Model (2) 
ln(E2) 
SDM 

Model (3) 
ln(E2) 
SDM 

Model (4) 
ln(E2) 
SDEM 

Model (5) 
ln(E2) 
SDEM 

Model (6) 
ln(E2) 
SDEM 

MER 
0.340  0.409 0.136  0.189 

(0.634)  (0.634) (0.644)  (0.644) 

ln(CER) 
 0.062* 0.064*  0.074** 0.075** 
 (0.037) (0.037)  (0.037) (0.037) 

ln(PGDP) 
2.028 0.963 0.913 2.440 1.484 1.451 

(1.869) (2.021) (2.024) (1.892) (2.031) (2.032) 

ln(PGDP)^2 
-0.060 -0.005 -0.002 -0.086 -0.037 -0.035 

(0.101) (0.110) (0.110) (0.103) (0.110) (0.110) 

UL 
0.026*** 0.025*** 0.025*** 0.026*** 0.025*** 0.025*** 
(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) 

IS 
-0.012** -0.012** -0.013** -0.012** -0.011* -0.011* 
(0.006) (0.006) (0.006) (0.006) (0.006) (0.006) 

FDI 
0.039*** 0.039*** 0.039*** 0.041*** 0.041*** 0.040*** 

(0.009) (0.009) (0.009) (0.009) (0.009) (0.009) 

TI 
-0.001 -0.001 -0.001 -0.002 -0.001 -0.001 
(0.007) (0.007) (0.007) (0.006) (0.007) (0.007) 

GI 
-0.036** -0.039** -0.042** -0.031* -0.034** -0.037** 
(0.016) (0.016) (0.017) (0.016) (0.016) (0.017) 

W*MER 
-1.366  -1.312 -2.239  -2.197 
(2.092)  (2.088) (3.403)  (3.465) 

W*ln(CER) 
 0.028 0.022  0.178 0.174 
 (0.133) (0.133)  (0.209) (0.208) 

W*ln(PGDP) 
-13.621 -12.466 -12.110 -8.027 -7.606 -8.473 
(10.290) (10.436) (10.444) (11.994) (12.242) (12.357) 

W*ln(PGDP)^2 
0.602 0.535 0.514 0.227 0.185 0.229 

(0.550) (0.558) (0.559) (0.635) (0.647) (0.653) 

W*UL 
0.004 -0.001 -0.002 0.038 0.033 0.031 

(0.017) (0.019) (0.019) (0.026) (0.027) (0.027) 

W*IS 
0.035* 0.035* 0.039* 0.046 0.047 0.054 
(0.020) (0.019) (0.021) (0.033) (0.032) (0.034) 

W*FDI 
0.074 0.102 0.095 0.156* 0.191** 0.186** 

(0.073) (0.078) (0.079) (0.088) (0.090) (0.090) 

W*TI 
-0.004 -0.002 -0.002 -0.004 0.006 0.005 
(0.009) (0.009) (0.009) (0.011) (0.014) (0.014) 

W*GI 
0.094 0.117* 0.115* 0.081 0.107 0.105 

(0.060) (0.060) (0.062) (0.096) (0.098) (0.099) 

ρ 
0.473*** 0.475*** 0.474***    
(0.087) (0.087) (0.087)    

λ 
   0.551*** 0.578*** 0.572*** 
   (0.082) (0.084) (0.084) 

Province FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Wald test (spatial 
terms) 

112.33*** 115.55*** 116.18*** 90.03*** 97.37*** 95.68*** 

Log likelihood -199.45 -198.22 -197.86 -196.56 -194.51 -194.22 

N 540 540 540 540 540 540 

Notes: Standard errors of coefficients are reported in parentheses; *, **, and *** indicate that 

the coefficients are statistically significant at 10%, 5%, and 1% levels, respectively. 

In Model (6) of Table 4, the spatial terms of MER and ln(CER) are insignificant, 
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indicating the environmental regulations of neighboring provinces do not have an effect 

on local pollution treatment performance. The coefficient of W*FDI is significantly 

positive in Model (6), indicating that FDI flows in other regions have a spillover effect 

on the local economy, stimulating the development of end-of-pipe treatment techniques. 

 

4.3 Robustness check  

 

We now turn to conduct robustness tests to examine whether the regulation effect on 

heterogeneous performance still holds if we (i) use a different spatial econometric 

model specification, i.e., SLX and (ii) construct the inverse distance matrix W’ using 

geo-centroid distance between provinces (see Table 5). We find that the signs and 

significances of most regression coefficients are consistent with the corresponding 

results in Tables 3 and 4, indicating that our results are robust. The robustness check 

results using the SLX are presented in Model (1) and Model (5), while the results based 

on the inverse distance matrix W’ are shown in Models (2)–(4) and (6) –(8).  
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Table 5 

Robustness check results for clean production performance and end-of-pipe treatment 

performance. 

