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Abstract: 

This paper explores the relationship between globalisation and inter- 
industry wage differentials in China by using a two-stage estimation 
approach. Taking advantage of a rich household survey dataset, this paper 
estimates the wage premium for each industry in the first stage, and links 
measures of globalisation in the second stage. The regression results show 
that increases in import (export) shares of final goods reduce (increase) 
the wage premia significantly, whereas imports or exports of intermediate 
goods do not explain differences in industry wage premia. Our results also 
show a positive relationship between capital openness and industrial wage 
premia. 
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This paper explores the relationship between globalisation and inter-industry wage differentials in 

China by using a two-stage estimation approach. Taking advantage of a rich household survey 

dataset, this paper estimates the wage premium for each industry in the first stage conditional on 

individual worker and firm characteristics. Alternative measures of globalisation are considered in 

the second stage: trade openness and capital openness. A disaggregation of trade into trade in final 

and intermediate goods shows that increases in import (export) shares of final goods reduce 

(increase) the wage premia significantly, whereas imports or exports of intermediate goods do not 

explain differences in industry wage premia. This finding is supported by stronger effects for final 

goods trade in coastal than non-coastal regions. Our results also show a positive relationship 

between capital openness and industrial wage premia, though this finding is less robust when 

potential endogeneity issues are allowed for. 
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1 Introduction 
 

Rapid economic growth in China, its fast pace of integration into the world economy, and the accompanied 

increase in wage inequality have been the focus of much discussion. Research has attempted to explain 

rising wage inequality from different perspectives, such as for example, regionally to analyse the urban-

rural wage gap, or by investigating returns to education and gender wage inequality (e.g. Ge and Yang, 

2014; Appleton et al., 2014). However, relatively little research has been directed to the issue of inter-

industry wage inequality that has been increasing in many countries over recent decades (Carruth et al., 

2004; Abowd et al., 2012). This paper seeks to improve our understanding of the effects of globalisation 

on inter-industry wage differences in the context of China in the post-WTO period. 

 

Early studies use average industry wages to measure wage differentials across industries. This approach 

treats industry wages as being independent of workers’ characteristics (Goh and Javorcik, 2007). 

However, workers’ wages are determined by various factors, among which individual characteristics 

are likely to be the most important. A number of empirical studies on the determinants of inter-industry 

wage differentials have found that worker and firm heterogeneity accounts for a substantial part of wage 

variation, e.g. about 90% in France as in Abowd et al. (1999). More recent studies rely therefore on 

measuring wage variation across industries after controlling for worker and firm effects to evaluate the 

wage difference between someone working in an industry and those in other industries with the same 

individual characteristics. 

 

To examine inter-industry wage differentials based on differences in individual characteristics, we apply 

a two-stage estimation strategy in this paper. Specifically, in the first stage, using Chinese household 

survey data, individual wages are regressed on a number of worker specific and job-related 
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characteristics and a set of industry dummies to yield a yearly industry wage premium. The estimated 

industrial wage premium measures the part of wage variation that cannot be explained by worker-

specific and firm-related differences but can be explained by industry affiliation. In the second stage, 

the estimated industry wage premium is pooled across years and is regressed on various globalisation-

related variables at the industry level. Such a two-stage strategy was pioneered by Gaston and Trefler 

(1994), who investigate the effects of international trade policy on wages for a cross section of U.S. 

manufacturing industries in 1983 and who find that workers in industries with higher trade exposure 

earn higher wages than workers with similar observable characteristics who work in low-exposure 

industries. They argue that the inter-industry wage structure is fairly stable over time in the U.S. and 

that their finding should not be affected by time-variant factors. Goldberg and Pavcnik (2005) point out 

that the year-to-year correlation of wage premia is much lower in developing countries than in the U.S., 

which implies that the wage structure is subject to change across industries over time. They employ a 

two-stage strategy to identify the effect of trade liberalisation in Colombia on industry wage premia over 

the period 1985 to 1994. The same approach has been used by Kumar and Mishra (2008) who explore 

the impact of the 1991 trade liberalisation in India on the industry wage structure, and by Noria (2015) 

who examines the role of trade openness and foreign direct investment (FDI) in explaining inter-industry 

wage differentials for Mexico.  

 

The two-stage strategy is important when studying industry-level wage variations. However, the data 

requirement is demanding, as extensive information on individuals is needed to estimate industrial wage 

premia in the first stage, among which the most critical variable is the industry classification. Previous 

studies on China’s industry-level wage inequality and globalisation do not adequately control for 

individual effects because most household survey data in China report highly aggregated industry 

information on employment. By contrast, we exploit a rich dataset, which provides a 3-digit industry 
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classification of an individual’s workplace and which enables us not only to estimate industry wage 

premia controlling for worker and firm characteristics, but which also allows us to link trade and FDI 

information with the estimated wage premia at an appropriate industry level. Different to other studies, 

this paper considers alternative dimensions of openness on wage differentials: trade and capital 

openness.  Importantly, we distinguish also between the effects of trade in intermediate goods and trade 

in final goods.  

 

We find in the first stage that, although industry affiliation explains only a small proportion of the overall 

wage variation in China (up to 4.4%) - similar to the case of Colombia (Goldberg and Pavcnik, 2005) 

and slightly less than for India (Kumar and Mishra, 2008), there are substantial variations in wage premia 

across industries which rise over the years.  The substantial inter-industry wage variations are found in 

the second stage to be systematically related to aspects of trade and capital openness. We find a positive, 

but insignificant, effect of total trade on the industry differences in wage premia. This is perhaps not 

surprising given that trade could affect wages through various channels. Indeed, disaggregating trade 

into intermediate and final goods trade shows that the insignificant result is due to the opposite effects   

of the two types of trade. We find a significant, negative effect of final imports on wage premia, and a 

significant, positive relationship between final goods exports and wage premia. In the case of capital 

openness, we find that increased capital openness raises wage premia, though this finding is not robust 

when allowance is made for possible endogeneity. We also find significantly larger effects of trade and 

capital openness on wage premia in coastal regions than non-coastal regions. 

 

The rest of the paper is organised as follows. The next section presents a brief discussion of the 

theoretical background and predictions for the empirical analysis. In Section 3, we set out the two-stage 

empirical methodology used to identify the wage effects of globalisation. Section 4 describes the data 
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and discusses the measures of wages and globalisation used. Section 5 reports the results of the first-stage 

estimations of the impacts of worker and firm characteristics on wages and of the estimated, industrial 

wage premia. Section 6 provides the results for the second-stage modelling of the effects of trade and 

capital openness on differences in industrial wage premia in China. Finally, Section 7 concludes. 

 

 2 Theoretical Predictions 
 

The debate about wage differentials was re-opened by Krueger and Summers (1988), who showed that 

wage differentials persisted between workers with observed, identical individual characteristics or 

attributes and working conditions employed in different industries in contradiction of the Walrasian 

representation of a competitive labour market. Similar findings have been confirmed by many, 

subsequent empirical studies, especially for industrial countries (e.g. Edin and Zetterberg, 1992; 

Gittleman and Wolff, 1993; Du Caju et al., 2010 for international comparisons).1 There are many 

possible reasons for the existence of such inter-industry wage differentials, including the possibility that 

some of the differentials are accounted for by unobserved and unmeasured individual worker 

characteristics (Gibbons and Katz, 1992; Abowd et al., 1999; Carruth et al., 2004; Björklund et al., 

2007). Inevitably much attention has been devoted to investigating how deviation from competitive 

labour market conditions may give rise to wage differentials across firms, industries and sectors.2 

According to the efficiency wage theory, for example, differences in incentive conditions across sectors 

or industries may give rise to compensating wage differentials for workers with identical attributes and 

working conditions (Dickens and Katz, 1987; Krueger and Summers, 1988; Goux and Maurin, 1999). 

                                                           
1 Country-level studies include Benito (2000); Carruth et al. (2004) for the UK; Gibbons and Katz (1992); 
Gittleman and Pierce (2011) for the US; Chen and Edin (2002); Lundin and Yun (2009) for Sweden; Abowd et al. 
(1999); Goux and Maurin (1999) for France; Hartog et al. (2000) for Portugal; Gruetter and Lalive (2009) for 
Austria; Vainiomäki and Laaksonen (1995) for Finland.  
2 For example, arguments arising from rent-sharing to be responsible for the large variations in observed wage 
premia across sectors (Holmlund and Zetterberg, 1991; Blanchflower et al, 1999) or collective bargaining (Gosling 
and Machin, 1995; Fortin and Lemieux, 1997; Kahn, 1998; Arbache and Carneiro, 1999) or discrimination to 
account for unobserved differentials (Fields and Wolff, 1995; Macpherson and Hirsch, 1995). 
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In this paper, we focus on the role of globalisation (international trade and capital flows) in influencing 

wages across industries. We do not seek to test a specific trade model (against alternative, trade or other 

models explaining industry wage differentials), but rather to establish that differences in trade and 

capital flows can induce or cause changes in wage differentials across industries. 

