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ABSTRACT 

This thesis aims to offer new insights into the understanding of productivity performance, 

environmental efficiency and economic growth in China. It consists of four related studies. 

The first study examines the role of regional and zonal factors in the convergence of labour 

productivity in China. The findings suggest that there was an overall upward trend in 

regional inequality in the agricultural, industrial and service sectors throughout the period of 

the study. The second study contributes to the existing literature by examining total factor 

productivity (TFP) growth and its determinants in China's three economic sectors at the 

provincial level. The results show that technical change is the major contributor to China’s 

overall TFP growth. The third study investigates environmental efficiency and its 

distribution dynamics in Chinese cities. It reveals that the average environmental efficiency 

in Chinese cities is well below the production frontier. The spatial dynamic distribution 

analysis indicates that the environmental efficiency of Chinese cities has the tendency 

towards convergence. The fourth study focuses on urban growth. It examines how China’s 

urban economic growth affects the growth of the national economy. Using a spatial 

equilibrium model, the study estimates the contribution of each of the prefectural and 

above-level cities to national GDP growth. The results show that the contribution of an 

individual city to aggregate growth is not represented clearly by the growth of the city’s 

GDP, which is measured through the standard accounting calculation. It is also shown that 

the large dispersion of real wage per capita across Chinese cities would lower GDP growth 

and that this loss may be a result of the tightening of housing supply in high productivity 

cities. Overall, the findings in this thesis not only enhance our understanding of productivity 

performance, environmental efficiency and economic growth in China but also provide 

some useful policy implications for policy makers.  
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Chapter One  

Introduction 

 

Following the initiation of economic reform in 1978, China’s gross domestic product (GDP) 

increased from 149.54 billion US dollars in 1978 to 11.01 trillion US dollars in 2015, whilst 

GDP per capita increased from 156.40 US dollars to 8,027.68 US dollars in that period 

(World Bank 2017). During the same period, GDP grew at an annual rate of 9.66 per cent, 

whereas the annual growth rate of GDP per capita was 8.61 per cent (Figure 1.1). Though 

this growth has slowed down since 2007, its rate was still 6.7 per cent in 2016 (World Bank 

2017).        

The dramatic take-off of the Chinese economy in the past four decades has had a significant 

impact on the world in general; Chinese people in particular. In recent decades, China’s 

economic growth has been driven by several crucial factors, for examples, the development 

of the non-farming sector, the massive inflow of foreign capital, industry structural 

transformation, total factor productivity (TFP) growth, and the promotion of international 

trade (Wu 2004). However, this growth is associated with deteriorating environmental 

conditions across the country. From 1978 to 2015, China’s CO2 emission level increased by 

6.45 times and reached 9.15 billion tons, which accounted for 27.3 per cent of the world’s 

total emissions in 2015 (BP 2016).  

This chapter is organised as follows. Section 1.1 displays some background information 

related to the empirical studies. Section 1.2 illustrates the objectives and contributions of 

this thesis. Section 1.3 discusses the outline of each chapter.    
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Table 1.1 TFP Studies 

Estimated by Time period TFP 

Growth 

(%) 

Borensztein and Ostry (1996) 

Hu and Khan (1997) 

World Bank (1997) 

Maddison (1998) 

Woo (1998) 

Fan et al. (1999) 

Chow and Li (2002) 

Bosworth and Collins (2003) 

 

Swamy (2003) 

Wang and Yao (2003) 

Ren and Sun (2007) 

Perkins and Rawski (2008) 

1979-1994 

1979-1994 

1978-1995 

1978-1995 

1979-1994 

1978-1995 

1978-1998 

1980-1990 

1990-2000 

1980-1997 

1978-1999 

1981-2000 

1978-2005 

3.80 

3.90 

4.30 

2.30 

1.10 

4.20 

3.00 

4.50 

5.00 

4.50 

  2.98 

3.20 

3.80 

Source: Author’s own compilations 

An important reason for the wide range of estimates in the literature is the differences in 

defining TFP growth. For example, Wang and Yao (2003) considered the impact of human 

capital on TFP growth. In contrast, Borensztein and Ostry (1996), and Hu and Khan (1997) 

calculated the production function for the Chinese economy without the human capital input. 

China’s remarkable growth and productivity growth has been associated with a high level of 

energy and resource inputs. Measured inputs in an economy increase when resources are 

employed for pollution abatement activities.  Thus, traditional measures of TFP as the ratio 

of outputs over inputs are likely to be lower. This bias implies that environmental protection 

efforts and productivity performance are negatively correlated (Repetto et al. 1997).  

Economists have recognized that failure to account for non-market activities may lead to 

biases in the measurement of efficiency (Wang and Wu 2013). Pittman (1983) first 
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Since China experienced food crises before 1978, the economic reform started in the 

agricultural sector. The government increased the price of agricultural products and then 

shifted the “collective farming systems” to the “household responsibility system”. Thus, 

between 1978 and 1984, TFP in the agricultural sector grew at 5.62 per cent per year (Zhu 

2012). Productivity growth in the agricultural sector boosted China’s agricultural output by 

47 per cent during this period. The increase in food supply resulted in the large amount of 

labour reallocated from agriculture to industry. The labour was reallocated to the rural 

industrial enterprises set up by township and village level governments, called “township 

and village enterprises” (TVEs) (Zhu 2012). 

Did productivity growth in agriculture contribute to overall economic growth in China? To 

answer this question, scholars such as Schultz (1953), Johnston and Mellor (1961), 

Jorgenson (1961), and Yang and Zhu (2013) argued that agriculture’s productivity growth 

not only directly contributes to China’s aggregate productivity growth, but also indirectly 

contributes through structural transformation.  

Since the early 1980s, the Chinese government has implemented reforms in non-agricultural 

sectors. These include: the dual track price system, the fiscal contracting system, and the 

managerial responsibility system. Enterprise reforms encouraged market competition and 

led to the production inputs allocation efficiency. These reforms positively affect the 

productivity growth (Zhu 2012). Li (1997) used a panel data set of 287 state-owned 

industrial firms and estimated that their TFP grew, on average, by 4.68 per cent per year 

between 1980 and 1989  

Between 1988 and 1998, the Chinese central government made the commitment to support 

employment in the SOEs and the government usually asked the state-owned banks to bail 

out loss-making of SOEs (Zhu 2012). However, without hard budget constraints and market 
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discipline, the SOEs continued to perform worse than the non-state firms. In 1995, the 

Chinese government reduced its commitment to stable employment in the SOEs. This has 

resulted in the bankruptcy or privatization of many small SOEs.  

The ownership reforms of the SOEs and the development of private enterprises occurred 

after the 15th Congress of the Chinese Communist Party was held in 1997. Between 1998 

and 2015, the share of total urban employment in domestic private enterprises and foreign-

funded firms increased from 8 to 74 per cent (National Bureau of Statistics of China 2016). 

The movement of labour from rural to urban areas has played an important role in the 

urbanization process. Until the early 1990s, labour mobility between regions and between 

urban and rural areas was relatively small. Today, however, this type of mobility takes place 

on a massive scale. Since industrialization and urbanization promote and reinforce each 

other, China’s cities are currently experiencing rapid growth (Lu et al. 2013).  

Figure 1.3 shows the changes in urbanization and industrialization levels since the 

beginning of the reforms. Here, the industrialization level is measured by using the 

proportion of GDP made up by secondary industry, and the level of urbanization is indicated 

by the proportion of the total population in urban areas. The level of industrialization is 

much higher than urbanization from 1978 to 2011, indicating that the urbanization process 

was lagging behind the industrialization process. As shown, the gap between 

industrialization and urbanization has decreased over time, and the level of urbanization has 

been higher than industrialization since 2012. China’s urbanization has been more 

complicated than its industrialization due to the household registration system (hukou). The 

limitation of hukou system is that it restricts migration from rural to urban areas, and most 

migrants cannot become regular residents of cities, but this has been relaxed over time.      
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1.2. Objectives and Contributions 

The main objective of this thesis is to provide new evidence on productivity performance, 

environmental efficiency, and economic growth in China. Firstly, it aims to provide an 

overview of the patterns and trends of regional labour productivity and TFP growth. 

Secondly, it estimates the environmental efficiency, and assesses the possibility of 

convergence in 286 Chinese cities at the prefecture and above-prefecture levels. Thirdly, it 

examines the determinants of national growth, thereby obtaining pragmatic policy 

implications.   

The thesis makes several contributions to the existing literature. In general, it extends our 

understanding of China’s growth and environmental issues. Especially:  

• This thesis examines the evolution of regional labor productivity inequality amongst 

the three economic sectors in China between 1999 and 2015. In order to distinguish 

the role of internal and external factors, shift share analysis is used to decompose 

regional labor productivity inequality into three components, namely, structural, 

regional and resource allocative components. 

• This thesis also contributes to the existing literature by examining TFP growth and 

its determinants in China's three economic sectors at the provincial level. The 

empirical application covers the period from 1991 to 2010. 

• This thesis investigates environmental efficiency and its distribution dynamics in 

Chinese cities. The analyses employed the meta-frontier data envelopment analysis 

and the continuous dynamic distribution approach together with panel data from 286 

Chinese cities at the prefecture and above-prefecture levels. 

• This thesis uses a spatial equilibrium model which estimates the contribution of each 

Chinese city to national GDP growth. It then provides a normative analysis of 
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potential growth. 

 

1.3. Outlines of the Chapters 

There are six chapters in this thesis, which can be divided into descriptive and empirical 

sections. The descriptive section provides the background and conceptual issues of regional 

growth, productivity performance, and environmental efficiency in China (Chapter One). 

Background information on productivity performance, environmental efficiency and 

economic growth in China is provided in Chapter One. It provides a review of some 

conceptual issues and a literature review. It also describes the objectives and contributions; 

this is then followed by a summary of the outline of each chapter. 

Empirical findings are presented in Chapters Two to Five. Chapter Two focuses on 

measurement of the labour productivity disparity in each province across three economic 

sectors. Chapter Three focuses on the measurement of TFP in China using Data 

Envelopment Analysis (DEA). Chapters Two and Three not only cover the provincial study, 

but also include studies at other spatial levels, namely, the economic zones. The imbalances 

in economic prosperity amongst Chinese regions since the economic reforms have attracted 

significant scholarly interest. Several studies show that the main reason for regional 

inequality in China is the difference in productivity. Chapter Two is the starting point for 

empirical studies in this thesis. It aims to examine the roles played by regional and zonal 

factors in the labour productivity convergence in China. To achieve this aim, a shift-share 

analysis is applied. Chapter Two contributes to the literature on regional labour productivity 

inequality by using sector level data.   

China has achieved impressive economic growth since the late 1970s when the economic 

reform program was implemented. Chapter Three examines the question about whether 



10 

 

China’s high growth is sustainable after three decades of remarkable growth. To answer this 

question, this chapter contributes to the existing literature by examining TFP growth and its 

determinants in China's three economic sectors at the provincial level. The empirical 

application covers the period from 1991 to 2010.  

Chapter Four seeks to understand the prospects of environmental efficiency in China. Over 

the past four decades, China has experienced remarkable economic growth. This growth, 

however, is associated with deteriorating environmental conditions in the country. In the 

literature, there exists a large body of studies measuring environmental pollutants. One 

method is to measure pollutants as input factors and another method is to measure 

environmental pollutants as outputs with negative values. Chapter Four investigates 

environmental efficiency and its distribution dynamics in Chinese cities by using city- level 

data. This is probably the first paper in the literature that is based on a long-time span.      

Chapter Five examines how the growth of cities determines the growth of the nation. 

Analyses for both Chapters Four and Five are performed on 286 Chinese cities at the 

prefecture and above-prefecture levels. Vast differences in economic activity between 

countries are already commonly discussed. However, difference in cities and regions within 

countries are equally important. Although there are some studies of cities and regions, not 

many researchers have paid attention to how the economic activity across cities or regions 

affects national aggregate growth. Large body urban studies examined local forces that 

explain differences in wages, amenities, and economic activity across cities in a country. 

However, these studies paid little attention to how local forces aggregated to affect the 

aggregate growth of a country. Chapter Five examines how growth of cities explains the 

growth of China. Significantly, this is the first time to use a spatial equilibrium model. Data 

of 286 Chinese cities at the prefecture and above-prefecture levels from 2002 to 2013 are 

employed to compute the contribution of each Chinese city to aggregate GDP growth. This 
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study contributes to the literature on how city wage dispersion may detrimentally affect the 

local and national growth. It also explains the wage dispersion according to housing supply 

and amenities. The thesis concludes in Chapter Six with a summary of the empirical 

findings from all the chapters, followed by some policy recommendations.     
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Chapter Two 

Labour Productivity Disparity at the Sector Level 

 

2.1. Introduction 

China has experienced strong economic growth since 1978. In 2016, China’s GDP was 6.86 

trillion Yuan, approximately 187 times as large as it was in 1978. Over the past 38 years, 

China’s average annual GDP growth rate was 9.66 per cent. Over the same period, per 

capita GDP grew at an average annual rate of more than 8.61 per cent and reached 8,027 

current US dollars in 2015 (World Bank 2017). This growth has substantially boosted 

China’s economic power, making it to become the world’s second largest economy and the 

world’s largest merchandise exporter since 2010. However, there has been an imbalance in 

development across regions. By 2000, China had one of the worst levels of income 

inequality in the world (Yang 2002). In 2015, per capita GDP of Shanghai, the most 

developed city in the coastal region of China, reached 104,028 Yuan, which was 

approximately 3.5 times greater than in Guizhou in China’s west (China Statistical 

Yearbook 2016). Some studies note that factors related to productivity have been 

responsible for this regional imbalance (Xing and Qin 2011). Significant differences in 

labour productivity across industry sectors could explain for regional inequality in aggregate 

productivity. Thus, examining labour productivity is crucial to understanding inequality 

across China’s regions.  

The economic reforms in 1978 which involved opening China’s markets to the world 

generated change across all three economic sectors. Accordingly, the share of value-added 

outputs as a percentage of GDP for each sector has changed dramatically.  Figure 2.1 shows 
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productivity of industrial China increased dramatically, growing from 251 Yuan per worker 

in 1978 to 12,363 Yuan per worker in 2015. In other words, it multiplied by a factor of 49 

over 38 years, which corresponds to an annual average growth rate of 13 per cent. From 

1978 to 2015, the labour productivity growth was only weak for four years (-4.85 per cent in 

the service sector in 1979; -0.91 per cent in the industrial sector in 1981; -8.35 per cent in 

the industrial sector in 1990 and -8.61 per cent in the services sector in 1990; and -1.97 per 

cent in the agricultural sector in 1999).  

The goals of this chapter are twofold. Firstly, it examines regional labour productivity in the 

agricultural, industrial, and service sectors over the period 1999–2015. Then, it decomposes 

the labour productivity gap into three components: structural, regional and resource 

allocative. This makes it possible to illustrate the labour productivity gap between regions 

and the zonal average, as well as between the zonal (coastal, central and western) and 

national average. The first section of this chapter provides background information on the 

sectoral GDP change as well as employment and labour productivity performance across the 

agriculture, industrial and service sectors. This is followed by a literature review in Section 

2.2. Section 2.3 discusses the methodology and data, while Section 2.4 displays the 

empirical results and Section 2.5 concludes. 
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labour productivity and TFP diverged between 1985 and 1992, but later converged between 

1992 and 2000. Additionally, Xin and Qin (2011) found that between 1987 and 2005, TFP 

growth and technical change contributed the most to agricultural growth in China’s eastern, 

central and western regions. Furthermore, Zhou and Zhang (2013) found that TFP growth 

explained 55.2 per cent of agricultural output growth between 1985 and 2010. Among 

various inputs, fertilizer usage played the most important role in contributing to agricultural 

output growth. However, considering inequality, one related aspect is the issue of labour 

productivity gaps. Wu (1995) showed that over the period between 1985 and 1991, the gap 

in productivity between the coastal regions and the other two regions (central and western) 

was larger in the agricultural sector than it was in the rural industrial sector. Applying the 

data envelopment analysis (DEA) method, Xin and Qin (2011) found similar results. 

Since the 1990s, productivity growth in the Chinese manufacturing sector has accelerated 

dramatically. Wang and Szirmai (2008) examined three types of structural change affecting 

Chinese manufacturing productivity between 1980 and 2002, and proposed that the 

difference was due to changes in output share across the economic sectors. They found that 

changes in sectoral structure accounted for 24 per cent of the overall manufacturing 

productivity growth, and it was contributed the most to that growth, whereas the changes in 

the regional economic structure contributed the least. Some scholars have also examined 

productivity growth in Chinese manufacturing at the firm level. Fukao et al. (2011) 

estimated TFP growth at the firm level from 2000 to 2005 in four Asian economies: Japan, 

Korea, Taiwan and China. Using the multilateral TFO index method, they found that China 

ranked the lowest. Additionally, Wei and Liu (2006), Blake et al. (2009) and Xu and Sheng 

(2012) have estimated productivity spillovers from foreign direct investment (FDI) in 

China’s manufacturing firms.  



19 

 

Due to rapid growth in the Chinese service sector, many foreign financial institutions have 

relocated their businesses to China, and this has led to Chinese productivity growth (Wu 

2007; Tochkov and Yu 2013). Using a growth accounting framework, Bosworth and Collins 

(2008) found that between 1978 and 2004 the greatest contributions to increased service 

sector productivity came from growth in capital per worker and TFP. Kuijs and Wang (2006) 

found similar results over the same period. Nabar and Yan (2013) ranked productivity 

growth in China’s provinces as follows, in descending order: the manufacturing sector, the 

service sector and the agricultural sector.   

Overall, some gaps in the literature remain. Although the significance of labour productivity, 

TFP growth and labour productivity gaps is widely discussed, few studies have used a shift 

share analysis approach. Much of the existing literature deals only with developed regions, 

such as the European Union (EU), as opposed to China. It is also surprising how little 

attention has been given to differences in productivity growth across the three economic 

sectors in China. Ultimately, this chapter aims to fill these gaps in the literature. 