 Model (1) Model (2) Model (3) Model (4) Model (5) Model (6) Model (7) Model (8) 

 
W 

ln(E1) 
SLX 

W’ 
ln(E1) 
SLX 

W’ 
ln(E1) 
SDM 

W’ 
ln(E1) 
SDEM 

W 
ln(E2) 
SLX 

W’ 
ln(E2) 
SLX 

W’ 
ln(E2) 
SDM 

W’ 
ln(E2) 
SDEM 

MER 
0.438* 0.451* 0.480** 0.466** 0.350 0.186 0.327 0.104 
(0.236) (0.236) (0.234) (0.233) (0.654) (0.650) (0.637) (0.640) 

ln(CER) 
-0.035** -0.024* -0.025* -0.023 0.064* 0.088** 0.084** 0.097** 

(0.014) (0.014) (0.014) (0.014) (0.038) (0.040) (0.039) (0.039) 

ln(PGDP) 
-0.897 -0.972 -1.224* -1.115 2.669 3.055 2.354 3.042 
(0.744) (0.714) (0.715) (0.704) (2.061) (1.969) (1.935) (1.902) 

ln(PGDP)^2 
0.062 0.066* 0.079** 0.072* -0.096 -0.125 -0.087 -0.129 

(0.040) (0.039) (0.039) (0.038) (0.112) (0.107) (0.105) (0.103) 

UL 
0.007*** 0.005*** 0.005*** 0.005*** 0.027*** 0.016*** 0.017*** 0.014*** 

(0.002) (0.002) (0.002) (0.002) (0.005) (0.005) (0.005) (0.005) 

IS 
-0.005** -0.004* -0.004* -0.004* -0.012** -0.011* -0.010* -0.008 
(0.002) (0.002) (0.002) (0.002) (0.006) (0.006) (0.006) (0.006) 

FDI 
0.003 -0.001 -0.000 -0.000 0.038*** 0.023** 0.026*** 0.025** 

(0.003) (0.004) (0.004) (0.004) (0.009) (0.010) (0.010) (0.010) 

TI 
0.003 0.001 0.002 0.002 -0.002 0.000 0.003 0.001 

(0.003) (0.003) (0.003) (0.002) (0.007) (0.007) (0.007) (0.007) 

GI 
0.012* 0.012* 0.012* 0.010 -0.039** -0.030* -0.035** -0.027 
(0.006) (0.006) (0.006) (0.006) (0.017) (0.018) (0.018) (0.018) 

W*MER 
0.068 -1.085 -1.197 -1.970 -1.651 -3.627 -3.175 -7.627* 

(0.777) (0.822) (0.817) (1.220) (2.154) (2.268) (2.223) (4.088) 

W*ln(CER) 
0.103** 0.086* 0.082* 0.098 0.016 0.036 0.048 0.215 
(0.049) (0.049) (0.049) (0.061) (0.137) (0.135) (0.132) (0.199) 

W*ln(PGDP) 
1.527 10.348*** 9.383*** 10.379*** -18.570* 18.917** 16.198* 18.332* 

(3.864) (3.312) (3.309) (3.694) (10.704) (9.138) (8.971) (10.837) 

W*ln(PGDP)^2 
-0.102 -0.568*** -0.521*** -0.585*** 0.857 -1.099** -0.956** -1.164** 
(0.207) (0.179) (0.179) (0.199) (0.573) (0.494) (0.485) (0.578) 

W*UL 
-0.006 -0.018*** -0.016** -0.014* -0.013 -0.082*** -0.072*** -0.092*** 

(0.007) (0.007) (0.007) (0.008) (0.020) (0.019) (0.019) (0.024) 

W*IS 
-0.017** -0.022*** -0.014* -0.015 0.029 -0.008 0.006 0.045 
(0.008) (0.008) (0.008) (0.011) (0.021) (0.021) (0.021) (0.037) 

W*FDI 
0.022 -0.032 -0.020 -0.003 0.073 0.201** 0.167** 0.138 

(0.029) (0.031) (0.031) (0.037) (0.081) (0.085) (0.084) (0.101) 

W*TI 
-0.001 0.003 0.001 0.001 -0.001 0.007 0.004 0.006 

(0.003) (0.004) (0.004) (0.004) (0.009) (0.010) (0.009) (0.013) 