 

In a long run and competitive model of trade, such as the Heckscher-Ohlin (H-O) model where factors 

of production are mobile across sectors/industries, the predicted effects of trade liberalisation and 

expansion of trade in line with comparative advantage are directly about the economy-wide returns to 

factors rather than about the industry-specific returns of factors. When a country is assumed to be 

unskilled labour abundant, the increased specialisation in line with comparative advantage will raise 

(lower) the relative demand and wage (given fixed national endowments) of unskilled (skilled) labour 

in all industries. This will, however, have an indirect effect on relative average wages across industries 

due to variation in the skill-intensity of production across industries. With a rising relative wage for 

unskilled workers induced by trade expansion, the relative wage of unskilled (skilled) labour intensive 

industries will tend to rise (fall).3 

 

In shorter term (Ricardo-Viner) models of trade where a specific factor is immobile across 

sectors/industries (still assuming competitive product and factor markets), wages in an industry depend on 

product prices and the marginal product of labour in that industry. Non-uniform trade liberalisation alters 

relative prices domestically, reducing relative prices more in industries subject to more liberalisation. This 

in turn results in a lowering of the real return to the specific or immobile factor. If it is labour (as opposed 

to capital) that is the immobile factor, then it is wages that fall and fall most in those industries that 

                                                           
  3 There are no industry specific wage effects in the H-O world where labour is homogenous. 
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liberalise most.4 In the context of a two-factor model based on skilled and unskilled labour, the industry 

wage effects of trade liberalisation/trade expansion are ambiguous and dependent on which type of labour 

is the specific or immobile factor and on the relative skill-intensities of industries. 

 

With the emerging literature on new trade theories highlighting firm heterogeneity, trade-induced 

productivity changes can explain wage dispersion across industries. In the seminal work by Melitz 

(2003), an improvement of aggregate industry productivity is achieved through market selection effects, 

or alternatively, the reallocation of market shares towards more efficient firms. In particular, an exposure 

to trade subjects local firms to more competitors, which results in the exit of the least efficient firms or 

an increase in innovation incentives. Further, with the presence of fixed and variable costs of exporting, 

only the most productive firms are able to export, which in turn raises labour costs through increasing 

labour demand. Although the Melitz model mainly concentrates on intra-industry reallocation, inter-

industry productivity differentials and wage differentials can arise out of differences across industries 

in the exposure to trade.  

Trade-induced technology improvement is another potential source of productivity improvements. 

Acemoglu (2002) builds a framework where trade contributes to technology improvement. Once 

invented, the new technology can be adopted elsewhere, which implies that productivity resulting from 

average technology improvements increases. In a different model, however, Zeira (2007) assumes that 

innovations cannot be adopted everywhere because adoption depends on relative wages, which cause 

productivity differences across countries. Provided that productivity enhancements lead to higher 

profits, trade exposure is expected to be positively correlated with industry wages.  

                                                           
4 Of course, it may be capital that is the immobile factor, and the effect of trade liberalisation on mobile labour is 
ambiguous (but uniform across industries). 
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Given the numerous channels through which trade potentially affects inter-industry wage differentials, 

the overall effects of trade are ambiguous. One important dimension is to distinguish between trade in 

intermediate goods and trade in final goods. Goldberg et al. (2010) argue that exposure to more varieties 

of imported intermediates allows firms to choose cheaper or better quality inputs, which promotes 

productivity improvements. Amiti and Davis (2011) set up a fair wage effort mechanism where wages 

and profits are positively related with the fair-wage constraint. They argue that firms that import 

intermediate inputs have lower marginal costs than those that do not, which leads to higher profits and 

consequently wages (“import globalisation”). As to the export side, exporting firms are able to access 

foreign markets, which allows them to achieve higher profits and therefore to pay higher wages than the 

domestically orientated ones (“export globalisation”). The direct implication of these theories is that the 

wage level is positively correlated with the import of intermediates or the export of final goods. In 

addition, inter-industry wage differentials can be induced by heterogeneity in the performance or ability 

of firms to import intermediates and to export final goods. 

 

Compared to trade openness, the effect of capital openness on wage inequality is relatively 

straightforward. FDI is the main form of China’s inward capital flows. The new technology introduced 

by FDI does not only include better equipment and more advanced productive methods in Chinese firms, 

but also introduces new management practices and more efficient organisation skills; productivity 

improvements and wage increases being larger in those industries attracting more FDI. FDI is also found 

to contribute to skill-biased technological change, as most of the inflowing technology in developing 

countries is from industrialised and hence skill-abundant regions (Berman et al., 1998). Consequently, 

the introduction of new capital equipment raises the demand for skilled workers relative to unskilled 

peers (Taylor, 2006). This complementarity between capital and skilled labour leads to an increase in 
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wage inequality between skilled and unskilled workers (Krusell et al., 2000; Burstein et al., 2013). How 

this affects wage variation across industries will depend upon industrial differences in the skill mix. 

 

It is evident from this brief review of the theoretical literature that there are a variety of channels by which 

globalisation may influence industry wage differentials, and that these channels may act in offsetting ways, 

leaving the net effects of globalisation ambiguous. Given this potential diversity of channels of influence 

and ambiguity of effect, the issue ultimately needs to be investigated empirically. Here we focus on the 

changes in industry wage differentials in China during a period of rapid globalisation. 

 

 3 Methodology 
 

Following Goldberg and Pavcnik (2005), we will use a two-stage estimation approach. In the first 

stage, we use household survey data to estimate inter-industry wage dispersion. To this end, the log 

of individual wages (݈݊  ௧) is regressed on a vector of worker specific characteristics (Hjit), a vectorݓ

of job and workplace related features (Xjit), and a set of industry dummies (Ijit) reflecting worker’s 

industry affiliation: 

௧ݓ݈݊ ൌ ௧ߙ  ௧ᇱࡴ ௧ߚ  ௧ᇱࢄ ௧ߛ  σ ߱௧ܫ௧  ߳௧ூୀଵ                               (1) 

where ݆ ൌ ͳǡʹǡ ڮ ǡ ܬ  denotes individuals, ݅ ൌ ͳǡʹǡ ڮ ǡ ǡܫ ܫ  ͳ  denotes industry and t is time. The 

coefficient of our interest, ߱௧ , measures the wage differential between industry i and the reference 

industry ܫ  ͳ. To interpret the wage premium as the variation in wages for an average worker in a 

given industry relative to an average worker in all other industries with the same characteristics, we 

normalise the wage premia for all industries with respect to an employment-weighted average 

following Zanchi (1998): 
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ቊݓǡ௧ ൌ ߱௧ െ ூାଵǡ௧ݓ௧ܣܹ ൌ    െܹܣ௧                                                                  (2) 

where ݓǡ௧  and ݓூାଵǡ௧  are the normalised wage premia for the first I industries and the omitted 

industry respectively. Here we assume that the omitted industry has zero effect on wages. ܹܣ௧ is the 

employment-weighted average wage premium which is defined as: 

തതതതത௧ܣܹ ൌ σ ௧߱௧ூୀଵݏ                                                             (3) 

where ݏ௧ ൌ ݊௧ σ ݊௧ூାଵୀଵΤ  is the employment share of industry i in year t. 

 

To yield appropriate standard errors for the normalised wage differentials, we calculate the variance-

covariance matrix as:  

ෞ࢝ሺ࢘ࢇ࢜   ሻ ൌ ሺࢆ െ ሺෝ࣓࢘ࢇ࢜ᇱሻ࢙ࢋ ሻሺࢆ െ  ᇱሻᇱ                                             (4)࢙ࢋ

where ࢘ࢇ࢜ሺ ෝ࣓ ሻ is the variance-covariance matrix of the original estimated industry wage premia.  Z is 

an (I +  1) ×  I matrix constructed by stacking an I ×  I identity matrix and a 1 × I row of zeros. e is an (I 

+  1) × 1 vector of ones, and s is an I × 1 vector of employment shares of the first I industries. Finally, 

the square roots of the diagonal elements of ࢘ࢇ࢜ሺ࢝ෞ ሻ are the correct estimates of standard errors of the 

normalised wage premia. 

 

As the wage differentials calculated above are given in log point form, we further transform the wage 

premium for each industry to express it in percentage change as follows: 

ෞݓ ௧כ ൌ ݔ݁ ቂݓෞ ௧ െ ͳʹ ෞݓሺݎܽݒ ௧ሻቃ െ ͳ                                                (5) 
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where ݎܽݒሺݓෞ ௧ሻ is the variance of the normalised wage premium of industry I in year t as defined by 

equation (4). 

 

The first-stage regressions are estimated separately by year, and in the second stage we pool the industry 

wage premia over time and regress them on globalisation-related industry characteristics ࡳ௧. 
ෞݓ ௧כ ൌ ߙ  ௧ᇱࡳ ீߚ  ߠ  ௧ߠ   ௧                                                  (6)ݒ

where ߠ refers to industry fixed effects capturing time-invariant, industry-specific characteristics,  ߠ௧   
denotes year fixed effects, which control for common shocks (macro and financial) to all industries, and  ݒ௧ denotes the random error term.  We incorporate two aspects of globalisation in the model. The first 

is trade openness, using total trade, import and export shares in gross output as measures, distinguishing 

also between trade in intermediate and final goods. The second is capital openness that is defined as the 

shares of FDI and foreign investment in fixed assets (FIFA) in gross output separately. A large body of 

literature studying the effects of trade liberalisation on wage inequality (e.g. Goldberg and Pavcnik, 

2005; Amiti and Cameron, 2012) has used tariffs as an alternative measure of globalisation. However, 

we do not consider tariffs as an appropriate measure of globalisation in the present context. One reason 

is that tariff reduction mostly happened before 2001 when China joined the WTO, while our sample 

starts from 2003. Although some tariffs were to be cut after 2001 according to the arrangements for 

WTO membership (Cheng, 2012), most of these cuts were in fact implemented before 2005. Further, it 

must be recognised that tariff cuts do not lead to trade expansion in the presence of existing, binding 

non-tariff barriers (NTBs) or when tariff cuts are offset by new NTBs. As a result, we do not rely on an 

“input” measure of trade policy, but prefer to adopt “output” measures of actual trade and capital 
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openness to measure globalisation for the present purpose since they capture the actual exposure to 

international influences. 