 

2.3. The Empirical Model and Data Issues 

2.3.1. The Method 

There are a number of approaches to investigate the regional convergence such as sigma 

convergence, beta convergence and stochastic convergence. This chapter utilises shift share 

analysis to estimate the labour productivity inequality across Chinese regions. Shift share 

analysis was originally proposed by Dunn (1960) as a technique to examine regional 

employment growth in the United States. Dunn’s initial idea was to compare differences in 

growth between specific regions with the national average. Esteban (1972) and Esteban 
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(2000) extended the technique into a two-factor model (internal and external), where each 

factor is comprised of three components, namely, structural, regional and allocative. It will 

apply this method in this chapter.   

2.3.2. The Empirical Model 

The regional labour productivity can be expressed as the ratio of regional output and 

employment. Thus, for region r, it can be written as: 

                                                       
rs

rs

rs
E

Y
L

,

,

,   ,                                                                 (2.1) 

where the sub-indices r and s stand for regions and sectors, respectively. rsY ,  represents gross 

value output in region r and sector s and E represents employment. rsE ,  represents the 

employment share in region r and sector s. 

The structural component, r , measures the aggregate differential labour productivity in 

region r’s. Assuming that the sectoral labour productivities in each region are equal to the 

zonal or national averages, it can be written as: 

                                                   ss

s

rsr LEE )( ,                                                        (2.2) 

sE  denotes the employment share at the average zonal or national level; rsL ,  represents 

labour productivity in region r and sector s; sL denotes labour productivity at the average 

zonal or national level. Note that r  has positive values if the region specializes ( srs EE , ) 

in sectors with higher labour productivity than the average zonal or national level, and 

regions moves away from sectors with low productivity ( srs EE , ). r  is at a maximum 
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when the region specializes in the highest productivity sector, whereas r is minimised if 

the region specializes in the lowest productivity sector.   

The regional component, i , focusses on the contribution of sectoral productivity inequality 

between regional and zonal averages (internal factor), or zonal and national averages 

(external factor). On the assumption that the region’s sectoral employment shares are equal 

to the zonal or national level, it defines i  as: 

                                                     ss

s

rsr ELL )( ,                                                        (2.3) 

Note that r  has positive values if the sectoral labour productivity in particular region is 

greater than the zonal or national average level. 

The allocative component can be expressed as the covariance between the structural and 

regional components and it can be defined as: 

                                            ))(( ,, srss

s

rsr LLEE                                                (2.4) 

Note that 
r  can only reach its maximum if the region is completely specialized in the 

sector with the largest labour productivity differential from the zonal or national average 

level. This component represents the resource allocating efficiency across the different 

industrial sectors in each region.  

Using the three components above, it can now estimate the labour productivity gap between 

regional and zonal, and between zonal and national: 

                                        rsrsrssrs GG ,,,,                                                          (2.5) 
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rsG ,  represents the sectoral labour productivity gap. 

Additionally, it can estimate the zonal effect on regional disparities in labour productivity. 

This chapter uses an approach based on shift share analysis in order to compute what is the 

contribution of each component to the labour productivity gap is actually due to each of the 

regional and the zonal effects. These estimates can be expressed as: 
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and 
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I
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Thus, according to equations (2.7), (2.8) and (2.9), the total structural, regional and 

allocative components can be expressed as the sum of internal and external factors. The 

internal factor represents the difference between a particular region’s average and the zonal 

average, whereas the external factor represents the difference between the zonal average and 

the national average. Here, I stands for internal factor, while X stands for external factor. 

The contribution of each component to the labour productivity gap can be considered as the 

relative weight of their variance in the overall observed variance. To calculate these, it can 

be written as below: 

                                     ),()( rrr GCovCon   ,                                                              (2.10) 
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and 
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r
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The sign of each component is important for the empirical investigation. Assume that 

China’s sectoral productivity has not advanced, which means that sectoral technologies are 

relatively equal across regions and average productivities have also equalized across the 

regions, sector by sector. Specialization in a particular sector depends on a region’s history, 

that is, its local advantage. Regional differences in labour productivity might stem from the 

fact that some regions have specialized different in sectors with higher or lower productivity 

(Esteban 2000). This situation will be recorded in the structural component as positive or 

negative values. Next, assume there is a productivity boom in a particular sector. The zonal 

or national average productivity in that sector will have increased and hence, the regional 

component will be negative for regions. Regions specialized in that sector which with 

higher labour productivity will experience an increase in their structural component 

(Esteban 2000). If the increase in structural component takes place in a non-specialized 

region, the allocative component will be negative.      

2.3.3. Data Issues 

This study obtains data for 31 municipalities and provinces in China over the period 1999 -

2015 from the China Statistical Yearbook, 2000-2016. Then, it adjusted the reported gross 

regional product to constant prices, using 2010 as the base year, and deflating values based 
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indicates that the negative correlation between the allocative component and total industrial 

inequality. It shows that the allocative component generated a 6 per cent decrease in 

regional productivity gaps in 2015. However, the weight of the contribution of the allocative 

component to service sector inequality significantly increased from 23 to 25 per cent over 

1999 - 2001, despite a slight decline from 2002 to 2015.  

 

2.5. Conclusion 

This chapter examined the evolution of regional labour productivity inequality amongst the 

three economic sectors in China between 1999 and 2015. To highlight the role of internal 

and external factors, shift share analysis was used to decompose regional labour 

productivity inequality into three components: structural, regional and allocative. Firstly, the 

empirical results suggest that there was an overall increasing trend in regional inequality 

within the agriculture, industrial and service sectors over the period. Despite the current 

general perception is that China’s recent rapid growth has caused inequality, Wang and 

Szirmai (2013) still found that there has been convergence rather than divergence of labour 

productivity and technical efficiency in industry in 30 regions in China. This might be due 

to different measurements. Secondly, the results reveal the role played by the regional 

component, which can explain the majority of regional inequality in labour productivity in 

China. Over the period of study, all three components of the three sectors added to the level 

of inequality in total labour productivity, although the regional component contributed the 

most. The allocative component of the agricultural and industrial sector changed the least, 

thereby having the smallest impact on inequality. Finally, the results show that most of the 

labour productivity inequality, across all three sectors, can be explained by the internal 

factor. In order to narrow the gap between the developed and developing regions, Chinese 
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government should focus on improving the infrastructure and human capital in the regions 

that are lagging behind.        
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Chapter Three 

Total Factor Productivity Growth:  

A Three Sector Analysis 

 

3.1. Introduction 

China has witnessed strong economic growth following its opening up in 1978. This growth 

associated with export-oriented economy and inflow of foreign direct investment has 

boosted China’s economic power substantially, with the country now ranked as the world’s 

second largest economy. Researchers’ efforts to evaluate economic growth have focused on 

the measurement of total factor productivity (TFP) growth in the Chinese economy. Some 

researchers argue that the key driving force behind the economic miracle is input use, such 

as labour and capital (Young 2003), and that the contribution of TFP growth has been very 

small. However, other researchers argue that TFP improvement has played a key role in 

China’s rapid economic growth (Bosworth and Collins 2008; Chow and Li 2002). In this 

chapter, provincial panel data are used to investigate the patterns of TFP growth in the three 

major economic sectors in China, namely, primary (agriculture, forestry and fisheries), 

industry (manufacturing, mining, construction, and utilities) and services. The purpose of 

this chapter is to compare the three sectors in terms of TFP growth and to examine regional 

disparity. 

The rest of the chapter is organized as follows. Section 3.2 presents a brief literature review 

on TFP growth in China’s economic sectors. Section 3.3 deals with the model and data. 

Section 3.4 discusses the source of TFP growth and empirical findings. Finally, Section 3.5 

summarizes the main findings.   
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3.2. Literature Review 

The Chinese economy is composed of three sectors: agriculture, industry and services.  

However, very little research on TFP growth is concerned with the differences in economic 

sectors. Wu (2011) reviewed the existing literature on TFP growth in China. Based on 151 

existing studies covering the period from 1988 to 2008, Wu (2011) found a mean TFP 

growth rate of 3.62 per cent, indicating that one third of China’s average economic growth 

is attributable to TFP growth. Significantly, the manufacturing sector performed better than 

the agricultural sector. Wu (2011) also found that relatively low rates of TFP growth in the 

Chinese economy are reported in studies using the DEA approach. 

Economy Wide 

Using the growth accounting approach, Borensztein and Ostry (1996), Fleisher and Chen 

(1997), Ezaki and Sun (1999) and Islam et al. (2006) examined TFP growth in the post-

reform period. Their findings for the TFP growth rate ranged between 2.41 per cent and 3.9 

per cent. Cao et al. (2009) estimated an aggregate TFP growth of 2.5 per cent for the post-

reform period of 1982 to 2000. This rate lies between the low estimates of 1.1–1.4 per cent 

by Woo (1996) and Young (2003), and the high estimates of 4–5 per cent by Hu and Khan 

(1997). These results are similar to the estimates in Wang and Yao (2003). By dividing the 

whole period into four sub-periods, Cao et al. (2009) estimated a very high TFP growth rate 

of 9.1 per cent for the entire Chinese economy between 1982 and 84. They also found a high 

TFP growth rate of 1.2 per cent in China during 1984 to 1994, but negative TFP growth rate 

of -3.5 per cent in the tertiary industry between 1994 and 2000. 

Many studies used the frontier production approach instead of the growth accounting 

approach. Wu (2001) first applied the stochastic frontier method to examine TFP growth in 

China. He found there was an upper trend of TFP growth during the examined period from 
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1987 to 1995. Wu (2008) also applied the stochastic frontier method to examine China’s 

economic growth. The results revealed that increase in factor inputs has boost growth in 

China. Wu (2008) argued that TFP growth has tended to play a positive role in contributing 

to economic growth, on average accounting for about 27 per cent of economic growth 

between 1993 and 2004.  

Shiu and Heshmati (2006) applied the panel econometric approach to measure the technical 

change and TFP growth of 30 Chinese provinces during the period 1993 to 2003. They used 

the random effect model with heteroscedastic variances in order to estimate the trans-log 

production functions. Their results suggested that all provinces have a positive TFP growth 

during the examined period. A regional level comparison showed central regions have the 

highest average TFP growth. Laurenceson and O’Donnell (2014) estimated and decomposed 

the provincial-level TFP index for the period between 1978 and 2010, and found that rapid 

TFP growth was mostly due to technical change.  

Agriculture  

Chen et al. (2008) applied provincial-level data to study about the agricultural sector 

productivity in China over the period 1990 to 2003. In the first stage, they computed the 

output-oriented Malmquist indexes using a sequential DEA approach. In the second stage, 

they applied the maximum likelihood estimation approach to identify the major 

determinants of TFP growth and its components. The results showed that China’s TFP 

growth occurred at a rate of 1.5 per cent annually over the examined period and that 

technical change contributed the most. Additionally, Xin and Qin (2011) found that during 

the period 1987 to 2005, TFP growth and technical change in the agricultural sector 

contributed the most to output growth in eastern, central and western regions. Furthermore, 

Zhou and Zhang (2013) found that TFP growth contributed 55.2 per cent to agricultural 
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output growth between 1985 and 2010. They attributed this to fertilizer usage, which was 

argued to play the most important role of the various inputs in contributing to agricultural 

output growth. 

Industry  

Jefferson et al. (2008) used a balanced panel data set covering more than 250,000 ‘above-

designated size’ enterprises to analyse the TFP growth in the Chinese industrial sector. They 

found that productivity inequality persisted between regions for the period of 1998 to 2005. 

They also found that relative backwardness of industrial firms in central region did catch-up 

with the coastal region.  

Ozyurt (2009) argued that the strong economic performance of the Chinese industrial sector 

was mainly drive by capital accumulation. Ozyurt also argued that TFP growth played a 

positive role on China’s economic growth during the post-reform era. Ke and Yu (2014) 

employed a stochastic frontier production function to decompose TFP growth in the 

secondary and tertiary sectors. They found that between 2001 and 2010, most Chinese cities 

appeared relatively inefficient, and that gaps persisted between the eastern region and the 

central (or western) region. Chen and Golley (2014) used a directional distance function and 

the Malmquist-Luenberger index to estimate the TFP growth of 38 enterprises in the 

Chinese industrial sector during the period 1980 to 2010. They incorporated carbon dioxide 

emissions as an undesirable output. Their results suggested that environmental TFP growth 

was lower in emission-intensive sectors. Yu et al. (2015) investigated the productivity 

growth of China’s manufacturing sector by using industrial firm data covering the period 

1998 to 2007. Their results revealed that labour productivity of special purpose machinery 

exhibited the highest rate of growth.   
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Service 

Bosworth and Collins (2008) applied a growth accounting framework to analyse service 

sector productivity, and they found that between 1978 and 2004 the greatest contribution to 

service sector productivity was capital per worker growth and TFP growth. Kuijs and Wang 

(2006) obtained similar results for the period 1978 to 2004. Sun et al. (2014) adopted the 

Malmquist index in order to evaluate TFP growth in the Chinese tourism industry from 

2001 to 2009. They found that technical change was the dominant factor to explain TFP 

growth. Lastly, Nabar and Yan (2013) ranked TFP growth rates for different sectors in 

China’s provinces in the order from: manufacturing to services and then agriculture. 

 

3.3. The Empirical Model and Data  

Several different approaches to TFP growth studies are present in the literature. Some 

scholars applied a non-parametric cross section growth accounting approach while others 

have used panel regression analysis. TFP growth has also been measured by using a frontier 

production approach. However, no approach is without shortcomings. Firstly, the growth 

accounting approach assumes that factors occur in perfectly competitive markets and 

technology is fully utilized. Secondly, the frontier production function can be estimated by 

the parametric stochastic frontier; however, it requires the specification of the function form 

for the production function. Also, certain distributional assumptions are needed for the 

separation of the distance to the frontier function, which are susceptible to measurement 

error (Krüger 2003). Fortunately, data envelopment analysis (DEA) can absorb the total 

deviation of observations from the frontier function by observing this as a result of 

inefficiency, thereby the DEA approach can completely avoiding measurement error and 

rendering the results more sensitive to outliers (Krüger 2003). The DEA approach has two 
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further essential features. Firstly, DEA does not require any assumptions and only requires 

balanced panel data of inputs and outputs. Secondly, TFP growth under a DEA approach 

can be decomposed into efficiency change and technical change. Due to the superiority of 

the DEA approach, the author applies a DEA approach to this study. 

3.3.1. Empirical Model 

Conventional DEA  

DEA is a “data oriented” approach. It is a non-parametric method for evaluating the 

performance of decision making units ( DMU ) by converting inputs into outputs (Cooper et 

al. 2011). Assume that there are n DMU  to be examined. Each DMU has amount of 

input i in region r and produces amount of output q in region r. Under assumption of 

≥0 and ≥0, it is assumed that each DMU has at least one positive input value and 

one positive output value (Cooper et al. 2011). As introduced by Cooper et al. (2011), it is 

use the ratio of outputs to inputs to measure relative efficiency of each DMU and it can be 

expressed as  
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Where x and y are input and output vectors, qy and ix  are the observed output and input 

values, respectively of DMU . 
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Färe et al. (1994) constructed the geometric mean of two Malmquist indexes as the DEA 

based Malmquist index. Suppose that there are r regions between period t and t+1.  Four 

distance functions need to be calculated: ),( ,, rtrtt

o yxD , ),( ,,1 rtrtt

o yxD 
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where 
t

irx ,  is the input in region r and 
t

qry ,  is the 
thq output in region r for oDMU  in 

time period t. The efficiency ),( ,, rtrtt

o yxD determines the amount of observed inputs 

can be proportionally reduced with the same amount of output level is still produced.  

),( ,1,11 rtrtt

o yxD 
can be calculated by using t+1 instead of t for the above model. The first 

of the mixed period measures, which is defined as ),( ,1,1 rtrtt
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Similarly, the other mixed period measure, ),( ,,1 rtrtt

o yxD 
, is needed for the computation of 

the output oriented Malmquist index. That is 
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Based on the four distance functions above, the Malmquist index may be further 

decomposed into efficiency change and technical change follows (Chang and Luh 2000),  
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Efficiency change measures the change in the distance of an observed province to the 

frontier. Technical change measures the shift in the frontier over time and it can provide the 

evidence of innovation within the province (Chen 2008). Thus, Malmquist index indicates 
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the average productivity change, with a value greater that one indicating productivity gain 

and less than one indicating productivity loss, from time t to t+1. 

Sequential DEA  

In this study, the sequential DEA approach will be applied in order to calculate the output-

oriented Malmquist index. Under the conventional DEA approach, the Malmquist index is 

usually estimated separately for each time period, and therefore, the results are constructed 

on the basis of contemporaneous technology. However, the sequential DEA approach 

incorporates past information and is less sensitive than contemporaneous estimations to the 

presence, or lack thereof, of a particular observation in the sample (Krüger 2003). Therefore, 

sequential DEA provides a better measure of performance than the standard DEA (Zhang 

and Choi 2014). Moreover, Shestalova (2003) illustrated that the sequential DEA approach 

eliminates the possibility of any technology regress. Sequential frontier, first proposed by 

Tulkens and Eeckaut (1995), was used to generate the frontier from period t up to period 

t+1. Shestalova (2003) applied both standard DEA and sequential DEA to study 

manufacturing productivity for eleven OECD countries over 20 years period. Nin et al. 

(2003) applied a sequential DEA approach to the analysis of agriculture in selected 

developing countries and found that most of the countries in their sample have positive 

productivity growth and that technical change contributed the most to the productivity 

growth.   