W*GI 
-0.023 -0.030 -0.020 -0.013 0.124* 0.099 0.115* 0.238** 
(0.023) (0.022) (0.022) (0.030) (0.064) (0.060) (0.059) (0.101) 

ρ 
  0.285**  0.474***  0.384***  
  (0.111)  (0.087)  (0.088)  

λ 
   0.355***    0.523*** 

   (0.120)    (0.095) 
Province FE Yes Yes Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes Yes Yes 
N 540 540 540 540 540 540 540 540 

Notes: Standard errors of coefficients are reported in parentheses; *, **, and *** indicate that 

the coefficients are statistically significant at 10%, 5%, and 1% levels, respectively. 
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5 Concluding remarks 

 

The intensifying contradiction between industrialization and environmental 

protection has attracted considerable research attention in China, and many scholars 

have examined the pollution-reduction effects of various environmental regulations. 

However, existing studies mainly focus on the total performance gains of 

environmental regulations instead of considering which kinds of performance gains are 

generated. Based on the environmental governance status in China and the innovation 

classification of OECD and Eurostat (OECD-Eurostat 2014), we propose two forms of 

environmental governance performance improvements. Of these two, clean production 

performance improvement is superior from both environmental and economic 

perspectives. Applying provincial panel data from China during 1998–2015, we 

evaluate clean production performance and end-of-pipe treatment performance using a 

relational two-stage network DEA model considering undesirable outputs, extra first 

stage outputs, and external second stage inputs. Subsequently, we apply spatial 

econometric models and examine the local and spatial spillover effects of 

environmental regulations on both clean production performance and end-of-pipe 

treatment performance in China. This is the first study to undertake this approach.  

Our results show that a decrease in environmental governance performance is 

observed during 1998–2015. However, an increase in environmental governance 

performance is observed from the 11th FYP period when China’s structural adjustment 

towards inclusive green growth was implemented. On the one hand, clean production 

performance is higher than end-of-pipe treatment performance, and the interprovince 

gap in clean production performance is generally smaller, indicating that most 

provinces are approaching the clean production efficiency frontier. On the other hand, 

end-of-pipe treatment performance is generally lower and decreases substantially 

during the sample period. The common declining trends of end-of-pipe treatment 

performance and industrial governance performance further reveal that lags in end-of-

pipe treatment performance have become a shackle in the quest to improve 
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environmental governance performance in China.  

The spatial econometrics results show that market-based environmental regulations 

are conducive to the development of the local region’s clean production performance. 

Market-oriented instruments are expected to generate significant compliance cost for 

the enterprises, thus can incentivize enterprises’ long-term innovation toward cleaner 

production. On the other hand, command-and-control environmental regulations are 

only conducive to the improvement of the local region’s end-of-pipe treatment 

performance. Regarding the spatial spillover effects, a region setting stringent 

command-and-control instruments acts as a role model for other regions, generating a 

so-called “race-to-the-top” effect. 

Our results provide a new perspective on why market-based environmental 

regulations are superior to command-and-control ones. Based on our conclusions, we 

raise the following two policy implications for enhancing China’s environmental 

governance. First, clean production performance improvement can generate substantial 

environmental and economic benefits in the long run, and thus should be integrated 

more into the policy mix of governmental decision markers. More market-based 

incentives should be provided to motivate clean production innovations, including 

increasing the collection standards of sewage charges, designing fiscal stimulus 

packaging on green technology, and supporting uptake of efficient devices.  

Second, since improving end-of-pipe treatment performance relies more on status 

quo technologies, and may be a low-hanging fruit achievable by relatively less efforts. 

More command-and-control measures can be taken, to strengthen the standards of end-

of-pipe treatment technology and promote end-of-pipe treatment technology spillover 

in less-developed regions. To further improve end-of-pipe treatment performance, it 

would also be beneficial to establish eco-industrial parks, where central pollutant 

treatment plants could be constructed and generated pollutants could be treated more 

efficiently.  
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Appendix 

 

 

Fig. 1A. System efficiency v.s. adjusted system efficiency 

Note: ε=10-6 in the system efficiency calculation; all the inputs and outputs are rescaled to the 

range of 1 to 100, and ε=10-7 in the adjusted system efficiency calculation.  

 

Fig. 1B. System efficiency v.s. adjusted system efficiency 

Note: ε=10-6 in the system efficiency calculation; all the inputs and outputs are rescaled to the 

range of 1 to 100, and ε=10-6 in the adjusted system efficiency calculation.  