 

It is worth noting that the empirical results of the second-stage regression should not be interpreted 

strictly as measuring a causal relationship between globalisation and inter-industry wage differentials. 

This would be the case only if measures of globalisation are strictly exogenous and unobserved 

differences across industries that affect wage differentials do not affect globalisation. It is apparent that 

globalisation is likely to be endogenous given that industry-specific factors that affect openness and 

wages simultaneously exist, productivity for instance. In the later discussion, we attempt to investigate 

a causal link using an instrumental variable strategy.  

 

4 Data and Measurements 

4.1 China General Social Survey (CGSS) 

The household survey data used in the first stage of our estimation strategy is the China General Social 

Survey (CGSS), conducted by Renmin University of China and Hong Kong University of Science and 

Technology. CGSS is the first continuous national social survey project in mainland China that covers 

both rural and urban areas (only urban areas in 2003).5  For this study, we use five waves of data: 2003, 

2005, 2006, 2008 and 2010. The data provide detailed information on earnings, demographic 

characteristics (gender, age, hukou type, marital status, education, etc.), but also contain job and 

workplace information. In contrast to other household survey data for China, CGSS reports a 3-digit 

                                                           
5 To make our analysis consistent over the years, we only consider urban areas for all years. Rural areas are still 
predominantly focused on agricultural production. 
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industry classification. This enables us to combine the micro survey data with industry level data by 

aggregating the 3-digit industry codes into 32 2-digit industries. 

 

For the dependent variable, we use hourly income as the surveys of 2003 and 2005 do not report workers’ 

wages. However, the correlation between wages and income for other years is fairly high, ranging from 

0.84 to 0.98.6 Indeed, wages are the dominant source of household income in China, as documented by 

Paul et al. (2012) who study the household income structure in urban China using China Household 

Income Project data (CHIPs) for 1987, 1995 and 2002. We are therefore confident that income is a 

reasonably good proxy for wages. 

 

Hourly income is calculated from monthly income and weekly working hours and is expressed in 2003 

values using the national consumer price index (CPI). We re-categorise the education level into eight 

groups.7 Occupations are classified based on Appleton et al. (2014) into white collar (private business 

owners, professional or technical workers, managers, department heads and clerks) and blue collar 

(skilled and unskilled). Appendix Table A.1 shows the mean values of the key variables. 

 

We also include establishment size to describe employer characteristics. The vast majority of 

establishments in our sample are small (with 1-49 employees). Middle-sized firms (with 100-499 

employees) account for around one quarter and large workplaces with over 1000 employees account for 

11.4% in 2010 and 20.2% in 2005. In addition, we include workers’ overall attitudes towards their job 

                                                           
6 Non-employment income accounted for only a small part of total income in general. We find in 2008 (2006) that 
around 90% (70%) of all workers reported that wages made up over 90% of their income and 87% (64%) reported 
that wages constituted all of their income. 
7 The raw data report 12 to 23 education groups across years. For the present analysis, the re-categorised groups are: 
below elementary, elementary school, junior middle school, senior middle school, technical secondary school, junior 
college, college/university, and graduates and above. 
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to capture the relationship between workers and their employers. Moreover, we use workers’ 

identification of their social and economic status to account for social relations, as people with better 

social relations are more likely to gain better-paid jobs. 

 

Table A.2 in the Appendix reports the observed unconditional mean wage differentials across industries, 

defined as the difference between the reported industry average and the employment-weighted average 

of all industries. The data show substantial wage dispersion across industries and years. The industry 

with the highest premium is real estate in 2003 and 2005; water transport and post and 

telecommunications are among the highest paying industries in 2006 and 2008 respectively. Sectors 

including agriculture, hunting, forestry and fishing, wholesale trade and commission trade, paper 

products as well as rubber and plastics are at the bottom of the wage distribution in all years.8 

 

4.2 Globalisation 

Data on trade (imports, exports and total trade) and gross output at the industry level are taken from the 

World Input-Output database (WIOD), which provides time-series of national data on the basis of 

officially published input-output tables combined with national accounts and international trade 

statistics. A unique feature of this dataset is that trade can be easily disaggregated into trade in 

intermediate and final goods, which makes it possible to explore the effects of different types of trade. 

Another advantage of this database is that the industry classification can be easily matched with the one 

used in the first-stage estimation. We use the shares of FDI and foreign investment in fixed assets (FIFA) 

in gross output to measure the degree of capital openness.9 Industry-level FDI data are taken from 

                                                           
8 The degree of tradability varies across these sectors. 
9 According to the China Statistical Yearbook, foreign investment in fixed assets refers to “foreign funds received 
during the reference period for the construction and purchase of investment in fixed assets (covering equipment, 
materials and technology), including foreign borrowings (loans from foreign governments and international financial 
institutions, export credit, commercial loans from foreign banks, issue of bonds and stocks overseas), foreign direct 
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various issues of the China Statistical Yearbook and the Report on Foreign Investment in China. FIFA 

is from the Statistical Yearbook of the Chinese Investment in Fixed Assets. 

 

Table 1 reports average levels of trade exposure and capital openness across industries and years. All 

trade openness measures, except final import shares, increased from 2003 to 2005 but decreased 

afterwards, from 21.3% in 2005 to 17.9% in 2010 on total trade shares for instance. These changes may 

in part reflect a shift in policy stance, in particular an effort to put more reliance on domestic sources of 

growth, as is reflected in the appreciation of the Renminbi against the U.S. dollar after 2005. It should 

be noted that the global financial crisis in 2007 and the subsequent global recession reduced external 

demand for China’s exports and also reduced domestic demand, as suggested by the decreasing trends 

of both import and export shares after 2006. 

 

[ Insert Table 1 Here ] 

 

Regarding capital openness, the share of FDI in gross output decreased dramatically from 1.8% in 2003 

to 0.9% in 2010. Similar to trade openness, the decreasing trend may also be attributed to the global 

financial crisis, which imposed large financial constraints on multinational corporations in their home 

countries and resulted in a declining external demand for China’s exports. Meanwhile, China’s market-

oriented economic reforms that promoted higher output growth than FDI growth are another reason. In 

particular, with the implementation of the new Enterprise Income Tax Law from 2008, tax and other 

                                                           
investment and other foreign investment”. However, data on FIFA in rural areas are unavailable at the industry level, 
thus we only consider urban areas in our analysis. 
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incentives for foreign enterprises to invest in China were reduced.10 Unlike FDI, the FIFA share shows 

the same pattern as trade, that is, it increased first from 2003 to 2005 and then decreased afterwards. 

 

5 First-stage Estimation and the Industry Wage Premium  

To examine the impact of industry affiliation on explaining wage differences among individuals, we 

estimate three specifications for each year. In the first specification as presented by equation (7), the log 

of hourly wages (݈݊  ௧) is regressed on a set of industry dummies only. The R2 in this case measuresݓ

the extent with which the wage variation can be explained by industries. In the second specification, as 

shown by equation (8), a vector of individual worker characteristics, ࡴ௧ (gender, age, age squared, 

ethnicity, hukou type, marital status, party membership, education, social and economic status, etc.), as 

well as a vector of job and workplace features, ࢄ௧ (occupation, job type, size of establishment and 

attitudes towards job) is added. To evaluate the additional influence of industry affiliation on wages over 

and above the impact of individual characteristics and job features, our final specification, as illustrated 

by equation (9), merely accounts for individual and job characteristics.11                              

݈݊ ߱௧ ൌ ௧ߙ  σ ߱௧ܫ௧  ߳௧ூୀଵ                                                       (7) ݈݊ ߱௧ ൌ ௧ߙ  ௧ᇱࡴ ௧ߚ  ௧ᇱࢄ ௧ߛ  σ ߱௧ܫ௧  ߳௧ூୀଵ                                           (8) ݈݊ ߱௧ ൌ ௧ߙ  ௧ᇱࡴ ௧ߚ  ௧ᇱࢄ ௧ߛ  ߳௧                                                 (9) 

All first-stage regression results are consistent across years and are in line with other studies (e.g. 

Appleton et al., 2014). Results for 2010 are reported in Table 2, and are available on request from the 

                                                           
10 Until the end of 2007, the enterprise income tax on foreign enterprises was 15% or 24% compared with the standard 
rate of 33%. In accordance with the new Enterprise Income Tax Law, a uniform rate of 25% has been applied to all 
firms since 1 January, 2008. 
11 We use the textile and textile products industry as the reference group in all regressions. 
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authors for the other years. Female, minority Chinese, blue collar workers, ceteris paribus, tend to earn 

less. However, we do not find significant wage differentials between hukou types, party membership 

and marital status. A clear concave relationship between wages and age is observed such that wages 

tend to increase with age but at a declining rate. The returns to schooling, as expected, are significantly 

positive and strictly higher for those with higher education levels. Compared to those working in state-

owned enterprises (SOEs), people working in the government tend to earn less, whereas those working 

in foreign invested enterprises (FIEs) and joint ventures (JVs) are paid significantly higher incomes. 