According to Nin et al. (2003), sequential production set assumes that “production units can 

always do what they did before in the production process.” Thus, the set of production 

possibilities is given by the following: 

              
stststseq

t xyxS  :),{(
 
can produce  with s =0, 1, 2, …, t-1                      (3.6) }sty 



64 

 

The superscript in denotes sequential technology and the output sets defined as  

                                           }),(:{)( seq

t

stststseq

t SyxyxP  
                                         (3.7) 

This production set states that the input-output set used in the previous period is always 

available and is part of the technology in period t.  

In order to compute the Malmquist index by using the sequential DEA approach, the 

definition of the output distance function for each time period t is as follows: 
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According to Färe et al. (1994), the output-oriented Malmquist index can be expressed as 

follows: 
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Equation (3.9) can be simplified as: 

TFPCH=EFFCH x TECCH 

For each region r, the four distance functions from equation 3.9 can be calculated as 

solutions to the following linear programming (LP) problem under the assumption of 

constant returns to scale (CRS): 
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r, i, q, t, respectively, represent regions, sectors, inputs, outputs, and time periods in the 

sample.   indicates a scalar of the proportional expansion in output for a given input vector. 

s

rz  is an intensity variable, it indicating the intensity at which production unit region r may 

be employed in production. Instead of using a one-year observation to construct its own 

stochastic frontier, the LP problem presented above for the sequential DEA approach shows 

that the stochastic frontier for each year is constructed on the basis of all observations 

generated up until that year (Nin et al. 2003). 

3.3.2. Data  

For this study, the author obtained annual data of the agricultural, industrial and service 

sectors’ input and output for 31 provinces (this study will use the term “provinces” in 

reference to all provinces and autonomous regions hereafter). The time period is 1991 to 

2010.  
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This study uses gross regional product (GRP) as the output for all three sectors. The real 

GRP is then measured as the nominal GRP deflated by the regional price indices. 

Theoretically, labour input should take both quantity and quality into consideration. 

However, since the working hours data is not available from China Statistical Yearbook, 

this study will use the number of employees in the provinces at the end of the year as the 

labour input.  

In this chapter, the perpetual inventory method (PIM) is employed to construct an estimate 

for the capital stock for each sector at each province (Goldsmith 1951). The measurement 

can be shown as the following equation: 

                                               tirtirtiritir PIKK ,,1,, /)1(  
                                           (3.11)

 

Where tirK ,  and 1, tirK  stand for capital stock at year t and year t-1, tirI ,  
stands for the 

investment in fixed assets at year t for sector i, 
i is the depreciation rate for sector i, and 

tirP ,  is the price deflator for investment in fixed assets. Based on the above equation, the 

required data inputs are: the capital stock value at the base year (in this case, 1978); the 

depreciation rate; and the price deflator for investment in fixed assets. According to Kohli 

(1982), and Hall and Jones (1999), capital stock at the base year in this study can be 

calculated as: )](/[ iriirir gPIK   . irg  is the average annual growth rate of each sector in 

each province. There is no set standard for the depreciation rate. This study will adopt the 

depreciation rates estimated by Wu (2016). These are 1.6 per cent for agriculture, 5.2 per 

cent for industry and 4 per cent for services. The rates for investment and the price deflator 

for investment in fixed assets can be obtained from the China Statistical Yearbook (1992-

2011).    
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3.4. Empirical Results and Discussion 

This study decomposed the Malmquist index into the technical change index (TECCH) and 

efficiency change index (EFFCH) over the period 1991 to 2010. The estimation results of 

sequential DEA are presented in Tables 3.1 and 3.2. If the value of TFPCH is greater than 

one, it indicates that improvement in TFP growth. 

The results show that TFP growth (TFPCH) in the agricultural, industrial and service sectors 

averaged 4.58 per cent, 8.76 per cent and 2.89 per cent respectively. Technical change 

accounted for most of the growth. According to Table 3.1, the most significant TFP growth 

was in the year 2005 for both the agricultural and service sectors, and the industrial sector 

growth was the highest in 2001. However, the years 1995, 1999 and 2004 ranked the lowest 

for TFP growth in the industrial, agricultural and service sector respectively. The efficiency 

change in the three sectors demonstrated an upward tendency until 1997, followed by an 

overall decline. TFP growth in agricultural, industry and service sector demonstrated an 

upward tendency until 1997, 2001 and 1995 respectively.  This result was also found by Wu 

(2003). Table 3.2 shows that TFP growth in the agricultural sector averaged at 7.75, 3.28, 

3.51 and 7.90 per cent for the coastal, central, western and north-eastern regions 

respectively. The high TFP growth rate for the north-eastern region indicates a high growth 

rate in output, and a lower rate in use of the two inputs. The industrial sector ranked the 

highest for TFP growth rate and it reached a top of 10.62, 5.82, 10.84 and 9.19 per cent for 

four regions respectively. On an average across the three economic sectors, the technical 

change index rose 7.30 per cent for the coastal region, 2.84 per cent for the central region, 

2.93 per cent for the western region and 8.19 per cent for the north-eastern region. 

Meanwhile, the rate of the efficiency change was much lower than that of technical change. 

Four regions experienced negative efficiency change, with most of the negative growth 

appearing in the service sector. The average regional efficiency change index in the service 
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sector was -0.15, -0.73, -0.12 and -0.45 per cent for the coastal, central, western and the 

north-eastern regions respectively. The growth in technical change and the decline in the 

efficiency change index results suggest that the increased TFP growth in the Chinese service 

sector was a result of improvement of innovation rather than improvements in efficiency 

change. Among the 31 provinces in total, two provinces, Henan and Guangxi in the central 

and the western regions, had negative average growth rates in TFPCH for the service sector 

during the period between 1991 and 2010. Among the central region provinces, Henan had 

the lowest technical change index and the lowest efficiency change index.   

Table 3.1 Annual Average at Sector Level (Sequential DEA) 

  Agriculture   Industry   Service  

YEAR EFFCH TECCH TFPCH EFFCH TECCH TFPCH EFFCH TECCH TFPCH 

1991 0.9863 1.0365 1.0222 1.0398 1.0296 1.0705 0.9785 1.0431 1.0207 

1992 1.0036 1.0692 1.0730 1.0464 1.0566 1.1057 0.9840 1.0498 1.0331 

1993 0.9706 1.0665 1.0351 1.0146 1.0674 1.0830 0.9809 1.0522 1.0321 

1994 0.9796 1.0601 1.0385 1.0027 1.0930 1.0960 0.9810 1.0233 1.0039 

1995 1.0150 1.0355 1.0511 0.9657 1.0553 1.0191 1.0272 1.0278 1.0557 

1996 1.0105 1.0430 1.0540 1.0114 1.0419 1.0538 1.0196 1.0259 1.0461 

1997 1.0228 1.0360 1.0596 1.0505 1.0796 1.1342 1.0018 1.0260 1.0279 

1998 0.9892 1.0523 1.0409 1.0222 1.1225 1.1474 0.9902 1.0195 1.0095 

1999 0.9689 1.0241 0.9922 1.0071 1.1739 1.1822 0.9998 1.0264 1.0263 

2000 1.0168 1.0168 1.0339 0.9836 1.1619 1.1428 0.9940 1.0321 1.0259 

2001 1.0009 1.0111 1.0120 1.0369 1.1479 1.1902 0.9990 1.0201 1.0192 

2002 1.0156 1.0157 1.0315 1.0072 1.1033 1.1112 0.9788 1.0306 1.0087 

2003 1.0059 1.0247 1.0308 1.0009 1.0950 1.0960 0.9835 1.0273 1.0104 

2004 1.0161 1.0159 1.0323 0.9937 1.0685 1.0618 0.9774 1.0175 0.9945 

2005 1.0289 1.0918 1.1234 0.9634 1.0756 1.0362 1.0762 1.0792 1.1615 

2006 0.9989 1.0740 1.0728 0.9919 1.0391 1.0307 1.0124 1.0331 1.0459 

2007 0.9772 1.0513 1.0272 1.0187 1.0393 1.0587 0.9944 1.0350 1.0292 

2008 1.0229 1.0527 1.0768 1.0008 1.0411 1.0419 0.9855 1.0310 1.0161 

2009 1.0200 1.0526 1.0737 0.9816 1.0394 1.0203 0.9686 1.0470 1.0141 

2010 0.9973 1.0384 1.0356 1.0094 1.0595 1.0695 0.9719 1.0271 0.9982 

GMean 1.0024 1.0434 1.0458 1.0074 1.0795 1.0876 0.9952 1.0337 1.0289 

Source: Author’s own calculations 
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Table 3.2 Results by Region at Sector Level (Sequential DEA) 

  Agriculture   Industry   Service  

Coastal EFFCH TECCH TFPCH EFFCH TECCH TFPCH EFFCH TECCH TFPCH 

Beijing 0.9885 1.0641 1.0526 1.0000 1.1008 1.1010 1.0153 1.0718 1.0866 

Fujian 1.0071 1.0898 1.0970 1.0095 1.0766 1.0859 0.9920 1.0336 1.0256 

Guangdong 1.0006 1.0880 1.0889 1.0000 1.1202 1.1202 1.0000 1.0719 1.0719 

Hebei 1.0224 1.0247 1.0472 1.0112 1.0482 1.0595 0.9879 1.0411 1.0293 

Jiangsu 1.0034 1.1183 1.1217 0.9978 1.1146 1.1118 1.0000 1.0697 1.0697 

Shandong 1.0000 1.0760 1.0762 1.0014 1.0807 1.0814 0.9912 1.0591 1.0497 

Shanghai 1.0038 1.1141 1.1120 1.0000 1.2107 1.2107 1.0000 1.0651 1.0651 

Tianjin 1.0184 1.0024 1.0207 0.9893 1.1323 1.1160 1.0000 1.1264 1.1264 

Zhejiang 1.0020 1.0795 1.0817 0.9935 1.0757 1.0694 1.0002 1.0767 1.0768 

GMean 1.0051 1.0730 1.0775 1.0003 1.1066 1.1062 0.9985 1.0684 1.0668 

Central  

Henan 0.9994 1.0246 1.0240 1.0133 1.0424 1.0572 0.9721 1.0032 0.9751 

Hubei 1.0005 1.0804 1.0809 1.0208 1.0298 1.0503 0.9953 1.0111 1.0063 

Hunan 1.0035 1.0025 1.0060 1.0286 1.0410 1.0697 0.9991 1.0106 1.0093 

Jiangxi 0.9947 1.0179 1.0112 1.0504 1.0247 1.0743 0.9902 1.0276 1.0166 

Anhui 1.0144 1.0161 1.0298 1.0172 1.0187 1.0365 0.9917 1.0107 1.0024 

Shanxi 1.0161 1.0290 1.0450 1.0289 1.0362 1.0615 1.0077 1.0026 1.0107 

GMean 1.0048 1.0284 1.0328 1.0265 1.0321 1.0582 0.9927 1.0110 1.0034 

Western          

Chongqing 0.9947 1.0161 1.0084 1.0101 1.0630 1.0733 1.0062 1.0305 1.0369 

Gansu 1.0209 1.0041 1.0253 1.0131 1.0083 1.0214 1.0043 1.0000 1.0043 

Guangxi 1.0228 1.0184 1.0396 1.0172 1.0302 1.0479 0.9922 1.0066 0.9992 

Guizhou 1.0025 1.0303 1.0311 1.0042 1.1002 1.1220 1.0040 1.0000 1.0040 

Hainan 1.0019 1.1011 1.1031 1.0004 1.1906 1.1934 1.0000 1.0535 1.0536 

Inner 

Mongolia 1.0036 1.0252 1.0283 1.0271 1.1552 1.1824 1.0116 1.0256 1.0365 

Ningxia 1.0033 1.0092 1.0125 1.0015 1.0737 1.0751 1.0049 1.0551 1.0607 

Qinghai 1.0365 1.0026 1.0392 1.0007 1.0692 1.0700 1.0018 1.0202 1.0221 

Shaanxi 1.0005 1.0494 1.0481 1.0298 1.0464 1.0750 0.9978 1.0266 1.0251 

Sichuan 1.0154 1.0376 1.0517 1.0237 1.0433 1.0664 0.9934 1.0114 1.0044 

Tibet 0.9797 1.0323 1.0122 1.0022 1.0980 1.1013 1.0002 1.0451 1.0454 

Xinjiang 1.0118 1.0303 1.0423 1.0077 1.2801 1.2917 0.9862 1.0143 1.0006 

Yunnan 0.9923 1.0240 1.0143 0.9922 1.0984 1.0894 0.9823 1.0183 1.0005 

GMean 1.0066 1.0293 1.0351 1.0100 1.0967 1.1084 0.9988 1.0236 1.0226 
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Northeast          

Heilongjian

g 0.9929 1.0360 1.0279 1.0057 1.1495 1.1555 1.0018 1.0264 1.0284 

Jilin 0.9988 1.1366 1.1358 1.0218 1.0286 1.0506 0.9946 1.0316 1.0263 

Liaoning 1.0000 1.0732 1.0733 1.0023 1.0673 1.0696 0.9901 1.0373 1.0275 

GMean 0.9972 1.0819 1.0790 1.0099 1.0818 1.0919 0.9955 1.0318 1.0274 

Source: Author’s own calculations 

Figure 3.1 illustrates the annual TFP growth from 1991 to 2010 in the three economic 

sectors. It is evident that the industrial sector had the highest TFP growth rate between 1996 

and 2002, and it had the highest annual average growth rate (8.76 per cent) during the 

examined period of 1991 to 2010, followed by agriculture (4.58 per cent) and services (2.89 

per cent). According to Figure 3.1, the most significant decline in agricultural TFP growth 

happened between 1997 and 1999. This was due to the technical change declining 

significantly during the period. The findings of Chen et al. (2008) confirming this, with 

agricultural TFP growth is being the lowest between 1996 and 1999 for both high-income 

provinces and low-income provinces in their study. Li et al. (2011) found the similar 

conclusions.  

Moreover, Figure 3.1 illustrates that the most remarkable TFP growth in the agricultural 

sector happened in 2005. The main explanation for this could be the agricultural tax. In year 

2003, the Chinese government announced that the agricultural tax would be abolished 

within 5 years in year 2003. In fact, it was abolished in 3 years (Wang and Shen 2014). The 

results are consistent with those found by Chen et al. (2008). Wang and Shen (2014) found 

that the tax abolition significantly improved overall TFP growth. Chen et al. (2008) also 

argued that the main explanation of technical change in China’s agriculture sector was the 

termination of the agricultural tax.  
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TFP growth in the industrial sector was most prevalent during the period of 1996 to 2002, 

when lower output growth, but also higher sector TFP growth, was recorded. This result is 

consistent with findings by Chen and Golley (2014). From 1996 to 2002, inefficiencies of 

the state-owned sector resulted in the ownership reforms. These included the policy called 

“zhua da fang xia” which was announced in 1995 and entailed grasping the large 

enterprises and letting go of the small ones. The result of this policy was that many small 

enterprises were closed and there was a negative rate of labour force growth in the industrial 

sector (Chen and Golley 2014). TFP growth in the service sector was mostly driven by 

technical change. However, there was a declining trend in technical change across all three 

sectors combined during the examined period. From 2004 to 2010, the TFP growth of 

China’s service sector averaged at 4 per cent, which was mostly driven by technical change. 

A peak is observed in 2005; however, it has been argued that this is due to statistical 

adjustment, whereby the GDP of the service sector was revised upwards in 2005 to correct 

for previous underestimation (Holtz 2006). In the same period, the efficiency change 

displayed negative growth, and this result is similar to that of Wang and Hu (2011). Due to 

the negative efficiency change, China’s service sector experienced negative TFP growth in 

years 2004 and 2010.    

The overall TFP growth of the three sectors fluctuated between 1991 and 2010. It is worth 

mentioning that in the year 2005, TFP grew at the highest level in both the agricultural and 

service sectors. Figure 3.2 illustrates the change in national TFP growth and its sector 

components over time. It implies that China’s TFP grew at 2.1 per cent annually, which is 

the same result as that measured by Tian and Yu (2012). Throughout the 1990s, TFP growth 

remained low before experiencing a steady increase from 2000 to its peak at 5.3 per cent in 

2005, followed by a continuous decline to just 2.1 per cent in 2010. As Figure 3.2 illustrates, 

over the period of analysis, the rise and decline of China’s TFP growth was driven by the 
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rise and decline of technical change, whilst efficiency change has remained at low levels 

with some fluctuation. This finding is to some extent in line with that of Wang and Szirmai 

(2013). Moreover, national TFP growth mostly occurred during the periods 1991 to 1995 

and 2001 to 2005, and the average rate of efficiency change has experienced significant 

growth during 1993-2002.  Several factors could explain this pattern of growth. Firstly, 

economic reform initiated in the mid-1980s resulted the impressive performance and the 

results of those policies came to fruition over time. In particular, price deregulation was 

almost complete by the early 1990s. Both domestic and foreign investors are benefited from 

the removal of price distortions which created a better business environment. Secondly, 

more comprehensive reforms were implemented in the early 1990s. These reforms led to a 

massive inflow of foreign capital into China and the movement of surplus rural labour to 

urban areas. Thirdly, reallocation of workers out of state-owned enterprises (SOEs) and into 

private enterprises resulted by industrial reform (Wu 2003). Fourth, innovation across 

sectors has significantly impact on TFP performance. According to the World Bank (1997), 

half a percentage point of China’s growth rate in the 1990s was come from the reallocation 

of SOE workers. On the other hand, TFP growth across the three sectors experienced a 

significant decline in 2009. In 2008 and 2009, the global financial crisis, which originated in 

the United States, had a negative impact on the Chinese economy. Economic growth slow 

during this period contributed to a further decline in TFP growth across the three sectors. 