[ Insert Table 2 Here ] 

Relative to small-sized firms (with 1-49 employees), larger establishments tend to pay higher wages. 

This can be attributed to the fact that large firms generate higher profits that are shared with the 

employees in order to attract more able workers or to raise workers’ motivation.  

 

In contrast to other studies, we also control for individual attitudes towards their jobs, which reflect the 

relationship between employees and their employers. On average, individuals who feel more satisfied 

with their jobs earn up to 28% higher wages than dissatisfied workers. Consistent with our expectation, 

people of a higher social and economic status are paid more. By comparing the results based on monthly 

income in columns (1)-(3) and hourly income in columns (4)-(6), we can see that the coefficient 

estimates are quite similar. Therefore, we only comment on the results based on hourly income in the 

following discussion.12 

 

                                                           
12 The estimated wage premia based on these two measures are highly correlated, with Pearson correlation being 0.92 
and Spearman rank correlation being 0.95, both significant at 1%. 
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The first column of Table 2 presents results based on the inclusion of only industry dummies. The R2 is 

8.5% for 2010 and reaches values of up to 14.3% across the other years, which implies that the industry 

affiliation can explain at most 14.3% of individual wage dispersion. After controlling for individual and 

other job-related characteristics, as presented in columns (2) and (3), the explanatory power of the model 

increases substantially with an R2 ranging in 2010 from between 35.7% and 39.3% depending on 

whether industry indicators are included. By comparing the R2 in columns (2) and (3), we can see that 

industry affiliation alone explains only 3.6% of the wage variation13 , which is lower than the 

specification without controlling for individual and job-related characteristics. Our results are similar to 

the findings for the case of Colombia (Goldberg and Pavcnik, 2005), but are slightly lower than those 

found for India (Kumar and Mishra, 2008). 

 

Based on the full specification as presented by equation (8), we compute estimates for the average yearly 

wage differentials for each industry. Following Zanchi (1998), we then normalise these estimated wage 

premia for each industry, so that the estimates can be interpreted as the wage deviation for an average 

worker in one industry compared to an average worker in all other industries with identical 

characteristics. Table 3 reports the normalised (hourly) wage premia and shows substantial wage 

dispersion across sectors and years. After controlling for individual and job-related characteristics, 

agriculture, hunting, forestry and fishing, wood and wood products, and paper products are among the low 

wage industries. By contrast, electricity, gas and water supply, water transport, and real estate are industries 

that pay the highest average wages. Industries that pay above average in all five years include inland 

transport, financial intermediation, and real estate activities. Industries, which pay systematically lower 

wages on average through the whole sample period, are paper products and retail trade. 

                                                           
13 This number reaches as high as 4.4% across the other years. 
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 [ Insert Table 3 Here ] 

The importance of controlling for individual heterogeneity within industries in calculating accurate 

industry wage effects is shown by comparing the estimated wage premia and the observed wage 

differentials, as shown in Table A.2 in the Appendix. Table A.3 reports standard deviations of the estimated 

wage premia and observed wage differentials and shows that observed wage differentials vary more than 

the estimated premia in all years, though the correlation between the two is consistently positive (see 

Appendix Table A.4). 

 

Moreover, the year-to-year correlations of the estimated wage premia are quite low and are often 

insignificant (see Appendix Table A.5), which suggests that the ranking of industries by wage premium 

varies considerably over the time period. This finding is quite different from studies on developed 

countries. Katz and Summers (1989), Helwege (1992) and Robertson (2000) find that the industry 

ranking of U.S. wage differentials was relatively constant over the years. Du Caju et al. (2010) 

investigate inter-industry wage inequality of eight EU countries and find significantly high correlations 

between 1995 and 2002. In contrast, our findings are consistent with studies on developing countries - 

Mexico (Robertson, 2000), Colombia (Goldberg and Pavcnik, 2005) and India (Kumar and Mishra, 

2008), which find similarly low yearly correlations. 

 

6 Second-stage Estimation: Globalisation and the Wage Premium 

6.1 Overall Trade Effects 

We explore first the relationship between trade openness and industrial wage premia, specifically the 

relationship between industry variation in total trade, import and export share in gross output and 

estimated average industrial wage premia obtained from the first-stage analysis. Taking advantage of 
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input-output tables, our sample consists of all industries available in the second stage regressions, 

including service industries. This enables us to evaluate the overall effects of openness on wage premia 

associated with a direct exposure to globalisation and an indirect exposure through domestic interactions 

across industries. Including all industries could also avoid potential selection biases that may arise due 

to a focus on a subset of highly exposed industries (Goldberg and Pavcnik, 2005). We will test the 

robustness of our main results by considering tradable sectors only in the later discussion. 

 

The panel structure of the data allows us to control for time-invariant, industry-specific fixed effects. To 

control for common shocks to all industries we include year dummies in all regressions. We further 

control for a number of industry-specific, time-varying factors that might explain wage differentials 

across industries such as the industry-level gross fixed capital formation (GFCF), value added (both 

expressed as shares in gross output), and employment (as a share in total employment). Data of these 

variables are taken from the WIOD. The results of these regressions are set out in Table 4. 

 [ Insert Table 4 Here ] 

It is perhaps not very surprising that none of the coefficients of the trade openness variables – total trade 

(total exports plus total imports), and total exports and total imports separately – reported in Table 4 are 

significant. One potential explanation is that the measures of trade openness may be over-aggregated 

and may hide the impact of trade openness that operates separately through trade in intermediate or final 

goods. As mentioned before, the tariff rate included in the specification in column (3) is a partial policy 

measure of trade liberalisation which abstracts from NTBs. Again, we do not find a significant effect in 

column (3). 
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6.2 Distinguishing between Intermediate and Final Goods Trade 

Recognising that trade in final goods and intermediate goods may have different impacts on labour 

markets and wages, we repeat the investigation of the relationship between trade openness and wage 

differentials by separating total exports and imports into trade in intermediate and final goods for each 

industry. Column (1) of Table 5 reports results of this disaggregation for the full sample and shows that 

wage differentials are mainly affected by import and export shares of final goods with expected signs 

(at 1% and 5% significance level respectively). The coefficients on both intermediate import share and 

intermediate export share are, however, insignificant. Column (1) further reveals that the impacts of 

import and export shares of intermediate and final goods seem to offset each other, which explains why 

the total trade openness indicators did not reveal systematic relationships with industrial wage premia. 

[ Insert Table 5 Here ] 

An increase in imports of final goods introduces more competition in the domestic market and is likely 

to lower the demand for local labour which in turn will lead to lower wages (Autor et al., 2013). The 

wage effect of imported intermediate goods, in contrast, is more likely to be ambiguous. As with 

imported final goods, the stronger competition between imported and local intermediates may result in 

lower wages. However, increased intermediate imports also enable firms to access a larger variety of 

inputs at lower costs, which improves productivity and therefore allows the firm to pay higher wages 

(Goldberg et al., 2010). The overall wage effect of intermediate imports consequently depends on which 

one of these two opposite effects dominates. Our insignificant results suggest that these effects offset 

each other in the present context.14 

                                                           
14 Another explanation could be the large fraction of processing trade in China. Considering that nearly half of the 
intermediate imports are used for processing exports (Koopman et al., 2012), it is likely that the effect of imported 
intermediates is captured by processing exports. Unfortunately, the data used in this study do not allow us to 
differentiate processing trade from ordinary trade. 
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Positive export wage premia have been observed in both developed and developing economies (e.g. 

Bernard and Wagner (1997) for Germany, Greenaway and Yu (2004) for the UK, and Milner and 

Tandrayen (2007) for some Sub-Saharan African countries). Our results are consistent with theoretical 

predictions of the H-O model in the context of relatively unskilled labour abundant China that exports 

increase the demand for labour in export industries and in particular for relatively low-skill-intensive 

activities, including the assembly of final products in the export processing sector. They are also in line 

with new trade theories (e.g. Melitz, 2003), which emphasise selection effects of exporting and the 

increase in overall industry productivity induced by exit of the least-productive firms. In contrast to final 

exports, our results for intermediate exports indicate a negative, albeit insignificant, relationship. 

Exports of intermediates may be more skill-intensive than exports of assembled final goods. Any 

productivity enhancement effects of exporting may be biased towards skilled workers, raising their 

wages but lowering those of unskilled workers. In this case the net effect of expanding intermediate 

exports will depend on the scale of these relative wages effects and the skill-intensity of production. 

 

Stronger trade effects might be expected in coastal rather than non-coastal regions. We re-run therefore 

the regressions distinguishing between the regions where individuals are from.15 To be able to do so, we 

derive the industry wage premia by estimating equation (8) for coastal and non-coastal regions 

separately. Second-stage results are presented in columns (2) and (3) in Table 5. Our general findings 

are confirmed except for the insignificant coefficients on final exports for non-coastal regions. The 

coefficient estimates clearly show a larger potential effect in coastal regions. In general, these areas are 

more exposed to international trade (Han et al., 2012) such that the resulting influences on the labour 

market are more pronounced in coastal than non-coastal regions. 

                                                           
15 Based on the China Marine Statistical Yearbook, coastal regions include Liaoning, Hebei, Tianjin, Shandong, 
Jiangsu, Shanghai, Zhejiang, Fujian, Guangdong, Guangxi, and Hainan. All other mainland provinces are considered 
to be non-coastal regions. 



 
 

22 
 

6.3 Capital Openness and the Wage Premium 

Table 6 reports regression results of equation (6) where capital openness is considered as the main 

measure of globalisation. The coefficient estimate of FDI share in column (1) is positive, although 

insignificant.16 In column (2), we observe a significantly positive coefficient of FIFA, indicating that, 

ceteris paribus, a 10% increase in FIFA share is associated with 0.15% higher average wages. The 

empirical results suggest that capital openness is positively associated with industrial wage premia. One 

potential explanation is that increased FDI and FIFA inflows may allow the introduction of new 

technology, equipment, and management methods that improve productivity and hence may raise wages. 

[ Insert Table 6 Here ] 

Again, we repeat the analysis for coastal and non-coastal regions separately. In columns (3) and (5), we 

find a significant relationship between FDI and wage premia in both coastal and non-coastal regions, 

however, with opposite signs. Specifically, FDI (FIFA) openness is positively associated with industrial 

wage premia in coastal regions whereas the relationship is found to be negative (insignificantly positive) 

in non-coastal regions. These mixed findings explain the insignificant coefficient found for the whole 

of China in column (1). Moreover, these results also reveal that capital openness contributes to widening 

wage inequality between coastal and non-coastal regions. 

 

6.4 Robustness Checks of Main Results 

Our main results suggest a positive (negative) relationship between final good exports, capital openness 

(final good imports) and inter-industry wage differentials. In this section, we check the robustness of 

                                                           
16 Following Figini and Görg (2011) and Noria (2015), we also check a possible non-linear relationship between FDI 
and industrial wage premia (not reported here). Consistently, an inverted-U pattern is observed, though such a 
relationship appears to be insignificant. The inverted-U shape suggests that the impact of FDI on wages is potentially 
strong for low levels of FDI, but weakens as FDI increases. However, given the turning point of the estimated function, 
only the left part of the relationship, along which the industrial wage premium increases with FDI share, is relevant to 
our discussion. We therefore only consider the linear relationship in the subsequent analysis. 
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these main findings. The first concern is whether these results are sensitive to outlier industries. This 

issue arises from the fact that some industries in our sample experienced substantial variations in wage 

premia across years. As shown in Table 3, the estimated normalised wage premium for agriculture, 

hunting, forestry, and fishing industry was -0.378 in 2005 but jumped to 0.668 in 2008. In fact, large 

year-to-year wage variations at the industry level seem to be common in developing countries, e.g. 

Colombia (Goldberg and Pavcnik, 2005) and India (Kumar and Mishra, 2008). Yet, to address potential 

outlier effects, we exclude outlier industries from our sample. Specifically, we calculate the wage 

difference across years for each industry and rank industries accordingly. The top five industries that 

experienced the largest wage variations are considered as outliers. These industries include water 

transport, renting of M&Eq and other business activities, leather and footwear, wholesale trade and 

commission trade, and agriculture, hunting, forestry and fishing.17  Regression results for this reduced 

sample of industries are reported in Table 7. 

 [ Insert Table 7 Here ] 

Columns (1)-(3), (4)-(6), and (7)-(9) in Table 7 correspond to the results based on the full sample, coastal 

regions and non-coastal regions, respectively. It is evident that the coefficient estimates are negative for 

final goods import share and positive for final goods export share. Regarding capital openness, we 

observe a negative but insignificant coefficient for FDI, which may result from the significantly positive 

coefficient for coastal regions and the significantly negative coefficient for non-coastal regions. The 

estimated coefficients for FIFA are positive in all specifications. These findings by and large confirm 

that our main results are not affected by potential outlier industries. 

 

                                                           
17 The largest yearly wage variations for these five industries are all higher than one. Such variation for all other 
industries are below one. 
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The main results so far are based on both tradable and non-tradable sectors and thus should be interpreted 

as providing a composite of both the direct and indirect influences of globalisation on industry wage 

differentials. For the service industries that have little or no exposure to international trade, there is only 

scope for an indirect relationship between trade openness and wage premium due the industries’ sales 

and input linkages to industries with international exposure. As an additional robustness check, we 

restrict our sample to tradable sectors. We identify tradable sectors based on two criteria. Criterion one 

identifies an industry as tradable if the share of total trade in industrial output is higher than the share of 

wholesale and retail trade industry (Berms, 2008; He et al., 2014). Criterion two simply excludes service 

industries and considers agriculture, mining and quarrying, and manufacturing industries as tradable 

ones.18 We replicate our core second-stage regressions and the results are presented in Table 8. 

 [ Insert Table 8 Here ] 

As shown in columns (1) and (4), the empirical results for trade openness are consistent with our earlier 

findings; that is, final goods import share is negatively related with the wage premium and final goods 

export share is positively related with the wage premium, though we lose some significance possibly 

due to a reduction in the sample size. We find a significant and positive relationship between FDI (FIFA) 

share and the wage premium for tradable sectors based on criterion one, indicating that wages rise with 

an increase in capital openness at the industry level. For tradable sectors based on criterion two, the 

estimated coefficient of FDI share is negative but insignificant while the coefficient of FIFA share 

remains positive.  

 

                                                           
18 Appendix Table A.6 shows a full list of industry classifications. 
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One additional factor that may affect our main results is skill intensity. This arises from the sorting 

literature which predicts that workers are sorted across industries such that more able workers are sorted 

to more productive industries. As a result, industries that employ relatively more skilled workers tend 

to pay higher average wages (Gibbons and Katz, 1992; Abowd et al., 2014). This raises the issue that 

industrial heterogeneity in skill composition could be an important determinant of inter-industry wage 

differentials. In our current context, one further issue is that opening to trade and foreign investment 

could affect worker sorting between industries and thus affect inter-industry wage differentials. Indeed, 

we attempted to control for the skill effects in the first stage regressions by including observable 

individual differences in education. Yet, wage variations that are attributable to unmeasured ability 

remain and the estimated industrial wage premium could be overestimated (Gibbons and Katz, 1992). 

While we do not directly account for the role of unmeasured individual ability, we are interested in 

whether industrial skill composition, as a proxy for industry-average ability, and its interaction with 

measures of globalisation could affect the robustness of our main findings. To address this issue, we 

augment our second-stage regression equation (6) by adding a skill indicator that equals one if an 

industry is skill-intensive and zero otherwise as well as its interaction with measures of globalisation.19 

 

As shown in column (1) in Table 9, the estimated coefficient of the skill indicator is significantly 

positive, indicating that on average the estimated wage premium is higher in skill-intensive industries 

than low-skill-intensive ones, as expected. The point estimates of trade openness are consistent with 

earlier results. That is, we only find significant coefficients with expected signs for final goods trade, 

whereas the coefficients for intermediate goods trade are insignificant. We do not find significant 

coefficients for all interaction terms, indicating that trade openness is not associated with wages 

                                                           
19 An industry is defined as skill-intensive if the share of skilled workers (in terms of total working hours) is higher 
than the average of all industries. 
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differently for skill- and low-skill-intensive industries. Columns (2) and (3) report regression results for 

capital openness. It is evident that both FDI and FIFA is positively correlated with the wage premium, 

which is consistent with our main findings. The coefficients of the interaction terms, however, are both 

significant and positive, suggesting that skill-intensive industries tend to pay higher average wage 

premia than low-skill -intensive ones with a higher exposure to capital inflows. In effect, we find 

continuous effects for capital openness but no such effect for trade openness after accounting for 

industrial skill composition, and our main results hold.  

[ Insert Table 9 Here ] 

6.5 Endogeneity Issues 

So far, we have included industry and year fixed effects to control for unobserved industry-specific 

time-invariant characteristics and common shocks to all industries that might be correlated with 

industry wage premia, and have checked the robustness of our main results. However, our measures 

of globalisation may be endogenous and the coefficient estimates could be biased if any other 

unobserved industry heterogeneity that affects wages and openness simultaneously is not controlled 

for. One example is the political economy factors that may give rise to such unobserved industry 

heterogeneity, as suggested by Goldberg and Pavcnik (2005). Another possible source of endogeneity 

is reverse causality, which applies if average industrial wages affect a firm’s production decision and 

in turn influence its trade behaviour. To attract a better pool of workers, firms could pay higher wages, 

which may result in increased productivity and exporting. To address these concerns, we use an 

instrumental variable strategy. 

 



 
 

27 
 

For an instrument to be valid, it needs to be highly correlated with the instrumented variables but 

uncorrelated with the error term. In the absence of strictly exogenous instruments for both trade and 

capital openness, we follow Lundin and Yun (2009) and first use the one-year lags of the endogenous 

variables as instruments. The rationale is that the current value of wages have little impact on trade and 

capital openness of the previous period. However, current and lagged values of these variables are often 

persistent over the years, which may still lead to biased results. In this case, the results should not be 

interpreted as a strict causal relationship.  

 

In addition to lags, we employ two alternative sets of instrumental variables for trade openness. The first 

set is constructed from exogenous variations in trade partners’ industrial gross output and is expressed 

as weighted averages using pre-sample trade shares with each trade partner as weights (Shiferaw and 

Hailu, 2016). The idea is that industrial output captures both demand and supply influences. Specifically, 

a higher output of industry i in country c potentially enables higher exports to China. Similarly, a higher 

output of industry i in country c may imply higher imports of intermediate inputs from China that are 

used for production and higher imports of final goods due to a rise in income. Besides trade partners’ 

industrial gross output, we additionally include weighted average exchange rates as a second set of 

instrumental variables.20 The use of exchange rates as an instrument originates from the fact that if a 

foreign currency appreciates, imported products from China can be priced lower in terms of local 

currency and the demand for Chinese products will rise. In the meanwhile, the price of imported products 

from foreign countries is higher in terms of Chinese Renminbi and therefore imports will decrease. 