Another factor which may explain the decline of TFP growth is the economic stimulus 

package announced by the Chinese government in 2008. The size of the package was four 

trillion Chinese Yuan and this package was supposed to mitigate the impact of the global 

financial crisis. This caused the fixed assets of investment in the three sectors to reach an 

unsustainably high level, which caused the further decline of TFP growth.   

 









76 

 

Table 3. 3 Average Values of EFFCH, TECCH and TFPCH of Three Sectors 

 Agriculture Industry Service 

Coastal EFFCH 1.0051 1.0003 0.9985 

Coastal TECCH 

 

1.0730 1.1066 1.0684 

Coastal TFPCH 1.0775 1.1062 1.0668 

Central EFFCH 1.0048 1.0265 0.9927 

Central TECCH 

 

1.0284 1.0321 1.0110 

Central TFPCH 1.0328 1.0582 1.0034 

Western EFFCH 1.0065 1.0100 0.9988 

Western TECCH 

 

1.0293 1.0967 1.0236 

Western TFPCH 1.0351 1.1084 1.0226 

Northeastern 

EFFCH 

0.9929 1.0099 0.9955 

Northeastern 

TECCH 

 

1.0819 1.0818 1.0318 

Northeastern 

TFPCH 

1.0790 1.0919 1.0274 

Source: Author’s own calculations 

These results suggest that regional productivity in China is the highest in coastal areas and 

decreases in the central areas. The reason for this inequality between regions may be due to 

differences in geographical location and industrial structure. Most eastern coastal regions 

have higher TFP growth, which are advantageous geographical locations compared to the 

inland and western locations in terms of access to capital, technology and information. In 

addition, most regions with higher TFP growth have a diverse industrial structure and better 

market development (Pan et al. 2015). Since the Open Door economic reform was 

announced, Guangdong, Shanghai, Fujian, Zhejiang, Jiangsu, and other south-eastern 

coastal areas have been characterized as export-oriented economies. These regions 

developed an industrial structure mainly concentrated on the manufacturing industry and 

high-tech industry. In contrast, the central, western and the north-eastern regions are 

distinguished by a single industrial structure, which mainly comprises a traditional resource-
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based industry. However, the continuous adjustment and optimization of the industrial 

structure in the coastal areas appears to be improving TFP growth both in their own and 

surrounding areas, which has led to an upward trend in TFP growth in the central, western 

and the north-eastern provinces of China in recent years.  

The study of convergence continues to be a popular topic regarding the Chinese economy 

and is also worth analysing in this study. According to Cheong and Wu (2015), there are 

many different methods used in convergence analysis such as co-integration tests and unit 

root tests (Bernard and Durlauf 1995; Oxley and Greasley 1995), whilst others are based on 

the concepts of beta convergence (Barro and Sala-I-Martin 1992; Herrerias et al. 2017). 

Some studies are based on the dynamic distribution approach (Quah 1993, 1996a, 1996b; 

Herrerias 2012). Sigma convergence is a popular and simple technique in economic research 

that is frequently used in convergence studies, and will be applied to this study. The sigma 

convergence approach is based on the observation of the trend of the measure of dispersion. 

If the standard deviation declines over time, the dispersion rate among the regions has 

decreased, thus indicating convergence.  

Figures 3.6, 3.7, and 3.8 shows the convergence trend in terms of TFP growth, efficiency 

change and technical change among the regions in the three economic sectors. These figures 

show that, regarding the agricultural sector in particular, the Chinese regions converged 

rapidly in terms of technical change from 1992 to 1997. Most of the convergence trend 

occurred between the years 1993 and 1997. As a result, the TFP growth of the agricultural 

sector converged during that period. Furthermore, in 1998, both efficiency change and 

technical change diverged significantly, and this led to the inequality of TFP growth in 

Chinese regions. There is a continuously divergent trend of agricultural TFP growth 

between 2004 and 2010. Figure 3.7 reveals that from 1996 to 2001, there was long-term 

divergence of regional TFP growth in the industrial sector, which is consistent with findings 
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1991 to 2010. It computed the output-oriented Malmquist index and decomposition using a 

sequential DEA approach. 

The results indicated that national TFP grew at a rate of 2.1 per cent annually over the 

examined period. The major source of growth was technical change; while efficiency 

change deteriorated over time. This result encourages the Chinese government to relax the 

restrictions of Hukou system, and this could make labour easier to move from low to high 

productivity sectors or regions in order to improve regional efficiency.  Furthermore, the 

TFP growth of the agriculture and services industries peaked in 2005. Since then, the TFP 

growth of China’s agricultural and service sectors has followed a declining trend. The 

possible explanation for the continuous declining trend may be the combined impact of the 

global financial crisis alongside significant investment caused by the economic stimulus 

package plan. The regional inequality in TFP growth performance is significant. The 

average annual growth rate was the highest in the eastern region and the second highest was 

in the north-eastern region, followed by the western region; with the lowest in the central 

region. Significantly, there was a convergence trend in the agricultural sector in the early 

1990s. The industrial sector has demonstrated convergence since 2001, when China joined 

the WTO.  

There are several important opportunities for future research. Firstly, to enhance the 

accuracy of agricultural TFP growth estimates, the next step would be to include multiple 

inputs. These include fertilizer, land and machinery. Secondly, the analysis of TFP growth 

in the industrial sector could be extended to incorporate the concept of environmental TFP 

growth and could include multiple pollutant outputs in the model.   
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Chapter Four 

Environmental Efficiency and Its Distribution Dynamics in 

Cities 

 

4.1. Introduction 

Over the past four decades, China has experienced remarkable economic growth. However, 

this growth has been associated with deteriorating environmental conditions in the country. 

Currently, China is the largest primary energy consumer in the world. According to BP 

(2016), China’s primary energy consumption reached 3.01 billion tonnes oil equivalent in 

2015, accounting for 22.92 per cent of the world’s total. China also accounted for 50.01 per 

cent of the world’s total coal consumption in 2015. Due to the large amount of energy 

consumption fuelled by coal, China has, since 2007, been the largest carbon emitter in the 

world.   

From 1978 to 2015, China’s CO2 emission level increased by 6.45 times and reached 9.15 

billion tons of carbon dioxide, accounting for 27.3 per cent of the world’s total emissions in 

2015 (BP 2016). Notably, the percentage of the world’s CO2 emissions produced by China 

has increased significantly since China joined the WTO in 2001. This has largely resulted 

from an economic structure dominated by a manufacturing sector, and low efficiency in 

energy use. Chinese policy makers are under pressure to improve the country's 

environmental outcomes and reduce energy intensity in coming decades in order to ensure 

sustainable economic growth (Zhang et al. 2016). A key issue of concern is energy 

consumption, which is the main source of air pollution such as CO2, SO2, TSP, NOX and so 

on.  
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China's future energy consumption pattern will have important implications for the global 

environment. In order to limit or reduce CO2 emissions, it is imperative for decision-makers 

to understand the environmental performance of each city in China. Environmental 

efficiency can reflect the economic situation due to the efficiency evaluation system being 

based on both economic and environmental factors (Song et al. 2013). Therefore, it is 

essential to evaluate the environmental efficiency and set targets for Chinese cities. Existing 

research has largely focused on the recommendations of environmental policies, but there is 

a lack of research into the effectiveness of such policies. This chapter fills the gap in the 

literature by measuring environmental efficiency and assessing the effectiveness of 

environmental policies.  

Specifically, this chapter aims to investigate the environmental efficiency, and its transition 

probability and long-run trends in 286 Chinese cities at the prefecture and above-prefecture 

levels (PAA). The rest of the chapter begins with a brief review of the literature on 

environmental efficiency studies in Section 4.2. Section 4.3 describes the model used for 

quantitative analysis. Section 4.4 discusses the source of environmental efficiency in China. 

Section 4.5 investigates the dynamics of the spatial distribution of environmental efficiency, 

while Section 4.6 summarizes the findings and discusses the policy implications.  

 

4.2. Literature Review 

The literature is composed of a large body of studies measuring environmental pollutants. 

One method used is to measure pollutants as input factors (Hailu and Veeman 2001). 

Another method is to measure environmental pollutants as outputs with negative values 

(Hua et al. 2007). The problem with both methods is that they assume strong pollutant 

disposability with zero cost. In addition, there are significant differences in the assessment 
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results between the two methods. Due to the shortcomings of these methods, Färe et al. 

(1989) proposed a nonparametric approach which focuses on the undesirable outputs. Many 

more recent studies have used the data envelopment analysis (DEA) approach to deal with 

the environmental efficiency issue. Examples include Arcelus and Arocena (2005), Zhou et 

al. (2006, 2007), Camarero et al. (2008) and Halkos and Tzeremes (2009). They treated 

pollutants such as carbon dioxide, sulphur dioxide, and other pollutants as undesirable 

outputs, and empirically analysed the Organization for Economic Co-operation and 

Development (OECD) countries’ environmental efficiency using radial DEA, non-radial 

DEA and window DEA models. In contrast, Kumar and Khanna (2009) and Jin et al. (2014) 

used the directional distance function together with the DEA method in order to study the 

environmental efficiency of major developed countries and Asia-Pacific Economic 

Cooperation (APEC) countries. Other studies have investigated the environmental 

efficiency of a specific industry or company rather than countries and regions. For example, 

Sueyoshi and Goto (2012) studied a thermal power plant, and discussed the possible 

deviation of the environmental efficiency by applying different DEA models, and Falavigna 

et al. (2013) discussed the environmental pollution of Indian agriculture. Similarly, Zhang 

and Choi (2013) and Zhang et al. (2013) discussed the environmental efficiency of a Korea 

power plant by combining meta-frontier and DEA models together. Lastly, Chang et al. 

(2014) studied the CO2 emission efficiency of 27 international flight routes.  

Since environmental pollution problems in China becomes more and more serious, 

sustainable development issues are receiving increasing attention, and research relating to 

China’s environmental efficiency has also become more abundant. Meanwhile, the Chinese 

government is advocating for a development strategy that will be “strong and rapid.” The 

term “strong” means strengthening environmental protection in production processes, while 

the term “rapid” means achieving fast economic growth (Wang et al. 2015). It is hoped that 
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these goals together will result in a win-win situation for both environmental protection and 

economic growth. These goals also encourage researchers to investigate possible ways that 

the desired development strategy can be achieved.  

Environmental efficiency studies in China have mostly focused on 31 Chinese regions. 

Examples include Bian and Yang (2010) and Song et al. (2013). Significantly, these studies 

assume similar or identical technology level in each producing unit and treat environmental 

pollution reduction as the only goal for environmental efficiency. Although all regions aim 

to reduce pollution and achieve sustainable economic development simultaneously, their 

production technologies still vary widely, this is due to they have significant differences in 

terms of their economic scale, industrial structure, resource allocation, and geographical 

environment. Hence, a lack of homogeneity of regions’ production technology is a crucial 

factor for environmental efficiency assessment. This issue of heterogeneity of production 

technology is studied by Oh (2010) and Chiu et al. (2012). Some researchers have 

developed exploratory methods to deal with this problem, including Wang et al. (2013) and 

Lin and Du (2013). Other relevant studies of China’s environmental efficiency, including 

those using the stochastic frontier analysis (SFA) method, are summarised in Table 4.1. 

A limitation of the existing literature is that most studies have only focused on an 

assessment of environmental efficiency, and thus have not explored the potential for 

improvement. Moreover, most research of this topic are based on provincial data and hence 

provide little information regarding environmental efficiency at the city level, with the 

exception of Wang and Wei (2014) and Wang et al. (2015). Wang and Wei (2014) 

examined the regional energy efficiency, as well as the energy saving and emissions 

reduction potential of the industrial sector of 30 major cities in China covering period of 

2006 to 2010. Wang et al. (2015) evaluated the environmental efficiency of 211 Chinese 

cities in the year 2008. This chapter extends the above-mentioned two papers by using a 
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much larger sample, namely the PAA cities, and particularly by investigating the 

distribution dynamics of environmental efficiency. It studied 286 cities in China covering 

the period of 2002 to 2011, and investigated the heterogeneity of production technology 

between cities using meta-frontier analysis. The latter allows for the analysis of city 

environmental efficiency using the DEA approach.  

Table 4.1 Studies of Environmental Efficiency in China 

Publication Method Application scheme 

 

Data 

Lam and Shiu 

(2001) DEA 

Electricity generation 

plants 

Cross-sectional data at 

provincial level 

Liang et al. (2004) DEA 

Environmental 

performance 

City level in Anhui 

province 

Hu and Wang 

(2006) DEA Energy efficiency 

Panel data at provincial 

level 

Watanable and 

Tanaka (2007) DEA Environmental efficiency 

Panel data at provincial 

level 

Yang et al. (2011) SFA Environmental efficiency 

Pool data at provincial 

level 

Wang et al. (2012) DEA 

CO2 emission 

performance 

Panel data at provincial 

level 

Bian et al. (2013) DEA 

Environmental 

performance 

Panel data at provincial 

level 

Zhang and Choi 

(2013) DEA 

CO2 emission 

performance 

Panel data for fossil fuel 

power plants 

Du et al. (2014) DEA 

CO2 emission 

performance 

Panel data at provincial 

level 

Hu (2014) SFA Energy efficiency Plant level panel data 

Wang and Wei 

(2014) DEA 

Energy and emission 

efficiency Panel data at city level 

Wang et al. (2014) DEA Energy efficiency Panel data at provincial 
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level 

Zhou et al. (2014) DEA 

CO2 emission 

performance 

Panel data at provincial 

level 

Wang et al. (2015) DEA Environmental efficiency City level panel data 

Source: Author’s own compilations 

 

 

4.3. Research Method 

4.3.1. Meta-frontier 

Hayami (1969) and Hayami and Ruttan (1971) proposed the meta-frontier concept, which 

has since been widely applied in empirical research. To measure the environmental 

efficiency of Chinese cities, it assumes N cities are assessed (N decision making units 

(DMUs)).1 Each city can produce Y desirable outputs and B undesirable outputs, using X 

input factors. Let ,  and  denote the values of the ith inputs (
XRi  ), the qth 

desirable outputs (
YRq  ), and the fth undesirable outputs (

BRf  ) of  (
NRj  ). 

The 286 Chinese PAA cities can be divided into K groups with different levels of 

production technology. The DMUs of the kth group have similar or the same production 

technology, and together form a group frontier. The meta-frontier is calculated by including 

all K groups. It assumes that the production possibility set of inputs and outputs is weak 

disposal. Färe et al. (2004) proposed the use of the directional distance function, which 

simultaneously seeks to increase desirable outputs and to decrease undesirable outputs. The 

directional distance function is displayed as follows: 

                                                           
1 Environmental efficiency defines that the efficiency of a specific DMU is better than others if the DMU 

produces more desirable outputs (GDP) and less undesirable outputs (CO2) given the amount of inputs (Chiu 

et al. 2012). 

 

ijx qjy fjb
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The directional meta-distance function is expressed as follows: 
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where the non-zero direction vector ),(
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ggg



 
determines how desirable outputs and 

undesirable outputs are scaled. The meta-technology set is ),,( byxT m   from which x can 

produce y and b. It is assumed that there are K technology sets (sub groups), where the kth 

group (k=1, 2, … , K) directional distance function is defined as follows: 
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According to Färe et al. (2008), the direction vector ),(
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 should be chosen by the 

author before evaluating the directional distance function. This study let the direction vector 

),( byg 


 (Oh 2010). The distance function can be estimated by using DEA under the 

assumption of variable returns to scale (VRS) as follows: 
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where 
k

n  and 
k

n  represent the intensity variables of the meta-technology set and the group 

technology set. Based on equations (4.4) and (4.5), the environmental efficiency of the

DMU  based on the meta-frontier (MEE) and the group-frontier (GEE) can be expressed as 

mMEE 1 and 
kGEE 1 . MEE and GEE in this study represent the environmental 

efficiency measures on the meta-frontier and group frontier respectively. 

4.3.2. Decomposition of Environmental Inefficiency   

The ratio of MEE over GEE is defined as the meta-technology gap ratio (MTR), which is 

defined as follows: 

                                              1
1

1
0 






k

m

GEE

MEE
MTR




                                               (4.6) 

If the value of MTR is close to one, the technology heterogeneity is small, which means that 

the environmental efficiency relative to the group frontier is close to the environmental 

efficiency relative to the meta-frontier (Chiu et al. 2012). Due to the MTR being a measure 

of technology heterogeneity between the meta-frontier and group-frontier, it is not possible 

to identify the source of the meta-frontier inefficiency. Therefore, the inefficiency of the 
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DMU
 
relative to the meta-frontier can be decomposed into the technology gap inefficiency 

(TGI) and the group-frontier managerial inefficiency (GMI) (Chiu et al. 2012).  

The TGI represents the inefficiency of the DMU  relative to a group-specific frontier 

originating from the technology gap between the meta-frontier and the group-specific 

frontier. It can be formulated as follows: 

                                   
km

k

m
kMTRGEETGI 




 




 )

1

1
1(*)1()1(*              (4.7) 

The GMI represents the inefficiency of the DMU  relative to a group-specific frontier 

which simultaneously seeks to increase of desirable outputs and to decrease of undesirable 

outputs. The reason for the inefficiency is usually attributed to managerial failure of DMU , 

which can be expressed as follows: 

                                                  
kGEEGMI 1                                                          (4.8)     

Thus, the environmental inefficiency (MTI) measured based on the meta-frontier can be 

expressed as follows: 
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4.4. Empirical Analyses 

4.4.1. Data Sources and Variable Choice 

There were 288 PAA cities in China by the end of 2014. However, there are two cities (Lasa 

and Rikaze) in Tibet for which most of the data are not available. Therefore, this chapter 

uses a panel data set encompassing 286 cities across the period 2002 to 2011. The data was 

obtained from the China City Statistical Yearbooks and China Environmental Statistical 

Yearbooks. The inputs are labour (city employees at the end of the year), capital stock, and 

energy consumption (unit: 10-million-kilogram standard coal equivalent); the desirable 

output is GDP; and the undesirable output is CO2 emissions (10 million kilogram). The 

variables of capital stock (see Appendix 4A for calculation details) and GDP are deflated by 

the consumer price index (CPI) in 2000 constant prices; their unit is 100 million renminbi. 

Table 4.2 lists the descriptive statistics of the variables of the sample in 2002, 2006 and 

2011. It shows that the mean capital stock, labour (unit: 1000 persons), real GDP, energy 

consumption and CO2 emissions (see Appendix 4B for calculation details) increased 

significantly during the examination period. As shown in Table 4.2, the mean GDP in 2011 

is 3 times higher than that in 2002. This indicates that the set of 286 Chinese cities achieved 

remarkable economic growth during the period 2002 to 2011. Meanwhile, the amount of 

CO2 emissions in 2011 is 2.27 times higher than that in 2002, which indicates that CO2 

emissions grew at a slightly slower rate than GDP. Table 4.2 also shows a significant 

difference in input and output variables across Chinese cities. Therefore, the statistical 

description of input and output variables shows that there is vast disparity in development 

among Chinese cities.  
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Table 4.2 Descriptive Statistics of the Input and Output Variables 

Years Statistics Capital Labour GDP 
Energy 

Consumption 

CO2 

Emissions 

2002 Mean     541.11      55.34     410.63    111.17 530.68 

 Std.Dev.   1682.46     67.27     540.48    172.54  864.83 

 Median     203.45     40.01     231.80     63.04   266.23 

 Max 22399.04  679.20   5408.76  1478.23  7754.61 

 Min       12.23      6.24       24.03        6.51      18.00 

2006 Mean   1355.10    67.82     676.46     190.61     821.09 

 Std.Dev.   2537.97    86.23     971.52      327.27   1291.48 

 Median     667.85    45.41     365.83       97.77     422.43 

 Max 30525.57      919.70   9161.52    2807.34    11910.60 

 Min     128.74      5.96       37.67         7.45       23.80 

2011 Mean   3609.81     93.93   1233.64      292.56   1203.56 

 Std.Dev.   4547.96   120.22   1673.48      485.82   1806.23 

 Median   2131.09     59.72     698.91      157.65     641.49 

 Max 43924.53 1069.70 14833.70     4545.72 16593.87 

 Min     446.94       8.51       59.05         13.60       41.00 

Source: Author’s own calculation 

4.4.2. Results and Analysis 

4.4.2.1 Environmental Efficiency in Regional Groups 

Chinese regions differ in terms of geographic location, technology level, weather conditions 

and development policies. In this section, the 286 cities are divided to three groups, namely 

the coastal (101 cities), central (101 cities), and western (84 cities) regions. The 

environmental efficiency relative to the meta-frontier and group frontier is estimated for the 

286 Chinese cities in each year for the past decade. The empirical results are summarized in 

Table 4.3. It reveals relatively low environmental efficiency with regional disparity between 

Chinese cities. The average environmental efficiency of 0.7470 is low, which indicates that 

the potential to expand desirable outputs and to reduce undesirable outputs may be as high 

as 26 per cent. The environmental efficiency (0.7895) of the coastal cities is relatively high, 
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while the efficiency of the cities in the central region and the western cities is significantly 

lower than the national average level.  

As shown in Figure 4.2, 30 Chinese cities are relatively environmentally efficient with MEE 

and GEE being equal to 1; of these 30 cities, 13 are in the coastal region (Group 1), 7 in the 

central region (Group 2) and 10 in the western region (Group 3). This suggests that the 

coastal cities are relatively more efficient than cities in the other two regions; and that the 

central cities are the least efficient. According to the results, in terms of MTR, 14 cities 

recorded a value of 1, and most of these cities are located in the coastal region. The results 

also show that Baotou city had the smallest average MTR of 0.6209, which means the 

greatest heterogeneity of production technology in Baotou city. The results also show that 

Baotou has the largest TGI (0.3791), which indicates greater heterogeneity of production 

technology between the meta-frontier and group frontier. However, there are ten coastal 

cities and four western cities with a TGI of 0, which suggests that for those cities there is no 

technology gap between the meta- frontier and group frontier.  

 

 

 

 

 

 

 

 







96 

 

 (0.1183) (0.1195) (0.0782)     

Source: Author’s own calculation 

Note: The numbers are mean values (standard deviations in parentheses) 

Figure 4.4 plots the estimated non-parametric kernel density (Silverman 1986) of the 

environmental efficiency scores for three regions in 2002, 2006 and 2011. The distribution 

shape of central cities is unimodal in the three specific time periods, with a declining trend 

in environmental efficiency. The distribution of MEE amongst coastal cities in 2002 and 

2006 is markedly bimodal and polarized with the left mode being located around 0.72 and 

the right being around 0.94. It is also worth mentioning that the distribution shape of the 

coastal cities flattens and then widens in 2011, revealing the environmental efficiency 

improvement and polarization over the sample period. The efficiency performance of 

western cities shows significant improvement between 2002 and 2011, whereby the peak 

becomes higher and the right tail gains considerable probability mass thereby representing 

higher levels of efficiency. This could be due to the policy of “The Development of Western 

Region in China”.      
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The MEE measures range from 0.5291 to 1 for key cities, and from 0.5458 to 1 for non-key 

cities. The mean environmental efficiency score of the key cities (non-key cities) is 0.7396 

(0.7518), which means that on average each city has the potential to reduce about 26.1% 

(24.9%) of its CO2 emissions if it were to fully utilise its potential technology. 

Among the key cities, Guangzhou, Quanzhou, Shanghai and Suzhou are seen as relatively 

environmentally efficient. These cities are all located in the coastal area of China. 

According to data for the non-key cities, five of them are relatively environmentally 

efficient: Dongguan, Jiayuguan, Lijiang, Longnan and Ningde; four of these are tourist 

cities, with the exception of Dongguan. Although Dongguan is the well-known 

manufacturing city, the local government has strived to improve the environment condition. 

Recently Dongguan was rewarded as an international garden city and most liveable city. 

Table 4.4 Average Environmental Efficiency in Key and Non-Key Cities 

 MEE GEE MTR     

Key Cities  0.7396  0.7942  0.9333     

 (0.1199) (0.1267) (0.0597)     

Non-Key Cities  0.7518  0.7689  0.9792     

 (0.1174) (0.1233) (0.0332)     

Source: Author’s own calculations 

Note: The numbers are mean values (standard deviations in parentheses) 
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Figure 4.6 Kernel Density of MEE for Key and Non-Key Cities 
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2006 

 

2011 

 

Source: Author’s own calculations 
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4.4.2.3 Environmental Efficiency by City Size  

Energy consumption and CO2 emissions are mostly depending on the city’s population. In 

this subsection, cities are classified into four groups based on their average actual resident 

population, namely small cities (resident population is less than 500,000) (55), medium 

cities (resident population is between 500,000 to one million) (106), large cities (resident 

population is between one million to five million (59), and extra-large cities (resident 

population is over five million) (66). The environmental efficiency analyses were made for 

each of these four groups. According to Table 4.5 and Figure 4.7, extra-large cities had the 

best environmental efficiency performance, and small cities performed the worst. For extra-

large cities, average MEEs ranked the highest. Moreover, for extra-large cities average 

MTRs were 0.9465, which ranks the highest among the four groups and indicates that the 

technology heterogeneity of extra-large cities is lower than that of small, medium and large 

cities.   

Table 4.5 Descriptive Statistics of Environmental Efficiency by City Size 

 MEE GEE MTR     

Small  0.7155  0.8382  0.8552     

 (0.1299) (0.1273) (0.0867)     

Medium   0.7290  0.7924  0.9209     

 (0.1210) (0.1254) (0.0516)     

Large   0.7704  0.8443  0.9138     

 (0.1030) (0.1107) (0.0495)     

Ex-large   0.7815  0.8270  0.9465     

 (0.1058) (0.1110) (0.0507)     

Source: Author’s own calculations 

Note: The numbers are mean values (standard deviations in parentheses) 
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Figure 4.8 Kernel Density of MEE by City Size 

2002 

 

 

2006 
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2011 

 

Source: Author’s own calculations 

 

4.5. Convergence of Environmental Efficiency in Cities 

Predicting future environmental efficiency is an important step in designing environmental 

policies in China. Therefore, it is important to make policy makers to understand the spatial 

distribution and evolution of environmental efficiency. This issue has received some 

attention in environmental and energy efficiency research (Herrerias 2012, Herrerias and 

Liu 2013, Wang and Zhang 2014, Li and Lin 2015, Shen et al. 2015 and Herrerias et al. 

2017). Such studies applied the convergence approaches for such as sigma convergence, 

beta convergence, and stochastic convergence. These traditional approaches help us to 

understand the evolution of environmental efficiency in general, but provide little 

information regarding the mobility and the dynamic distribution (Wu et al. 2016). In other 

words, traditional convergence approaches provide no information about the formation and 
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evolution of environmental efficiency or inefficiency and they also neglect the possibility of 

intra-distribution mobility. 

The stochastic kernel approach was proposed by Quah (1997) to estimate the transition 

probability and ergodic distribution. However, this requires a large number of observations 

to guarantee the reliability of results. In this study, the PAA city panel dataset has 2,860 

observations and therefore is suitable for the continuous dynamic distribution analysis.   

According to Wu et al. (2016), let )(xf t  represents the distribution of variable x at time t, 

and )(yf t   the distribution of variable y at time t  , where  >0. Assuming that the 

evolution of the distribution is time invariant and first-order, so that the future distribution 

of variable y in t depends only on the distribution of variable x in time t, then the future 

distribution of variable y at time t  can be expressed as: 

                                              dxxfxygyf tt )()()(
0


                                                   (4.10) 

where the conditional density term )( xyg is a transition probability operator, which is a 

stochastic kernel mapping the transition process of the distribution from time t to time t . 

For any x, it has 1)(
0




dxxyg (Johnson 2005).  

The joint natural kernel estimator of ),(, xyf tt   
can be estimated as follows: 
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where xh and yh represent the bandwidth of x and y respectively. ix and iy are the relative 

MEE values of the cities at time t and time t , respectively. Based on the studies (Quah 
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1997; Johnson 2005), the bandwidths in this study are calculated by using the method 

proposed by Silverman (1986). 

Similarly, the marginal kernel of x can be expressed as: 
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With the joint and marginal kernel density, the conditional density can be calculated as 

follows: 
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The ergodic distribution is a long run equilibrium state of the evaluation of the distribution 

given that the transition probability function )( xyg remains unchanged (Wu et al. 2016). 

Therefore, the ergodic distribution which corresponds to a given )( xyg , can be solved 

using the following: 

                                            
dxxfxygyf )()()(
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The transition probability and ergodic distribution are presented with a kernel density plot in 

the continuous dynamic distribution approach. Cheong and Wu (2015) proposed a net 

transition probability (NTP) approach to present the transition dynamics of the distribution 

and the next section is concentrated on the NTP analysis. This approach provides the precise 

values of net upward probability at each point. The NTP can be calculated as: 
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In this chapter, a positive NTP at a point implies an increase in environmental efficiency, 

while a negative NTP at a point implies a decrease in environmental efficiency.  

4.5.1 Analysis of Convergence 

Figure 4.9 shows the distribution of NTP for the relative MEE of Chinese cities with an 

annual transition from 2002 to 2011. Cities with relative MEE values between 0.90 and 1.35 

have negative net transition probabilities. This implies that these cities with above average 

MEE scores have a net probability of moving down in the distribution. However, cities with 

relative MEE values lower than 1.01 have positive net transition probability, implying those 

cities would tend to register an increase in their relative MEE.  

Figure 4.9 NTP and Ergodic Distribution of All City Samples, 2002-2011 

 

Source: Author’s own calculations 

In fact, NTP can indicate not only the exact value of relative MEE, but can also generate 

information which, when derived, reveals important aspects of the ergodic distribution. 

Figure 4.9 shows that a uni-modal relative MEE distribution can be achieved in the long 

term. However, all cities will converge to a value around 0.9 in relative MEE, which is 

below the mean. This pattern suggests many cities will converge at the lower value of MEE. 

It can be found that the ergodic distribution basically delivers the same information on 
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transitional dynamics as presented by the NTP. As mentioned above, the NTP shows that 

the cities with relative MEE values lower than 0.9 tend to move upward in the distribution, 

while cities with relative MEE values greater than 0.9 tend to move downward. Therefore, 

many cities will converge to a value around 0.9 in the long run, which is the peak of the 

ergodic distribution.     

China’s unbalanced regional development policy has attracted heavy criticisms from the 

likes of Cheng and Zhang 1998, Fan 1997, and Zhao and Gu 1995). This problem has 

recognized by Chinese government and it announced some policies to narrow the 

development gap between the inland, western regions and developed coastal regions. In 

1999, the ‘Campaign to open up the West’ was launched to seek economic development in 

the western regions (Goodman 2004). In addition, the ‘Rise of Central China’ campaign was 

initiated in 2004 (Lai 2007). These policies were implemented to boost development in the 

western and central regions to reduce regional inequality. It is worth to examine the 

transitional dynamics of the three economic zones. 

NTP and the ergodic distribution of the three economic zones are shown in Figure 4.10. The 

NTPs of the coastal, central and western cities cross the horizontal axis within a range of 

0.84 - 1.02. The NTP of the coastal cities intersect the axis at around 1.02 and it is the 

highest among the economic zones; this indicates that the governments in the coastal cities 

had achieved more than the other regions in improving environmental efficiency for the low 

efficiency cities with relative MEE values lower than 1.02.  

The distribution of NTP for the western cities is needs more discuss. Two sections (0.7-0.81 

and 0.9-1.04) of the NTP curve lie above the horizontal axis, suggesting the potential for 

further increases in environmental efficiency. The right-hand plots of Figure 4.10 show the 

ergodic distribution of the three economic zones. There is only one peak in the coastal and 
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central cities, which shows that most coastal cities will converge to the average MEE and 

most central cities will converge to the relative MEE value of 0.88. Western cities have 

more than one peak in the ergodic distribution, indicating that significant club convergence 

will appear in the long run if the current distribution dynamics remain unchanged. It also 

shows there are many cities in the western region which may converge to relative MEE 

values higher than the average. It can be observed that the ergodic distribution is more 

dispersed in the western cities than in the coastal and central cities.     

Figure 4.10 NTP and Ergodic Distribution of Regional Groups 

Coastal Cities 

 

Central Cities 
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Western Cities 

 

Source: Author’s own calculations 

Figure 4.11 shows that the NTPs for key and non-key cities are similar for the period of 

2002-2011. The NTPs of both groups have negative parts with relative MEE values greater 

than 0.9. Moreover, key cities and non-key cities show extremely low net negative transition 

probability in the area of 1.3-1.35. These results imply that both groups with relative MEE 

values in the range of 1.3-1.35 have strong tendency to reduce their environmental 

efficiency. A comparison of NTP for the key and non-key cities suggests that preferential 

environmental policies may not work well as intended in key cities. This outcome derived 

from the NTP analyses would imply that the central government should impose more 

stringent environmental policies or restrictions in both city groups with relative MEE values 

in the range of 1.3-1.35.  

The right-hand plots of Figure 4.11 show the ergodic distribution for the key and non-key 

cities. It is can be observed that the ergodic distributions of both city groups are uni-modal. 

It is concerning to note that the peak of both key and non-key cities lies below the average 

value of relative MEE, indicating that most of key and non-key cities will converge to low 

environmental efficiency in the future. 
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Figure 4.11 NTP and Ergodic Distribution of Key and Non-Key Cities 

Key Cities 

 

Non-Key Cities 

 

Source: Author’s own calculations 
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0.96-1.11. This implies that cities in these two areas had the tendency to increase their 

environmental efficiency.  

The ergodic distribution of small cities on the right side of Figure 4.12 has two peaks at 0.84 

and 1.1; this figure indicates that most small cities will converge at these two points if the 

current dynamics distribution of relative MEE remains unchanged. A similar ergodic 

distribution is found for extra-large cities: points 0.9 and 1.12 are where most extra-large 

cities will converge in the future. The NTPs of medium and large cities intersect the 

horizontal axis at around 0.95. In Figure 4.12, it can be inferred that it is very difficult for 

the relative MEE of both groups of cities to move upward in the distribution. It can be 

observed that the peaks of the ergodic distribution on the right side of Figure 4.12 lie at 

roughly the same relative MEE values as the horizontal axis intersection of the NTPs. All 

the peaks of the ergodic distribution for both medium and large cities are situated under the 

mean. This result suggests that small and extra-large cities perform better than medium and 

large cities in environmental efficiency. Based on this finding, the implications for policy 

makers are that they must do more to increase the environmental efficiency of medium and 

large cities.   
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Figure 4.12 NTP and Ergodic Distribution of City Groups by City Size 

Small cities 
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Large cities 
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Extra-large Cities 

 

Source: Author’s own calculations 
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electrolytic aluminium, and coal industries have developed rapidly (Wang et al. 2013). The 

economic development model in some central and western regions resulted in high energy 

consumption and high pollution discharge.  

In 2006, the central government proposed an energy price modification strategy, so the 

subsidies for energy products were dramatically reduced, and this leads to the energy price 

in China increased (Wang et al. 2013). Take coal as an example, the price of coal is largely 

unregulated, and it increased through 2006 and thereafter; this can be considered as one 

reason for environmental efficiency improved in 2006 observed in this study. In general, 

although China’s environmental efficiency is below the best practice, China is devoted to 

improving environmental efficiency. In the 9th Five Year Plan (1996 to 2000), the central 

government first proposed the energy saving and emission reducing plan. Furthermore, the 

12th Five-Year Plan set an ambitious goal of reducing CO2 intensity by 17 per cent between 

2011 and 2015 and this goal has been achieved.  