Given that there are four potentially endogenous variables, we calculate the instrumental variable for 

each variable using the share of intermediate imports, final imports, intermediate exports and final 

                                                           
20 Using exchange rates as instrumental variables for trade openness can be found in Hummels et al. (2011), 
Carluccio et al. (2015), and Chen et al. (2017). 
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exports as weight respectively. Following Hummels et al. (2011), Carluccio et al. (2015), and Chen et 

al. (2017), we include the full set of instruments in all first-stage regressions. The instrumental variables 

can be expressed as follows: 

௧ܫܱܩ ൌ  ௧ܫܱܩݏ  

௧ܴܺܧ ൌ  ௧ܴܺܧݏ  

where ܫܱܩ௧  is ݉ weighted average gross output indicator of China’s trade partners, and ݉אሼint�rm��iat� importǡ final importǡ int�rm��iat� �xportǡ final �xportሽ . Similarly, ܴܺܧ௧  is ݉ 

weighted average exchange rates of major trade partners. ݏ denotes the share of trade type ݉ with 

country c in total trade type ݉ with all countries for industry i in the pre-sample year. Since our sample 

starts in 2003, we set the year 2002 as pre-sample year. The use of pre-sample weights can eliminate the 

potential endogeneity problem caused by contemporaneous shocks that may affect both the 

import/export composition with trade partners and wage setting (Hummels et al., 2014; Chen, 2017). 

Therefore, our instrumental variables rely on predetermined variations in trade composition across 

industries and exogenous variations in gross output (exchange rates) of trade partners. ܫܱܩ௧ is the gross 

output of industry i for country c in year t and ܴܺܧ௧ denotes the real bilateral exchange rates between 

China and country c. Pre-sample trade shares are constructed based on bilateral trade data from the 

WIOD. Industry-level data on gross output for each country are also from the WIOD. Exchange rates 

data are taken from the IMF Financial Statistics database. 

 

Table 10 presents the results from the two-stage least squares (2SLS) regressions using one year lags as 

instrumental variables. The first-stage results, reported in Appendix Table A.7, indicate a highly 

significant and positive relationship between the openness variables and their own first lags and, 
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additionally, with an R2 ranging from 0.66 to 0.91. Both the under-identification and the weak 

identification tests suggest that our instruments are valid. In general, the results are similar to the earlier 

ones, though significance is lost on the capital openness variables and is reduced on the final import 

share. Overall, however, the findings on the effects of specific types of trade on the wage premia are 

confirmed, as is the presence of these effects for both coastal and non-coastal regions. 

[ Insert Table 10 Here ] 

Table 11 reports the 2SLS regression results using the two alternative sets of instrumental variables for 

trade openness. Panel A uses trade weighted averages of industrial output as instrumental variables; 

Panel B employs both weighted averages of industrial gross output and exchange rates as instruments. 

The first-stage regression results for coastal regions are set out in the Appendix Table A.8. Focusing on 

Panel A, weighted averages of gross output are positively related with trade shares, as expected, except 

for the intermediate import share. These results hold after including exchange rates as additional 

instrumental variables, as shown in Panel B. Interestingly, an increase in exchange rates is negatively 

related with intermediate import share and positively with both intermediate and final export share. One 

potential explanation is that variations in trade values include changes in both price and quantity. An 

appreciation in Renminbi increases the price but decreases the quantity of Chinese exports. In contrast, 

it decreases the price but increases the quantity of Chinese imports. Our results indicate that the price 

effects dominate the quantity effects in the case of China, which is consistent with the findings in Chen 

et al. (2017). It should be noted, however, that the F-statistics indicate that our instrumental variables 

are relatively weak.  

 

The results displayed in Panel A of Table 11 show a negative (positive) relationship between final goods 

imports (exports) and wage premia, and are in line with earlier findings, though only significant effects 
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are found for coastal regions. In Panel B, however, we find significantly negative effects of final goods 

imports for all specifications and significantly positive effects of final goods exports for the full sample 

and for coastal regions. Overall, the results from the alternative sets of instruments used to control for 

potential endogeneity give support for the base results and for the finding that final goods imports affect 

inter-industry wage differentials negatively while final goods exports have positive effects on industry 

wage premia. 

[ Insert Table 11 Here ] 

7 Conclusions 

Af ter joining the WTO, trade and international capital inflows surged substantially in China. Meanwhile, 

widening wage inequality has attracted much attention. This paper investigates the effects of 

globalisation on industry wage dispersion in China. When studying wage differentials across industries, 

it is important to control for individual and firm level effects. To achieve that, we employ a two-stage 

strategy, which uses individual household level data in the first stage to obtain estimates of the average 

wage for each industry that controls for differences in worker characteristics, and explains the estimated 

industrial wage premia in terms of globalisation measures in the second stage.  

 

The first stage regression estimates the industrial wage premium, defined as the part of the overall wage 

variations that cannot be explained by worker and firm characteristics but is due to industry affiliation. 

We find that industry affiliation explains a relatively small proportion of actual wage variations, as has 

been found in other studies on developing countries. The empirical results also show that men, han 

Chinese, white collar workers, those working in larger firms, those satisfied with their jobs and those 

having higher social and economic status tend to earn more than other workers. 
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In the second stage, the estimated industry wage premia are regressed on globalisation-related variables. 

Specifically, we consider two types of measures, trade openness and capital openness.  We find evidence 

that it is mainly greater exposure to trade in final goods (imports and exports) that drives industry wage 

differentials, while the effects of intermediate imports and exports are insignificant. A higher final 

import share is negatively associated with wage premia, which is consistent with a disciplining effect of 

import competition. In contrast, the wage premium tends to be larger the more the industry’s 

involvement in the exporting of final goods. This may be consistent with factor price effects of trade in 

traditional models or with the selection effects of exporting as found in the new trade theories. The 

empirical results also reveal a positive, though less robust effect of capital openness on industry wage 

differentials. These results are robust to various specifications. Finally, the significant trade effects are 

found to be stronger for individuals from coastal regions than for those from non-coastal regions.  
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Main Text Tables 
 

Table 1: Mean of Globalisation-Related Variables (%) 
 

Variable 2003 2005 2006 2008 2010 

a. Trade Openness      

Trade Share 18.82 21.31 20.80 19.10 17.94 

Import Share 7.77 8.90 8.43 7.60 7.54 

Export Share 11.42 13.33 13.13 11.99 10.79 

Intermediate Import Share 5.73 7.06 6.76 6.11 6.09 

Final Import Share 2.04 1.84 1.66 1.49 1.46 

Intermediate Export Share 5.46 6.68 6.93 6.24 5.82 

Final Export Share 5.96 6.65 6.19 5.74 4.97 

 

b. Capital Openness      

FDI Share 1.80 1.78 1.27 1.10 0.94 

FIFA Share 2.21 2.94 2.69 2.70 1.64 

Observations 32 32 32 32 32 

Source: Authors’ calculation based on trade data from the WIOD, FDI data from the China Statistical Yearbook and 

the Report on Foreign Investment in China, and FIFA data from the Statistical Yearbook of the Chinese Investment 

in Fixed Assets. 

Notes:  Shares refer to shares in gross output. FIFA denotes Foreign Investment in Fixed Assets.  
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Table 2: First-stage Estimation Results for 2010 
 

 

 Log of Monthly Income  Log of Hourly Income 

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

Female  -0.326*** -0.366***   -0.277*** -0.331*** 

  (9.70) (11.07)   (7.06) (8.63) 

Age  0.048*** 
 

0.050*** 
 

  0.030** 0.033** 

  (4.10) (4.19)   (2.30) (2.43) 

Age2  -0.001*** -0.001***   -0.000** -0.000** 

  (4.40) (4.52)   (2.43) (2.54) 

Han  0.161** 0.189***   0.128* 0.165* 

  (2.36) (2.66)   (1.69) (2.12) 

Urban Hukou  -0.001 0.027   0.061 0.097* 

  (0.02) (0.57)   (1.15) (1.79) 

Married  0.003 -0.017   -0.013 -0.036 

  (0.05) (0.28)   (0.20) (0.52) 

Party Membership  -0.044 -0.036   -0.012 -0.002 

  (0.92) (0.73)   (0.21) (0.04) 

Education        

     Elementary School  0.263*** 0.249**   0.211* 0.192* 

  (2.71) (2.55)   (1.90) (1.71) 

     Junior Middle School  0.277*** 0.258***   0.271*** 0.246** 

  (3.35) (3.12)   (2.83) (2.56) 

     Senior Middle School  0.399*** 0.381***   0.462*** 0.439*** 

  (4.58) (4.38)   (4.54) (4.27) 

     Technical Secondary School  0.463*** 0.465***   0.479*** 0.492*** 

  (4.78) (4.82)   (4.26) (4.36) 

     Junior College  0.619*** 0.627***   0.666*** 0.686*** 

  (6.51) (6.63)   (5.95) (6.13) 

     College/University  0.888*** 0.899***   0.907*** 0.934*** 

  (8.64) (8.75)   (7.57) (7.77) 

     Graduate and Above  1.252*** 1.241***   1.386*** 1.386*** 

  (7.94) (7.89)   (7.89) (7.85) 