In geographical sub-sample analyses, the coastal cities are shown to perform better than the 

central and western cities. In fact, the central cities are ranked the lowest in environmental 

efficiency. Similarly, the environmental efficiency of large and extra-large cities is better 

than that of small and medium cities, and the environmental efficiency performance of key 

cities is slightly better than that of non-key cities. A further finding is the existence of 

technology heterogeneity in different sub-samples of cities.   

To further examine the long-run trend of environmental efficiency in Chinese cities, this 

study adopted the continuous dynamic distribution to estimate the transition probability of 

Chinese cities in terms of environmental efficiency. The results reveal that environmental 

efficiency in Chinese cities tends to converge to a low level in the long-run. The NTP 

analysis also shows that environmental efficiency city with relative MEE values of around 
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or greater than 0.9 have the strong tendency to fall. These results imply that the Chinese 

government should impose more stringent environmental policies and restrictions in these 

cities. 

Sub-sample analyses showed peaks only for the coastal cities and central cities, indicating 

that most coastal cities will converge to the average relative MEE and most central cities 

will converge to a relative MEE value of 0.88. Western cities have more than one peak in 

the ergodic distribution, indicating that significant club convergence will appear in the long-

run if the current distribution dynamics remain unchanged. It is also shown there are many 

western cities that may converge to relative MEE values higher than the average. The results 

also suggest that key cities and non-key cities will converge to a similar level in terms of 

relative MEE value. In addition, distribution dynamics of small and extra-large cities exhibit 

better performance than medium and large cities. From sub-sample analyses it can be 

inferred that in order to improve environmental efficiency, the government should in the 

future focus more effort on non-key cities, the central cities, and medium and large cities in 

western China.      
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Appendix 4A: Capital Stock Estimation 

In this study, the perpetual inventory method (PIM) is applied to construct the capital stock 

for each city. The measurement can be shown as follows: 

                                            ctcttcct PIKK /)1( 1,                                                       (4A1) 

where ctK  and 1, tcK  stand for capital stock at year t and year t-1, ctI
 
stands for the 

investment in fixed asset at year t for city i,  is the depreciation rate and ctP  is the price 

deflator for investment in fixed assets. Based on the expression, we need to obtain the 

capital stock value at the base year which is 1978, the depreciation rate, the investment and 

the price deflator for investment in fixed assets. According to Kohli (1982) and Hall and 

Jones (1999), capital stock at the base year in this study can be calculated as 

)](/[ ccc gPIK    where cg  is the average annual growth rate of investment in each city. 

 

Appendix 4B: CO2 Emission Estimation 

This chapter considers CO2 emissions come from four sources of energy consumption 

(Glaeser and Kahn 2010). These are electricity, fuel, heating and transportation. The 

equation to estimate CO2 emissions can be displayed as follows: 

  tionTransportaHeatingFuelyElectricitEmissionsco **** 43212    

Electricity consumption data in each city can be obtained from the annual China City 

Statistical Yearbook. In Chinese cities, natural resources that are used to produce electricity 

in each city are significant different. For example, coal-fired power plants may have a 

higher emission factor than renewable energies power plants. Therefore the electricity 
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conversion factor differs across regions in China (Wu et al. 2016). China’s state power grid 

consists of six regional power grids (Wu et al. 2016). In recent years, the National 

Coordination Committee on Climate Change estimated and reported the emission factors for 

each regional power grid. According to Glaeser and Kahn (2010), electricity usage in the 

same regional power grid is substitutable, so regional emission factors need to be applied to 

convert electricity consumption into CO2 emissions. This study uses the data of coal gas and 

liquefied petroleum gas and the conversion factors from Intergovernmental Panel on 

Climate Change (IPCC) 2006 to calculate the fuel consumption. Data for coal gas and 

liquefied petroleum gas consumption in each city are available from the annual China City 

Statistical Yearbook.  

Central heating is provided between November 15 and March 15 in northern Chinese cities. 

Heating depends on coal, solar power, gas and so on. However, industrial boilers have been 

used to provide heating for most of northern Chinese cities and China Urban Construction 

Statistical Yearbook provides data of central heating by cities. Coal consumption for central 

heating can be estimated with heat values, thermal efficiency, and average low calorific 

value (20908 kjoule/kg). According to GB/T 15317-2009 Monitoring and Testing for 

Energy Saving of Coal Fired Industrial Boilers, this study adopts a 70 per cent thermal 

efficiency rate (Wu et al. 2016). Electricity consumption is used as a replacement for 

heating in southern Chinese cities due to central heating system is not provided in southern 

Chinese cities. Therefore, CO2 emissions from heating are estimated with data of coal 

consumption for heating and the conversion factor from IPCC 2006.  

Energy consumption data of transportation is not directly available at the PAA city level. 

However, detailed passenger traffic (passenger-kilometers) and freight traffic (ton-

kilometers) information by road, railway, waterway, and air are provided by China City 

Statistical Yearbook provides. The freight ton-kilometers (passenger-kilometers) can be 
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estimated by the sum of the product of the number of passengers and the transport distance 

for each city (Wu et al. 2016). Li et al. (2013) assumed that energy consumption is 

proportionate across different modes of transportation. In this chapter, it directly applied the 

ratio from Li et al. (2013). Since the China Statistic Yearbook provides data of all types of 

energy consumption by the transportation sector, this chapter can calculate the energy 

intensity (MJ/t-km, tons of coal equivalents (tce) per t-km) of each transportation mode. 

With city level freight traffic, passenger traffic and energy intensity, energy consumption 

can be calculated by the transportation sector in each city (Wu et al. 2016). Finally, CO2 

emissions can be estimated by the transportation sector by combining energy consumption 

data and conversion factors from IPCC2006. 
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Chapter Five 

Urban Growth and Aggregate Growth 

 

5.1. Introduction 

China's rapid growth and increasing labour demand in urban areas has resulted in a 

historically unprecedented acceleration in urbanization. China experienced rural to urban 

migration to the tune of 275 million people between 1978 and 2014, which has resulted in 

widening income and wage disparity in urban China. For example, Figure 5.1 reveals that 

the distribution of relative wage has become more dispersed across Chinese cities between 

2002 and 2013. The wage difference across cities reflects variation in labour productivity. 

Aggregate output may be increased by relocating labour to cities with higher productivity 

from cities with lower productivity. In contrast, aggregate output may be decreased if labour 

moves from high productivity cities to low productivity cities.  

Local labour demand increase caused by an increase in local total factor productivity (TFP). 

This may drive aggregate output growth more effectively if the TFP increase results local 

labour supply increase. However, increases in local TFP have not translated to increases in 

local labour supply of the same scale for the majority of China’s western cities. Increases in 

local TFP in coastal cities tend to result in higher real wages and housing prices.  

Specifically, this chapter aims to investigate how the economic growth of 286 Chinese cities 

at the prefecture and above-prefecture levels (PAA) determines the growth of the nation. 

The analysis is based on the spatial equilibrium Rosen-Roback model, assuming that labour 

can move freely across Chinese cities. Local labour demand and supply cause the wage 
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5.2. Literature Review 

A large body of literature on urban economics has indicated that local forces could explain 

the differences in wages across cities (for example, Barro et al. 1991; Barro and Martin 

1992 and Gennaioli et al. 2012), but comparatively less attention has been paid to examine 

how local forces aggregate to affect a country’s growth. 

This study fills this gap, studying how the economic growth of cities has affected national 

growth. It examines 286 Chinese cities at the prefecture and above-prefecture (PAA) levels 

over the past decade and uses a spatial equilibrium model to address two questions. First, it 

estimates the contribution of individual Chinese city to national output growth between 

2002 and 2013. Then, it presents a normative analysis of potential growth.  

This chapter contributes to the large body of empirical work begun by Rosen (1979) and 

Roback (1982). There exists a significant body of literature which uses price data on rent 

and wages to estimate differences in amenities, technology levels and housing supply 

regulations across cities (Chatterjee and Carlino 2001; Rappaport 2007 and Redding and 

Sturn 2008). This study highlights the aggregate negative impact of housing supply 

regulations and changes on amenities, and is most closely related to Au and Henderson 

(2006), Desmetes and Rossi-Hansberg (2013), Redding (2016) and Hsieh and Moretti 

(2017). Au and Henderson (2006) employ a model with agglomeration economies and 

congestion effects to analyse optimal size of Chinese cities, while Desmetes and Rossi-

Hansberg (2013) analyse the effect of the heterogeneity of local TFP, amenities and local 

frictions in the US and China. Hsieh and Moretti (2017) estimate the contribution of 220 US 

cities to national GDP by use a spatial equilibrium model. Redding (2016) analyses the 

effect of internal trade frictions on welfare. This chapter focuses on the effect of amenities 

and housing supply on wage dispersion and aggregate output in China.   
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5.3. Model, Assumptions and Data  

5.3.1. Model 

This study uses a standard spatial equilibrium Rosen-Roback model. The spatial equilibrium 

hypothesis has been the organizing principle of urban economics for over fifty years, and 

thus is suitable for this context. It was first applied to land prices and usages within 

metropolitan areas by Alonso (1964) and Muth (1969) and then was extended to income and 

price differences across metropolitan areas by Rosen (1979) and Roback (1982). Since then, 

a number of studies have applied the Rosen and Roback model to examine the effect of local 

regulations of land use on local housing prices (for example, Glaeser et al. 2005; Glaeser 

and Gyourko 2005 and Saiz 2010).  

The core idea of the spatial equilibrium Rosen-Roback model is that cities do not offer a 

‘free lunch’. For example, if a city has higher wages and good amenities, then local house 

prices are expected to be high. If a city has nice amenities, then local real wages are 

expected to be lower due to a larger labour supply (Chauvin et al. 2017). 

City i’s technology level can be expressed as follows: 

                                                             


iiii KLAY                                                            (5.1) 

Here, iY  denotes real gross regional product, iA  is TFP, iL is employment, and iK is the 

capital stock.  

Labour can move freely across cities and has indirect utility given by: 

                                                                


i

ii

P

ZW
V                                                               (5.2) 
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where iW  denotes the real wage, iZ  represents amenities, iP is the housing price in the city 

and   is the share of expenditure on housing.3 It assumes that capital is supplied with 

infinite elasticity at an exogenously given housing price (Hsieh and Moretti 2017). 

Now, the equilibrium labour allocation across cities may be displayed as (see Appendix 5E 

for the solution of the model): 
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RL                                                     (5.3) 

where, iiii RKLA 1 , which denotes the interest rate. Labour demand is increasing if 

local TFP increasing and decreasing if the local real wage increasing. This has been 

confirmed by numerous empirical studies, for example, Desmet and Rossi-Hansberg (2013). 

By substituting (5.2) into (5.3), it is possible to see that employment can also be expressed 

as 
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R
L . Higher labour supply in cities may be due to 

high local TFP, low housing prices and better amenities.  

This model assumes i

ii LP


 , where i  is a parameter measuring the elasticity of the housing 

supply with respect to the number of workers. An increase in the number of workers also 

increase the local house prices when i  is large. Land availability and land use restrictions 

could affect i  across cities. i is higher if cities have stringent land use restrictions and i  

is lower if cities have abundant land and relaxed land use regulations (Glaeser et al., 2005). 

 

                                                           
3 This study calculates the share of housing expenditures based on data from the China Statistical Yearbook. It 

uses national household expenditures on housing divided by national household total expenditures. Here it 

suggests that   is roughly constant across the 286 Chinese cities. 
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The equilibrium wage is now written as: 
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This equation implies that the equilibrium wage depends on i  
and is increasing with local 

TFP and decreasing with local amenities. TFP reflects labour demand; that is, higher local 

TFP implies stronger local labour demand and therefore higher local real wages, and vice 

versa. Amenities and housing supply reflect labour supply. For example, desirable amenities 

imply a larger labour supply and therefore lower real local wages. Workers will be more 

willing to live in a city that has better amenities, even if the local real wage is lower.  

Next, it is possible to solve for aggregate output and welfare. First, equations (5.2) and (5.3) 

are used to express welfare as: 

                                             1)( 
i i

ii
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                                                                (5.5) 

where 
i

iYY  denotes aggregate output. 
i i

ii

Z

PL 

 is the price of utility. Second, it is 

assumed that aggregate labour demand is equal to aggregate labour supply, then aggregate 

output can be expressed as follows: 
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where i

i

i LWW   stands for the employment-weighted average real wage and iW  is 

solved by equation (5.4). Aggregate output depends on local TFP and the city’s average real 
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wage relative to the national mean level. Housing supply elasticity i  could affect housing 

price and then housing price could affect aggregate output by changing the local real wages 

The growth of aggregate output can be defined as: 
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where 
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  denotes the hypothetical city size when real wages are identical 

across all cities. Equation (5.7) indicates that aggregate output growth can be decomposed 

into two effects which are the effect of local TFP and the effect of a change in the spatial 
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dispersion of wages. Those two forces also would determine the growth of aggregate 

welfare, as well as changes in the price of utility.  

To explain these mechanisms, it needs to consider how changes in local TFP and local 

amenities affect aggregate output and welfare (Hsieh and Moretti 2017). Firstly, higher TFP 

growth in cities results in higher aggregate output and welfare (holding the price of utility 

constant). Higher local TFP raises the local labour supply and results in higher housing 

prices. This increases the average housing price in all cities and lowers welfare (holding 

aggregate output fixed), and this effect is larger when the local housing supply is relatively 

inelastic. Secondly, high local housing prices increase the local average real wage, but the 

effect of the increased local wage on aggregate output depends on whether the city’s wage is 

higher or lower than the national average. If there is an increase in the local housing price in 

cities with higher wages, which expand the gap between the local wage and the average 

national wage, aggregate welfare will fall. However, TFP increase in a city with lower 

wages could result in an increase in local wages, and it will narrow the gap between the 

local wage and the average national wage, which would increase aggregate welfare. In this 

case, the growth rate of cities with low wages understates the local contribution to aggregate 

output growth.  

Furthermore, declines in local TFP will decrease aggregate output and welfare. In the 

framework, a decline in local TFP will lower the local housing price and lower local 

housing prices have two different effects. Firstly, lower housing prices lower the price of 

utility, which increases aggregate welfare. Secondly, lower housing prices also lower the 

local real wage, and the aggregate effect depends on the level of the local wage relative to 

the national average real wage. If the local real wage is higher than the national average, a 

decrease in the real wage potentially narrows the wage gap, and it increases aggregate 

welfare. Under this scenario, local GDP decreases due to the effect of the decrease in local 
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TFP and the decrease in the local wage. However, there could be a positive net effect on 

aggregate output growth if the effect of the narrowing wage gap is larger than the effect of 

the decrease in local TFP. 

Finally, if amenities improve in high wage cities, this increases the aggregate level of 

amenities and narrows the wage gap. Based on the model, the decline in wage dispersion 

improves welfare, and increases the contribution of local output (welfare) to aggregate 

output (welfare). In contrast, if amenities improve cities with lower local wage, it will 

increase the aggregate level of amenities, but it will also expand the wage gap. In this case, 

although local GDP increases, but the improvement of amenities in lower wage cities would 

lower aggregate output (Hsieh and Moretti 2017).   

This study uses the logic above as a framework for two calculations in the empirical 

analysis. First, it measures the contribution of each Chinese city to aggregate Chinese 

growth. Second, it calculates the counterfactual output growth in China under different 

assumptions regarding wage dispersion.  

5.3.2 Assumptions and Extensions 

To begin with, three assumptions are made for this study: (i) TFP and amenities are 

exogenous; (ii) workers do not own housing stock, and (iii) workers have homogeneous 

tastes and are perfectly mobile across cities. All three assumptions can be relaxed below. 

TFP and amenities are exogenous:  

A significant body of literature on urban economics indicates that the level of TFP and 

amenities might not be exogenous, but rather may depend on city size (Ahlfeldt et al. 2015 

and Diamond 2017). In this study it is assumed that the elasticity of agglomeration and 

amenities are constant across cities, so that worker mobility and relocation across cities has 
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no aggregate impact on aggregate TFP and amenities. This is due to the changes 

experienced by cities that grow are exactly offset by changes experienced by cities that 

shrink. 

Workers do not own housing stock:  

Under this assumption, housing market booming lowers welfare if workers do not own the 

housing stock in particularly city. Suppose, instead, it is assumed that the housing stock is 

owned by workers in equal proportions. All the equations remain the same, except that 

welfare is now given by:  

1))(( 
i i

ii

i

i

ii
Z

PL
PhLYV



 

where ih  denotes housing consumption per capita. This means that welfare will affected by 

housing prices through the effect of the dispersion of real wages on aggregate output.  

The most realistic case in China is that workers own housing stock in the city in which they 

reside. In other words, workers in some areas are made better off due to the increasing of 

local housing price, while workers in other areas become worse off due to the decline of 

local housing price. However, in aggregate level, the conclusions for this study are identical 

under the assumption of the housing stock is owned by workers in equal proportions. 

Workers have homogeneous tastes over locations and are perfectly mobile across cities: 

In reality, mobility is possible but imperfect in China due to the Hukou system. Thus, the 

indirect utility of workers becomes 1

1
1

)( 




i i

ii

Z

PL
YV



. This equation indicates that 

indirect utility will differ across cities depending on the workers’ preferences, , even if 

housing prices and amenities are the same across all cities. However, even if different 
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workers have different utility, average utility is still the same in all cities. It can be 

concluded that estimated aggregate output remains unchanged and does not depend on . 