Weekly Working Hour  0.000 -0.000     

  (0.26) (0.37)     

Blue Collar  -0.397*** -0.331***   -0.420*** -0.367*** 

  (8.36) (7.55)   (7.85) (7.18) 

Job Type        

     Government  -0.164* -0.211***   -0.212** -0.256*** 

  (2.15) (3.67)   (2.22) (3.83) 

     Collective Firms  -0.003 -0.000   -0.019 -0.022 

  (0.05) (0.01)   (0.24) (0.28) 
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Table 2 – Continued 

  Log of Monthly Income  Log of Hourly Income 

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

Private Firms  0.044 0.048   -0.095 -0.104* 

  (0.84) (1.03)   (1.61) (1.91) 

FIEs and JVs  0.349*** 0.361***   0.371*** 0.383*** 

  (3.11) (3.47)   (2.83) (3.24) 

Self-employed  0.013 0.035   -0.130* -0.151** 

  (0.22) (0.61)   (1.84) (2.31) 

Size of Establishment        

50-99  0.027 -0.006   0.026 -0.007 

  (0.49) (0.10)   (0.41) (0.11) 

100-499  0.127*** 0.070   0.133*** 0.076 

  (2.89) (1.60)   (2.65) (1.51) 

500-999  0.259*** 0.173**   0.278*** 0.175* 

  (3.59) (2.33)   (3.13) (1.92) 1000  
0.350*** 
(5.69) 

0.303*** 
(5.44) 

  
0.374*** 
(5.32) 

0.325*** 
(4.89) 

Satisfied with Job  0.239*** 0.244***   0.278*** 0.279*** 

  (7.07) (7.02)   (7.04) (6.84) 

Social & Economic Status 

Middle  0.281*** 0.285***   0.290*** 0.292*** 

  (7.73) (7.70)   (6.74) (6.59) 

High  0.606*** 0.614***   0.581*** 0.587*** 

  (9.56) (9.53)   (8.23) (8.11) 

Constant 6.772*** 5.443*** 5.682***  1.289*** 0.415 0.688** 

 (40.87) (19.53) (22.63)  (7.34) (1.33) (2.39) 

Industry Indicators Yes Yes No  Yes Yes No 

Observations 2378 2378 2378  2378 2378 2378 

R2 0.085 0.393 0.357  0.121 0.382 0.340 തܴଶ 0.073 0.377 0.350  0.109 0.366 0.333 

Notes: The dependent variable is the log of real monthly income in columns (1) to (3) and the log of real hourly 

income in columns (4) to (6), respectively. Income is deflated to the 2003 level using Consumer Price Index 

(CPI). Sample weights are included in all regressions. 

* p <0.1, ** p <0.05, *** p <0.01. Absolute t statistics in parentheses. 
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Table 3: Estimated (Hourly) Normalised Wage Premia 
 

Industry 2003 2005 2006 2008 2010 

Agriculture, Hunting, Forestry and Fishing -0.311 -0.302 -0.378 0.668 0.223 

Mining and Quarrying -0.219 -0.057 0.112 -0.230 0.287 

Food, Beverages and Tobacco 0.032 0.047 0.011 0.190 -0.324 

Textiles and Textile Products -0.181 0.126 -0.170 -0.242 -0.301 

Leather and Footwear -0.061 0.762 0.309 0.528 -0.587 

Wood and Wood Products -0.285 0.242 -0.077 -0.575 -0.370 

Paper Products -0.292 -0.154 -0.223 -0.162 -0.145 

Petroleum 0.154 -0.182 0.080 0.380 -0.161 

Chemicals and Chemical Products -0.096 0.078 0.008 -0.226 -0.201 

Rubber and Plastics 0.161 -0.036 0.232 -0.150 -0.067 

Non-Metallic Mineral -0.134 0.170 0.312 -0.376 -0.136 

Basic Metals and Fabricated Metal -0.063 0.097 -0.129 0.010 -0.224 

Machinery, Nec. -0.240 0.135 -0.005 -0.134 0.220 

Electrical and Optical Equipment 0.058 -0.367 0.313 0.117 0.127 

Transport Equipment -0.069 -0.198 -0.152 0.071 -0.231 

Manufacturing, Nec; Recycling -0.025 -0.055 0.366 0.371 -0.380 

Electricity, Gas and Water Supply 0.270 0.230 0.637 0.200 -0.024 

Construction 0.060 -0.095 0.034 0.065 0.129 

Wholesale Trade and Commission Trade 0.028 -0.062 0.241 0.283 0.910 

Retail Trade -0.064 -0.049 -0.002 -0.017 -0.033 

Hotels and Restaurants -0.040 0.063 0.127 -0.074 -0.217 

Inland Transport 0.152 0.203 0.045 0.073 0.233 

Water Transport 0.246 -0.142 0.669 0.255 1.877 

Other Transport Activities 0.035 0.027 0.051 -0.035 0.298 

Post and Telecommunications 0.338 0.166 -0.247 0.456 -0.279 

Financial Intermediation 0.120 0.137 0.351 0.414 0.447 

Real Estate Activities 0.231 0.604 0.484 0.281 0.238 

Renting of M&Eq; Other Business Activities -0.150 0.227 0.066 -0.023 1.408 

Public Admin and Defense 0.095 -0.170 -0.013 -0.105 -0.015 

Education 0.083 -0.114 -0.224 -0.061 -0.080 

Health and Social Work 0.085 -0.060 -0.232 -0.227 -0.243 

Other Services 0.041 0.039 -0.175 0.103 0.084 

Notes: The dependent variables are the log of real hourly income in all regressions. Sample weights are included 

in all regressions. 
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Table 4: Second-stage Estimation Results: Determinants of Industrial Wage Premia in China      
(2003-2010) 

Variables (1) (2) (3) 

Trade Share 0.001   

 (0.23)   

Import Share  -0.001  

  (0.07)  

Export Share  0.002  

  (0.42)  

Tariff Rate   -0.007 

   (0.27) 

Value Added Share 0.014 0.014   -0.018* 

 (1.67) (1.64) (1.98) 

GFCF Share 0.001 0.001 0.011 

 (0.67) (0.62) (1.02) 

Employment Share       -0.051***       -0.051***       -0.066*** 

 (8.06) (7.98) (10.69) 

Year Indicators Yes Yes Yes 

Industry Fixed Effects Yes Yes Yes 

Observations 160 160 85 

Notes: The dependent variables in all regressions are the normalised inter-industry wage premia obtained from the 

first-stage regressions for five years between 2003 and 2010. Trade share, import share, export share, value added 

share, and GFCF share denote shares of trade, import, export, value added and gross fixed capital formation in 

industrial gross output respectively. Employment share is the share of industrial employment in total employment. 

Tariff rate is the most favoured nation (MFN) weighted average rate calculated by authors based on data from World 

Integrated Trade Solution (WITS). Robust standard errors are clustered at the industry level in all specifications. 

 * p <0.1, ** p <0.05, *** p <0.01. Absolute t statistics in parentheses. 
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Table 5: Alternative Second-stage Estimation Results: Intermediate and Final Goods Trade     
and Wage Premia (2003-2010) 

 

 
Full Sample  Coastal Regions  Non-coastal Regions 

(1)  (2)  (3) 

Intermediate Import Share 0.001  0.000  0.006 

 (0.16)  (0.02)  (0.90) 

Final Import Share       -0.040***      -0.048**         -0.033*** 

 (3.46)  (2.66)  (2.94) 

Intermediate Export Share -0.009  -0.011  -0.008 

 (1.26)  (0.99)  (1.47) 

Final Export Share      0.028**         0.040***  0.007 

 (2.33)  (3.58)  (0.99) 

Control Variables Yes  Yes  Yes 

Year Indicators Yes  Yes  Yes 

Industry Fixed Effects Yes  Yes  Yes 

Observations 160  160  160 

Notes: Intermediate import share, final import share, intermediate export share, and final export share denote the 

respective shares in gross output. Control variables include the share of value added and the share of gross fixed 

capital formation in gross output, and the share of industrial employment in total employment. Robust standard 

errors are clustered at the industry level in all specifications. 

* p <0.1, ** p <0.05, *** p <0.01. Absolute t statistics in parentheses. 
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Table 6:  Alternative Second-stage Estimations: Capital Openness and Wage Premia 

(2003-2010) 
 

 

 

 Full Sample  Coastal Regions  Non-coastal Regions 

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

FDI Share 0.002   0.027***   -0.008*  

 (0.60)   (5.62)   (1.72)  

FIFA Share  0.015**   0.021**   0.005 

  (2.30)   (2.53)   (0.61) 

Control Variables Yes Yes  Yes Yes  Yes Yes 

Year Indicators Yes Yes  Yes Yes  Yes Yes 

Industry Fixed Effects Yes Yes  Yes Yes  Yes Yes 

Observations 160 160  160 160  160 160 

Notes: FDI share and FIFA share refer to the respective shares in gross output. Control variables include the share 

of value added and the share of gross fixed capital formation in gross output, and the share of industrial employment 

in total employment. Robust standard errors are clustered at the industry level in all specifications. 