5.3.3. Data 

There were 288 PAA cities in China by the end of 2014. However, most of the data are not 

available for two cities in Tibet (Lasa and Rikaze). Therefore, this chapter uses a panel data 

set encompassing 286 cities, between 2002 and 2013. These data were obtained from the 

China City Statistical Yearbooks, China Statistical Yearbook, and Wind Financial Terminal 

(WFT). In particular, there is a focus on the following variables: city GDP, labour (city 

employees at the end of the year), capital stock, city annual average wage per capita, and 

city average housing price. The variables for capital stock (see Appendix 5A for calculation 

details), city annual average wage per capita and GDP are deflated by the consumer price 

index (CPI) in 2000 constant prices. The estimate for labour share,  is 0.43 and the 

estimate for capital share   is 0.39, although sensitivity analysis is also provided using 

different values of  and  .4     

Average housing prices are available for each city, but average rental price data is not 

available. Cities’ average rental price is estimated by using the product of average housing 

price and the annual nominal deposit rate for that year (Ren et al. 2012).5  

The housing expenditure share
i  is calculated as the ratio of average household housing 

expenditures to average household total expenditures. Housing supply elasticity, i , is also 

required for each city, and the calculation details can be found in Appendix 5D.   

 

                                                           
4We estimate  and  by using on the function ln(GDP) = φ + α ln(Labour) + η ln(Capital Stock) + ε 
5The nominal deposit rate is a one-year fixed term deposit rate, obtained from The People’s Bank of China. 

The average nominal deposit rate over the period was 2.3 per cent. Wu et al., (2012) estimated the rent-to-

price ratio to be 2-3 per cent, which is consistent with this study.    
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5.4. Changes in the Spatial Dispersion of Real Wages, 2002 – 2013 

The model indicates lower aggregate output resulted by larger wage dispersions, holding 

other things constant. Wages reflect the labour productivity of city, and thus, aggregate 

output may be increased by reallocating some workers from areas with low productivity to 

areas with high productivity. For instance, in 2013, average real wages per capita in Beijing 

and Shanghai were more than three times larger than real wages in Yichun and Xiangfan, as 

the labour productivity in Beijing and Shanghai is more than three times as large. If some 

workers were reallocated from Yichun and Xiangfan to Beijing, aggregate GDP would 

increase as there would be an increase in workers in a city that is highly productive. In 

principle, aggregate output is maximized when wages are equalized across cities. 

Empirically, real wages across Chinese cities are more spatially dispersed in 2013 than in 

2002, which suggest a negative effect on output growth. Figure 5.2 and Table 5.1 show the 

change in the dispersion of average real wages. Figure 5.2 reveals that the mean levels of 

real wage per capita have increased for all three regions from 2002 to 2013. As expected, 

the Kernel distributions of real wages for all three regions have become much wider, 

especially for western cities.  Panel A of Table 5.1 indicates that the standard deviation, 

interquartile range, and the range (difference between maximum and minimum value) of the 

average real wage per capita have all increased from 2002 to 2013. Panel B shows that this 

increase in dispersion is driven by four cities with high real wage levels over the past decade: 

Beijing, Shanghai, Guangzhou and Shenzhen. Excluding these four cities significantly affect 

the wage distribution. The standard deviation and the range of the average real wage are 

much smaller when these four large cities are excluded.  
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5.5. Empirical Findings 

First, the adjusted contributions of each Chinese city toward aggregate growth are calculated 

and compared with the city’s GDP growth as a percentage of aggregate GDP growth over 

the same period (Section 5.5). Second, a counterfactual calculation is performed to see how 

much larger China’s GDP would be if the spatial dispersion of wages was identical for year 

2002 and 2013 (Section 5.6). 

5.5.1 Local and Aggregate Growth 

Equation (5.7) is used to calculate the adjusted contribution of each city to aggregate growth, 

from 2002 to 2013. These calculations are presented in Table 5.2 and Figures 5.3 - 5.6, with 

the contribution of three groups (regions) of cities shown separately. Figure 5.3 displays the 

adjusted contribution of the 286 Chinese cities to aggregate growth against the accounting 

contribution of local GDP to aggregate GDP growth over the examined period. The 

calculation of adjusted contribution is based on the model, equation (5.7), whereas the 

accounting contribution indicates the growth in local GDP as a ratio of aggregate GDP 

growth.6 Cities that lie above the solid 45-degree line show that they have a higher adjusted 

contribution than the accounting contribution, while cities below the solid line shows that 

they have a higher accounting contribution than the adjusted contribution. According to the 

results, 119 cities have a higher accounting contribution than the adjusted contribution.   

The first feature apparent from Figure 5.3 is that the dispersion of the accounting 

contribution of each city is much wider than that of the adjusted contribution. The range of 

                                                           
6  The ‘accounting contribution’ calculation of local growth is based on the accounting identity
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 , where the t and t+1 subscripts denote time, iy is GDP per worker in city i, and 

iL  is the employment share in city i. The contribution of local to aggregate is the ratio between local 

growth and aggregate growth.  
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the accounting contribution is 3.90 per cent, whereas the range (the difference between the 

maximum and the minimum value) of the adjusted contribution is only 1.10 per cent.  

Another feature of Figure 5.3 is that there are sizeable differences between the two 

estimated contributions. For example, Beijing’s GDP growth was 4.00 per cent of aggregate 

output growth from 2002 to 2013. However, based on the Rosen–Roback model, Beijing 

was only responsible for 1.00 per cent of aggregate output growth. This difference is likely 

due to the fact that output growth of Beijing was driven by higher real wages and higher 

housing prices, which increased the overall spatial misallocation of labour. As an alternate 

example, Yulin’s GDP growth was 0.71 per cent of aggregate output growth from 2002 to 

2013, while its adjusted contribution was 3.01 per cent. In the case of Yulin, the difference 

is because much of the adjusted growth was driven by TFP improvements. Other cities 

display significant differences, such as Zhongwei and Jiayuguan, which are both well above 

the solid line.  

Overall, Figure 5.3 shows that the relationship between the local accounting contribution to 

aggregate growth and the local adjusted contribution to aggregate growth is positive, but 

with an elasticity far below one. A regression of the variable of adjusted contribution on the 

variable of accounting contribution yields a coefficient (standard error) of 0.10 (0.02), with 

an intercept equal to 0.003.   
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for all cities in years 2002 and 2013. In columns 2 and 3, returns to scale are the same and 

 and   are varied.  

Table 5.2 Accounting Contribution and Adjusted Contribution by Group 

 Accounting Contribution Adjusted Contribution 

Coastal Cities (N=101) 42.82% 34.74% 

Central Cities (N=101) 33.95% 27.78% 

Western Cities (N=84) 23.23% 37.48% 

Source: Author’s own calculations 

Table 5.3 Adjusted Contribution by Group – Robustness Check 

 

 

Adjusted Contribution 

(1) 

Baseline 

39.0

43.0








 

(2) 

 

5.0

32.0








 

(3) 

 

a = 0.5

h = 0.32
 

Coastal Cities (N=101) 34.74% 35.83% 34.18% 

Central Cities (N=101) 27.78% 22.91% 29.99% 

Western Cities (N=84) 37.48% 41.26% 35.83% 

Source: Author’s own calculation 

 

 

5.6. Wage Dispersion and Aggregate Growth 

Equation (5.7) shows that there are two effects on aggregate growth which are the effect of 

local TFP and the effect of change in the spatial dispersion of wages. The equation shows 

that increased wage dispersion negatively affects aggregate growth. Empirically, the spatial 

dispersion of real wages across Chinese cities increased between 2002 and 2013. 
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This section examines the effect of wage dispersion on aggregate output growth between 

2002 and 2013. It estimates counterfactual output by assuming that the relative wage of a 

city in 2002 and 2013 are identical. It takes local TFP in each city as fixed.  Change in the 

local housing supply and amenities would reflect labour and capital reallocation (Hsieh and 

Moretti 2017). As evident from equation (5.4), local wages are determined by local TFP, 

amenities and the elasticity of housing supply.  

Figure 5.7 shows that if the relative wage dispersion had not changed, 163 Chinese cities 

(mostly in the west) would have had higher growth. Based on this result, holding local TFP 

constant, the increased spatial dispersion of wages lowered aggregate GDP growth by 25.41 

per cent from 2002 to 2013. Table 5.4, assumes that the distribution of real wages in 2013 is 

equal to the 2002 level for all cities, coastal cities, central cities and western cities. The 

results show that all cities would have grown more if the real wage level of 2013 was equal 

to that in 2002. For example, given that China’s GDP in 2013 was 9.24 trillion USD, this 

would imply an additional annual aggregate income of 2.35 trillion USD.  

Table 5.5 shows the robustness of the estimation under different scenarios. It is founded that 

the results are not sensitive to changes in labour and capital shares for a given degree of 

returns to scale.  
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Table 5.5 : Robustness – The Effect of Changes in the Spatial Dispersion of Relative 

Wages under Alternative Labour and Capital Share 

 

 

Counterfactual Output 

(1) 

Baseline 

39.0

43.0








 

(2) 

 

5.0

32.0








 

(3) 

 

32.0

5.0








 

Coastal Cities (N=101)   3.27% 2.97%   3.55% 

Central Cities (N=101)   9.98% 7.17% 11.71% 

Western Cities (N=84) 12.16% 9.76% 13.9% 

Source: Author’s own calculations 

 

5.6.1 Sources of Wage Dispersion: Housing Supply and Amenities 

Thus far, the results of this chapter have shown that increase the spatial dispersion of real 

wages would lower aggregate growth and aggregate welfare. However, the cause of the 

increase in wage dispersion, and its implications for welfare, are yet to be considered. 

According to equation (5.5), the difference between welfare and output is simply the price 

of utility which is estimated by housing price and amenities, so it is important to understand 

how housing prices amenities affect wage level.  

 

This section examines the two factors - amenities and housing supply restrictions – that 

have contributed the most to the losses in output. This section only covers a nine year 

period, as the housing price data for 286 Chinese cities are only available from 2005 

onwards. 
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5.6.1.1 Amenities   

According to Hsieh and Moretti (2017), the distribution of amenities may differently affect 

aggregate output growth and it is depends on whether the city’s wage is high or low. Wage 

gap across cities may narrowed if amenities have improved in cities with higher wage level, 

and therefore increases aggregate output. Equation (5.2) can be used to measure amenities 

as follows: 
iii PWZ / . This equation indicates that local amenities are equal to the ratio of 

housing price and real wages, where the weight on housing price,  , reflects the share of 

housing expenditures on total expenditures.   is estimated to be 0.10.7 Some studies follow 

the quality of life literature to estimates the amenities and used data of the environment 

(such as 
2CO  emissions), and other life–quality measures from different city rankings (such 

as transport, education, arts, recreation, and leisure). As shown in Appendix 5B, of the seven 

correlation coefficients between the amenities estimations of this study and these alternative 

measures, all have the expected sign and two are statistically significant at the 10 per cent 

level, one is statistically significant at the 5 per cent level, and two are statistically 

significant at the 1 per cent level.  

 

Figure 5.8 displays the quantification of the role played by changes in amenities.8 The 

counterfactual output is computed by assuming that the amenity in 2013 is equal to the 

2005.9 This counterfactual was calculated in a two-step process. First, equation (5.4) was 

used to compute what wages would be in 2013, had amenities in each city stayed at 2005 

levels (holding TFP constant). Then, counterfactual output was calculated based on equation 

(5.7). 

                                                           
7 This study calculates the share of housing in total expenditures of urban households in 2013 using the ratio of 

national average per capita residence expenditures to cash consumption expenditures. All the data were 

obtained from the China Statistical Yearbook (2014).   
8 Appendix 5B shows that the spatial dispersion of amenities has increased between 2005 and 2013. 
9 The housing price data are only available from 2005 for most Chinese cities. 
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Source: Author’s own calculations 

Figure 5.10 China’s Residential House Price to Income Ratio, at the National Level 

 

Source: Author’s own calculations 

In the model, the equilibrium housing price can be expressed as 



 


)1)(1(1
)( i

i

iii ZAP . 

This shows that higher local TFP, better amenities, and higher i  result in the higher 

housing price. Obtaining the relevant counterfactual involves three steps. First, the elasticity 

of the housing supply is calculated for each Chinese city.11 Second, the elasticity is used to 

estimate the counterfactual housing prices and wages for all Chinese cities, holding local 

TFP and amenities constant at 2013 levels. The final step is to compute the counterfactual 

output.   

Based on the estimations, Beijing, Tianjin, Harbin, Shanghai, Wuhan, Changsha, Chengdu, 

Chongqing and Xian have relatively inelastic housing supplies. Conversely, 54 cities have 

negative elasticity. Notably, all of the aforementioned cities experienced relatively large 

appreciations in house price but relatively small increases in housing supply during the 

                                                           
11 See Appendix 5D for the calculations. 
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sample period. This result is consistent with Wang et al. (2012). The mean housing supply 

elasticity for the 286 cities is a significant 0.29. Empirically, the calculation uses 

counterfactual elasticity to estimate counterfactual wages in Beijing, Tianjin, Harbin, 

Shanghai, Wuhan, Changsha, Chongqing, Chengdu and Xian.12 Accordingly, it is found that 

counterfactual wages are lower in these nine cities, and labour supply is higher. This is due 

to when counterfactual housing supply is increased, in equilibrium, more workers can move 

to these cities from the other regions of China. 

The result shown in Table 5.6 indicates that this counterfactual housing supply would 

significantly increase the rate of growth. The counterfactual output gain between 2005 and 

2013 is 20.92 per cent. Comparing this figure with Table 5.4 (25.41 per cent), leads to the 

conclusion that housing supply elasticity accounts for more than 80 per cent of the overall 

counterfactual output gains.   

Table 5.6 Counterfactual Output – The Effect of Changing Housing Supply 

Regulations 

 2013 Counterfactual Output 

Elasticity of housing supply in Beijing, Tianjin, 

Harbin, Shanghai, Wuhan, Changsha, Chongqing, 

Chengdu and Xian are set equal to the mean 

regulation level 

20.92% 

Source: Author’s own calculations 

Notes: The entry in column 1 is the percentage difference between the counterfactual output level in 

2013 and the adjusted output level. 

 

 

 

 

 

                                                           
12 It sets the elasticity of housing supply in these listed cities as the national average level.  
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5.7. Conclusion  

This chapter highlights the possibility of output and welfare losses due to wage dispersion 

over the past decade. As the estimations are based on a number of untestable assumptions, 

they should not be taken as precise, but rather as an indication of the general order of 

magnitude of these losses. 

The results show that the adjusted contribution of a city to aggregate growth is significantly 

different from the standard accounting contribution. It is found that most of China’s 

adjusted aggregate growth was driven by the western cities. Although labour productivity 

and labour demand grew most rapidly in Beijing, Tianjin, Shanghai and Guangzhou, and 

these cities have a high concentration of service sector such as high-tech and finance, 

growth in these cities had limited benefits for aggregate Chinese growth. This is likely 

because fast growth in these cities meant increased local wages and housing prices. Strong 

labour demand, tight housing supply and high housing prices effectively limited 

employment. In contrast, the housing supplies of central and western cities were relatively 

elastic. Therefore, TFP growth in these cities had a small effect on local housing prices and 

real wages, and lower housing price has a positive effect on local employment. 

Land availability and land use regulations may have an effect on the housing supply. It is 

estimated that lowering regulatory constraints in Beijing, Tianjin, Harbin, Shanghai, Wuhan, 

Changsha, Chongqing, Chengdu and Xian to the mean level, would increase Chinese GDP 

by 20.92 per cent over examined period. This suggests that local land use regulations which 

restrict housing supply have important negative externalities for the country.  

One possible way to minimize these negative externalities in high TFP cities would be for 

the Chinese government to constrain the ability of Chinese cities to set land use regulations. 

For example, the size of Beijing is around 16,000 square kilometres, yet the urban area is 
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only 2,000 square kilometres. Thus, there is much potential for the development of land 

outside of the urban area. The government of Beijing could relax land use regulations and 

increase the housing supply. An alternative option is to further develop public transportation 

which links high productivity and high real wages cities with low productivity and low real 

wages cities. For example, a vast network of high-speed trains would allow many workers 

in cities with low TFP and low wages to commute to high TFP and high wage cities. 

Currently the majority of China’s high-speed railway only connects provincial capital cities 

and municipalities.  
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Appendix 5A: Capital Stock Estimation 

The perpetual inventory method (PIM) is applied to construct the capital stock for each city: 

                                   itittiit PIKK /)1( 1,                                                                (5A1) 

where tiK ,  and 1, tiK  are the capital stocks in year t and year t-1, itI
 
is the investment in 

fixed assets for city i in year t,  is the depreciation rate and itP  is the price deflator for 

investment in fixed assets. Based on this expression, the following must be obtained: the 

capital stock value in the base year, that is, 1978; the depreciation rate; the investment in 

fixed assets; and the price deflator. According to Kohli (1982) and Hall and Jones (1999), 

the base year capital stock in this study can be calculated as )](/[ ii gPIK   , where ig  is 

the average annual growth rate of investment in each city. 

Appendix 5B: Correlation Coefficients between Estimated Amenities and Standard 

Measures of Amenities 

 Correlation P-value Expected Sign 

City Road Area 0.03 0.198 Yes 

Number of Buses 

Per 10 Thousand 

People 

0.01 0.633 Yes 

2CO  Emissions -0.05 0.022 Yes 

Public Library Per 

100 People 

  0.068         0.00 Yes 

Number of 

Teachers 

-0.02 0.097 Yes 

Number of High 

Schools 

0.01 0.571 Yes 

Energy 0.12         0.00 Yes 
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Consumption 

 

Appendix 5C: Amenities in 2005 and 2013 

 Std. Dev. 

(1) 

Interquartile 

(2) 

Range 

(3) 

Amenities in 2005 2501.02 2679.06 14922 

Amenities in 2013 3661.61 4005.03 25358 

 

Appendix 5D: Estimation of the Elasticity of Housing Supply 

To estimate city-level supply elasticity, sales area is estimated based on housing prices, 

while controlling for important cost shifters in a panel data model (Wang et al. 2012). 

Using the panel data set of 2574 observations (286 cities over 9 years: 2005-2013), the price 

elasticity of supply is estimated at the city-level using a panel data model (as in Grimes and 

Aitken, 2010). The equation is as follows: 

     ittiitit MRateHPHPSaleArea 31,210 )ln()ln()ln(                          (5D1) 

SaleArea  measures the newly sold floor area of residential housing in city i at year t, HP is 

the housing price level, and MRate is the five-year mortgage interest rate, which is restricted 

to be identical across cities.13 0  is an overall constant term, 
1  is the price elasticity of 

supply for city i, and ti ,  is the error term for city i and year t. Given the short time series, it 

is assumed that there are no significant temporal effects and therefore no year fixed effect is 

included in the model.  

                                                           
13 The bank lending mortgage rate, which is modulated by the People’s Bank of China, is identical across 

different regions. 



155 

 

Table 5D Elasticity of Housing Supply by Cities 

City Elasticity City  Elasticity City Elasticity 

Ankang 0.14 Dongguan 0.55 Huizhou 0.66 

Anqing 0.49 Dongying 0.43 Huludao 0.33 

Anshan 0.54 Erdos 0.52 Huzhou 0.29 

Anshun -0.21 Ezhou -0.14 Jiamusi 0.25 

Anyang 0.59 Fangchenggang 0.06 Jian 0.38 

Baicheng -0.52 Foshan 0.66 Jiangmen 0.45 

Baise 0.25 Fushun 0.26 Jiaozuo 0.35 

Baishan -0.10 Fuxin 0.12 Jiaxing 0.46 

Baiyin -0.12 Fuyang 0.3 Jiayuguan -0.03 

Baoding 0.55 Fuzhou 0.58 Jieyang 0.12 

Baoji 0.37 Fuzhou 0.47 Jilin 0.65 

Baoshan -1.16 Ganzhou 0.59 Jinan 0.54 

Baotou 0.62 Guangan 0.46 Jinchang -0.15 

Bayanzhuoer 0.26 Guangyuan -0.06 Jincheng -0.21 

Bazhong 0.21 Guangzhou 0.75 Jindezhen 0.08 

Beihai 0.14 Guigang 0.19 Jinhua 0.3 

Beijing 0.75 Guilin 0.52 Jining 0.44 

Bengbu 0.27 Guiyang 0.8 Jinmen 0.14 

Benxi 0.33 Guyuan -0.21 Jinzhong 0.17 

Binzhou 0.24 Haikou 0.19 Jinzhou 0.52 

Cangzhou 0.49 Hailaer 0.5 Jinzhou 0.21 

Changchun 0.76 Handan 0.4 Jiujiang 0.47 

Changde 0.52 Hangzhou 0.6 Jiuquan -0.11 

Changsha 1.05 Hanzhong 0.29 Jixi -0.2 

Changzhi 0.17 Haozhou 0.02 Kaifeng 0.19 

Changzhou 0.67 Harbin 0.85 Karamay -0.75 

Chaohu 0.36 Hebi -0.01 Kunming 0.92 

Chaozhou -0.14 Hefei 0.94 Laibing 0.76 

Chengde 0.32 Hegang -0.23 Laiwu -0.06 

Chengdu 1.21 Heihe -0.18 Langfang 0.67 
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Chenzhou 0.44 Hengshui 0.38 Lanzhou 0.31 

Chifeng 0.54 Hengyang 0.51 Leshan 0.35 

Chizhou 0.1 Heyuan 0.09 Lianyungang 0.56 

Chongqing 1.56 Heze 0.45 Liaocheng 0.25 

Chongzuo 0.07 Hezhou -0.3 Liaoyang 0.23 

Chuzhou 0.39 Hezhou -0.09 Liaoyuan -0.04 

Dalian 0.78 Hohhot 0.55 Lijiang -0.46 

Dandong 0.49 Huaian 0.67 Lincang -0.44 

Daqing 0.51 Huaibei 0.06 Linfen -0.03 

Datong 0.002 Huaihua 0.44 Linxi 0.54 

Dazhou 0.48 Huainan 0.2 Lishui -0.22 

Deyang 0.34 Huanggang 0.35 Liuan 0.27 

Dezhou 0.4 Huangshan 0.14 Liupanshui 0.09 

Dingxi -0.25 Huangshi 0.16 Liuzhou 0.46 

Longnan -1.02 Shanghai 0.97 Wuhu 0.39 

Longyan 0.09 Shangluo -0.33 Wulanchabu 0.23 

Loudi 0.38 Shangqiu 0.49 Wuwei -0.69 

Luliang -0.13 Shangrao 0.43 Wuxi 0.68 

Luohe 0.21 Shantou 0.13 Wuzhong 0.05 

Luoyang 0.69 Shanwei -0.26 Wuzhou 0.14 

Luzhou 0.53 Shaoguan 0.39 Xiamen 0.19 

Maanshan 0.27 Shaoxing 0.39 Xian 0.99 

Maoming 0.36 Shaoyang 0.23 Xiangfan 0.49 

Meishan 0.38 Shenyang 1.13 Xiangtan 0.38 

Meizhou 0.16 Shenzhen 0.25 Xianning 0.26 

Mianyang 0.5 Shijiazhuang 0.7 Xianyang 0.19 

Mudanjiang 0.29 Shiyan 0.25 Xiaogan 0.27 

Nanchang 0.63 Shizuishan 0.09 Xining 0.27 

Nanchong 0.59 Shuangyashan -0.22 Xinshe 0.22 

Nanjing 0.75 Simao -0.66 Xintai 0.36 

Nanning 0.71 Siping 0.23 Xinxiang 0.67 

Nanping 0.23 Songyuan 0.085 Xinyang 0.69 
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Nantong 0.72 Suihua 0.51 Xinzhou 0.03 

Nanyang 0.58 Suining 0.45 Xuancheng 0.35 

Neijiang 0.4 Suizhou 0.08 Xuchang 0.37 

Ningbo 0.42 Suqian 0.76 Xuzhou 0.7 

Ningde 0.04 Suzhou 0.003 Yaan -0.36 

Panjing 0.25 Suzhou 0.92 Yanan -0.32 

Panzhihua 0.05 Suzhou 0.27 Yancheng 0.65 

Pingdingshan 0.25 Taian 0.22 Yangjiang 0.15 

Pingliang -0.26 Taiyuan 0.21 Yangquan 0.09 

Pinxiang -0.12 Taizhou 0.49 Yangzhou 0.6 

Putian 0.01 Taizhou 0.25 Yantai 0.67 

Puyang 0.26 Tangshan 0.61 Yibing 0.47 

Qindao 0.79 Tianjin 0.95 Yichang 0.38 

Qinghuangdao 0.31 Tianshui -0.07 Yichun -0.18 

Qingyang -0.38 Tieling 0.52 Yichun 0.5 

Qinyuan 0.44 Tongchuan -0.21 Yinchuan 0.6 

Qinzhou 0.11 Tonghua 0.28 Yingkou 0.63 

Qiqihar 0.38 Tongliao 0.31 Yintan -0.29 

Qitaihe -0.27 Tonglin -0.16 Yiyang 0.45 

Quanzhou 0.48 Urumqi 0.59 Yongzhou 0.55 

Qujing -0.38 Weifang 0.79 Yueyang 0.49 

Quzhou 0.04 Weihai 0.59 Yulin 0.28 

Rizhao 0.2 Weinan 0.35 Yulin -0.19 

Sanmenxia -0.01 Wenzhou -0.05 Yuncheng 0.42 

Sanming 0.19 Wuhai 0.15 Yunfu -0.14 

Sanya -0.27 Wuhan 0.92 Yuxi -0.1 

Zaozhuang 0.27 Zhaotong -0.62 Zhoushan -0.23 

Zhangjiajie -0.11 Zhaoyang 0.56 Zhuhai 0.11 

Zhangjiakou 0.7 Zhengzhou 0.99 Zhumadian 0.67 

Zhangye -0.14 Zhenjiang 0.46 Zhuzhou 0.71 

Zhangzhou 0.41 Zhongshan 0.62 Zibo 0.67 

Zhanjiang 0.13 Zhongwei -0.14 Zigong 0.34 
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Zhaoqin 0.38 Zhoukou 0.54 Ziyang 0.52 

    

Zunyi 0.41 

 

Appendix 5E:  Derivation of Equations 

According to equation (5.1)                  


iiii KLAY   

 iii

i

i KLA
L

Y 1



 

1


  iii

i

i KLA
K

Y
 

In equilibrium, i

i

i W
L

Y





 and i

i

i R
K

Y





, where iW  is the wage rate and iR  is the interest 

rate. 

iiii WKLA   1
 

iiii RKLA 1  

iiiii LWKLA   

iiiii KRKLA   

ii

ii

KR

LW






 




i

ii

i
R

LW
K   



159 

 

i

i

ii

ii W
R

LW
LA  


 )(1

 

    111

iiii WRLA  





  





 1

1

1

i

i

ii L
W

AR
 

                                     



  



 1

1

1

1

1

1 )()(
i

i

ii
W

A
RL                                    (5.3) 




 
 


  1

11
1

1

1 )()(
ii

i
RR

 



i

ii

P

ZW
V   (1.2) 

i

i

i
Z

VP
W



  




   11 )(
i

i

i
Z

VP
W  

)1(

1

1

1




 






i

i

i VP

Z

W
 












 














 1

1

)1(

1

1

1

1

1

)1(

1

)()(
i

ii

i

i

ii

ii
P

ZA
V

VP

ZA
L  

Assume i

ii LP


  



160 

 







 i

i

i

i

i

i

i

i

i

i
i

W

A

Z

V

Z

VL

Z

VP
W

])([( 1

1

1








 

                                     






































)1)(1(

1

1

)1)(1(

1

1

)1(

1

)()( i

i

ii

i

i

i

i

i

i

ii

i

ii

Z

A
V

WZ

A
VW

                        (5.4) 

 





i

i

i

i

i

ii

P

Z

L

Y

P

ZW
V





 

V
PL

ZY

ii

ii 


 

i

i

ii
Z

P
VLY



  

i

i

ii
Z

P
LVYY



   

                                                   1)( 
i

i

i
Z

P
LYV



                                                   (5.5) 



161 

 





















































1

1
1

1

1

1

1

1

1

1

1

1

1

)(

)
1

(

)(

W
W

W
A

W
A

W

A
L

i

i

i

i

i

i
i

 









 







 1

1

1

1

1

1

)(
i

ii
W

W
ALW  









 







  1

1

1

1

1

1

)(
i

ii
W

W
ALW  

YYLWW iii     









 







 1

1

1

1

1

1

)()(
i

i
W

W
AY  

                                                   















 












 1

1

1

1

1

1
1

1

))((
i

i

i

W

W
AY                                             (5.6) 



162 

 

     

































































































































































































































































































































































































1

1

1

1

,

,

1

1

1,

1

1,
1

1

1

1

,

1

1

1,

1

1

1

1

,

1

1

1

1

,

,

1

1

1,

1

1

1

1

1

1,

1,

1

1

1

1

,

1

1

1,

1

1

1

1

,

1

1

,

1

1

1

1

1,

11

1

1,

1

])([

])([

ti

t

ti

ti

t

ti

ti

ti

ti

t

ti

ti

ti

t

ti

ti

ti

ti

ti

t

ti

ti

t

ti

t

t

W

W
S

W

W
S

A

A

W

W

A

A

W

W

A

A

A

A

W

W
A

W

W
A

Y

Y

                                            (5.7) 

 

 









1

1

1

1

i

i

i

A

A
S

 

 

 

 

 



163 

 

Chapter Six 

Conclusions and Policy Implications 

 

China has experienced tremendous economic growth since the introduction of its Open-

Door policy in 1978. In about 40 years, China has gone through an industrial revolution 

similar to the process which took two centuries in western countries. However, there exist a 

number of internal factors that negatively effects on China’s continuing growth. Pollution 

influences China’s GDP. Increased wage dispersion and productivity disparity also 

negatively influence China’s GDP. This thesis investigated the interrelationship between 

productivity, environmental efficiency, urban growth, and aggregate growth. This 

concluding chapter can be organised as two sections. The major findings from the thesis are 

summarized in Section 6.1.  Policy implications are then discussed in Section 6.2.  

 

6.1. Summary of the Main Findings 

Generally, the four core chapters in this thesis, that is Chapters Two-Five, can be divided 

into three parts: Chapters Two and Three, which address the role of productivity in 

economic growth; Chapter Four, which investigates the environmental efficiency and its 

distribution dynamics at the city level; and Chapter Five, which explores studies of the 

contribution of cities’ growth to the growth of nation.  

Chapter Two introduces the shift-share analysis in order to decompose regional labour 

productivity inequality into three components: the structural, regional and resource 

allocative components. An examination reveals that labour productivity inequality in China 

has mainly been driven by the inequality between regions among the same economic zones. 
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Once the inequality has been decomposed into three components, the regional component 

plays a significant role in labour productivity inequality. The empirical results obtained 

suggest that there was an overall upward trend in regional inequality for the agricultural, 

industrial and service sectors throughout the study period.  

Chapter Three examines regional TFP growth by three economic sectors. The results 

indicate that China’s TFP grew at a rate of 2.1 per cent annually over the examined period. 

Technical change contributed the most to this growth. However, efficiency change has 

deteriorated over time. After China joined the WTO in 2001, TFP growth was significant 

and but has followed a declining trend since 2005. At the regional level, TFP growth shows 

significant variation. Coastal provinces had the highest TFP growth, and central provinces 

experienced the lowest.  

Chapters Four and Five addressed environmental efficiency and urban growth. In Chapter 

Four, it is found that, for the period 2002 to 2011, the average environmental efficiency in 

Chinese cities is below the best practice. Extra-large and large cities in coastal regions show 

better performance than central and western cities. Through the net transition probability 

(NTP) analysis, it is found that environmental efficiency in Chinese cities tends to converge 

to a low level in the long-run. 

Chapter Five extends the preceding chapters to explore the effects of TFP growth, amenities, 

wage dispersion, and housing supply on economic growth in Chinese cities. The results 

show that the adjusted contribution of a city to aggregate growth can significantly different 

from the accounting contribution. The contribution of coastal cities when calculated using 

the accounting method is due to high wages and high housing prices. Western cities would 

contribute more to the aggregate output growth due to high TFP growth. The results also 
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reveal that an increase in wage dispersion would lower aggregate output, and housing 

supply restrictions contributed the most to wage dispersion.      

 

6.2. Policy Implications 

It is found that regional inequality increased greatly over the study period. The 

decomposition of regional productivity inequality demonstrates that internal regional 

inequality contributed the most to regional inequality in China. It is also found that the 

coastal region had much higher productivity than the central and western regions. It is 

argued that inequality can affect the livelihood and welfare of people. Therefore, it is 

necessary to formulate appropriate development policies to reduce the inequality between 

regions.  

Labour is not easy to move between regions or cities in China due to the restriction of 

Hukou system. However, regional productivity inequality could also be reduced by labour 

movement between sectors within the same region or city. This could improve the local 

productivity in the low productivity regions and narrow the gap between high productivity 

and low productivity regions. To achieve this, local government should encourage labour to 

move from lower productivity to higher productivity sectors, or from low-tech to high-tech 

sectors.  

Increased urban wage dispersion is found to lower national growth. Housing prices and 

local amenities play a significant role in this issue. The government should constrain 

Chinese cities’ ability to set land use regulations, which may increase the land supply and 

housing supply, thus reducing house prices in mega and big cities. Transportation 

infrastructure is also important for urban development. The provincial governments need to 
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make systematic and sustained efforts to build transportation infrastructure such as high-

speed trains in the underdeveloped regions. Development of public transportation would 

link cities with high productivity and high real wages to cities with low productivity and low 

real wages, which would allow labourers to increase their mobility; thus, the wage 

dispersion would be reduced. 

The Twelfth Five Year Program for China’s Economic and Social Development was 

formulated a people-centred approach. One of the important objectives was to promote 

harmonious development (hexie fazhan) (Breslin 2007). The study on urban environmental 

efficiency suggests that during the examined period, the average environmental efficiency in 

Chinese cities was below best practice. In geographical sub-sample analyses, the coastal 

cities were shown to perform better than the central and western cities, with the central 

cities ranked the lowest in environmental efficiency. China’s low environmental efficiency 

may be a result of the economic development model of China. In central and western 

regions, heavy industries such as steel, cement, electrolytic aluminium and coal industries 

have developed rapidly since 2000; this makes the economic development model of central 

and western regions to shift towards the high-energy consumption and high pollution one. 

The pollution problem has drawn much attention from the government. In 2006, an energy 

price modification strategy was proposed by Chinese government, this leads to the subsidies 

for energy were dramatically dropped, and the energy price increased (Wang et al. 2013). In 

general, although China’s environmental efficiency is below the best practice level, China is 

devoted to improving environmental efficiency. In the Ninth Five Year Plan (1996 – 2000), 

the central government first proposed the plan of energy saving and emission reduction. 

Furthermore, the Twelfth Five-Year Plan set an ambitious goal of reducing CO2 intensity by 

17 per cent between 2011 and 2015 and this goal has been achieved. Moreover, the 
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government should build more pollution monitor sites in heavily polluted cities such as 

Beijing and Shanghai.     

However, the Chinese government still faces challenges in formulating appropriate policies 

for reducing inequality and improving environmental conditions. In recent years, it has 

become increasingly difficult for the central government to directly control economic 

activity due to the increase in market power (Breslin 2007).  There is no doubt that market 

forces will play a significant role in Chinese economic growth in the future. Therefore, the 

government must have the ability to adapt to those changes. 

The central government is increasingly struggling to control economic activity for another 

reason as well: increased decentralization of powers (Breslin 2007). In reality, some 

provincial governments may choose to focus on promoting local economic growth rather 

than striving for imbalanced development and environmental issues. For that reason, 

provincial governments need to introduce specific development policies to promote equality 

and growth within the provinces.   
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