* p <0.1, ** p <0.05, *** p <0.01. Absolute t statistics in parentheses. 
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Table 7: Globalisation and Industry Wage Premia, Robustness Checks: Excluding Outlier Industries 
 

 

 

 Full Sample  Coastal Regions  Non-coastal Regions 

 (1) (2) (3)  (4) (5) (6)  (7) (8) (9) 

Intermediate Import Share 0.002    0.001    0.009   

 (0.332)    (0.086)    (1.185)   

Final Import Share -0.037***    -0.046***    -0.033**   

 (4.852)    (2.799)    (2.544)   

Intermediate Export Share -0.006    -0.009    -0.003   

 (1.573)    (0.892)    (0.865)   

Final Export Share 0.012    0.030**    0.004   

 (1.694)    (2.775)    (0.598)   

FDI Share  -0.002    0.022***    -0.011**  

  (0.536)    (4.278)    (2.153)  

FIFA Share   0.012**    0.017**    0.003 

   (2.412)    (2.372)    (0.367) 

Constant -0.455 -0.429 -0.403  -0.769 -0.561 -0.581  -0.494 -0.431 -0.404 

 (1.547) (1.319) (1.236)  (1.508) (1.214) (1.263)  (1.125) (0.973) (0.881) 

Control Variables Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Year Indicators Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Industry Fixed Effects Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Observations 135 135 135  135 135 135  135 135 135 

Notes: We exclude outlier industries in all regressions. Specifically, we exclude top five industries with the highest wage premium differences across years. 

These industries include agriculture, hunting, forestry and fishing, leather and footwear, wholesale trade and commission trade, water transport, and renting of 

M&Eq and other business activities. All other variables are defined as before. Robust standard errors are clustered at the industry level in all specifications. 

* p <0.1, ** p <0.05, *** p <0.01. Absolute t statistics in parentheses.
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Table 8: Globalisation and Industry Wage Premia, Robustness Checks: Tradable Industries 
 

 

 
Criterion 1  Criterion 2 

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

Intermediate Import Share -0.001    -0.000   

 (0.061)    (0.054)   

Final Import Share -0.022    -0.034**   

 (1.669) 
 

   (2.760)   

Intermediate Export Share -0.006    -0.023   

 (0.758)    (1.108)   

Final Export Share 0.048***    0.021   

 (3.200)    (1.197)   

FDI Share  0.016*    -0.000  

  (1.922)    (0.046)  

FIFA Share   0.031**    0.012 

   (2.822)    (0.978) 

Constant -2.444** -1.773** -1.744*  -0.105 0.616 0.573* 

 (2.325) (2.165) (1.937)  (0.173) (1.610) (2.111) 

Control Variables Yes Yes Yes  Yes Yes Yes 

Year Indicators Yes Yes Yes  Yes Yes Yes 

Industry Fixed Effects Yes Yes Yes  Yes Yes Yes 

Observations 75 75 75  80 80 80 

Notes: Details of tradable industries are shown in Appendix Table A.6. All other variables are defined as before. 

Robust standard errors are clustered at the industry level in all specifications. 

* p <0.1, ** p <0.05, *** p <0.01. Absolute t statistics in parentheses. 
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Table 9:  Globalisation and Inter-Industry Wage Differentials, Robustness Checks: The Role of 
Skill Mix 

 

 (1) (2) (3) 

Skill Indicator    0.218** 0.041 0.044 

 (2.233) (0.911) (1.009) 

Intermediate Import Share 0.002   

 (0.243)   

Intermediate Import ShareൈSkill Indicator -0.020   

 (0.794)   

Final Export Share     -0.040***   

 (2.913)   

Final Import ShareൈSkill Indicator -0.004   

 (0.130)   

Intermediate Export Share -0.006   

 (0.313)   

Intermediate Export ShareൈSkill Indicator -0.003   

 (0.136)   

Final Export Share     0.028**   

 (2.226)   

Final Export ShareൈSkill Indicator -0.017   

 (0.860)   

FDI Share  0.003  

  (1.020)  

FDI ShareൈSkill Indicator       0.046***  

  (3.152)  

FIFA Share        0.016*** 

   (2.953) 

FIFA ShareൈSkill Indicator      0.014** 

   (2.446) 

Constant -0.704 -0.543 -0.541 

 (1.648) (1.378) (1.377) 

Control Variables Yes Yes Yes 

Year Indicators Yes Yes Yes 

Industry Fixed Effects Yes Yes Yes 

Observations 160 160 160 
 

Notes: Skill indicator is a dummy variable that equals one if the share of high-skilled workers is higher than average 

and zero otherwise. Data on the share of workers with different skill levels are from the WIOD. All other variables 

are defined as before. Robust standard errors are clustered at the industry level in all specifications. 

  * p <0.1, ** p <0.05, *** p <0.01. Absolute t statistics in parentheses.
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Table 10: Two Stage Least Squares Second-stage Estimations: Globalisation and Wage Premia (2003-2010) 
 
 

 Full Sample  Coastal Regions  Non-coastal Regions 

 (1) (2) (3)  (4) (5) (6)  (7) (8) (9) 

Intermediate Import Share 0.002    0.007    0.003   

 (0.17)    (0.62)    (0.29)   

Final Import Share -0.051*      -0.067*      -0.039*   

 (1.72)    (1.87)    (1.68)   

Intermediate Export Share -0.012    -0.008      -0.011*   

 (1.51)    (0.99)    (1.73)   

Final Export Share        0.054***           0.064***      0.024*   

 (2.86)    (3.81)    (1.69)   

FDI Share  0.008    0.032    -0.003  

  (0.37)    (1.34)    (0.25)  

FIFA Share   0.029    0.035    0.005 

   (1.43)    (1.00)    (0.37) 

Control Variables Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Year Indicators Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Industry Fixed Effects Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Observations 160 160 160  160 160 160  160 160 160 

Notes: The dependent variables in all regressions are the normalised inter-industry wage premia calculated from the first-stage regressions. The endogeneous 

regressors are instrumented for by their own one-year lags. Control variables include the share of value added and the share of gross fixed capital formation in 

gross output, and the share of industrial employment in total employment. Robust standard errors are clustered at the industry level in all specifications. 

  * p <0.1, ** p <0.05, *** p <0.01. Absolute t statistics in parentheses.
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Table 11: Two Stage Least Squares Second-stage Estimations: Trade Openness and Wage 
Premia (2003-2010) 

 

 
Panel A: IV 1  Panel B: IV 2 

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

Intermediate Import Share 0.044 -0.001 0.203*  0.019 0.031 0.025 

 (0.857) (0.020) (1.879)  (1.412) (1.576) (1.480) 

Final Import Share -0.119 -0.135* -0.200  -0.124**   -0.145** -0.142* 

 (1.546) (1.680) (1.045)  (2.046) (1.982) (1.732) 

Intermediate Export Share 0.005 -0.003 0.042  -0.004 -0.006 -0.012 

 (0.249) (0.174) (0.578)  (0.364) (0.394) (0.826) 

Final Export Share 0.026      0.076*** -0.104      0.049**     0.066*** 0.015 

 (0.641) (2.699) (0.731)  (2.542) (2.817) (0.667) 

Control Variables Yes Yes Yes  Yes Yes Yes 

Year Indicators Yes Yes Yes  Yes Yes Yes 

Industry Fixed Effects Yes Yes Yes  Yes Yes Yes 

Observations 160 160 160  160 160 160 

Notes: The dependent variables in all regressions are the normalised inter-industry wage premia calculated from 

the first-stage regressions. The endogeneous regressors are instrumented for by two sets of instrumental variables.  

The instrumental variables in Panel A are trade weighted averages of industrial gross output of China’s major trade 
partners, and in Panel B are trade weighted averages of industrial gross output and trade weighted averages of 

exchange rates of China’s major trade partners. Control variables include the share of value added and the share of 
gross fixed capital formation in gross output, and the share of industrial employment in total employment. Robust 

standard errors are clustered at the industry level in all specifications. 

* p <0.1, ** p <0.05, *** p <0.01. Absolute t statistics in parentheses.   
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Appendix 

 

Table A.1:  Mean of Key Variables for the First-stage Regressions 
 

Variable 2003 2005 2006 2008 2010 

Individual Characteristics      

Hourly Income (yuan) 5.8729 6.6369 7.1645 9.1311 15.2010 

Female (=1) 0.4129 0.4480 0.4366 0.4358 0.4303 

Age 39.0619 37.1890 36.8142 37.3292 39.2678 

Han (=1) 0.9460 0.9534 0.9478 0.9414 0.9267 

Urban Hukou (=1) 0.9390 0.8998 0.7995 0.8018 0.7451 

Married (=1) 0.8610 0.8130 0.7739 0.7970 0.8120 

Party Membership (=1) 0.2254 0.1383 0.1043 0.1540 0.1941 

Education      

Below Elementary School (Reference Group) 0.0134 0.0127 0.0128 0.0133 0.0490 

Elementary School 0.0716 0.0581 0.0650 0.0986 0.0863 

Junior Middle School 0.2707 0.2786 0.2984 0.2658 0.2407 

Senior Middle School 0.2060 0.2475 0.2146 0.1977 0.1823 

Technical Secondary School 0.1473 0.1338 0.1588 0.1380 0.1041 

Junior College 0.2000 0.1723 0.1588 0.1465 0.1779 

College/University 0.0850 0.0921 0.0851 0.1305 0.1442 

Graduate and Above 0.0060 0.0049 0.0064 0.0096 0.0154 

Job Characteristics      

Weekly Working Hour 47.9741 49.0483 50.6046 50.2696 50.7234 

Blue Collar (=1) 0.4370 0.5827 0.4178 0.6537 0.6961 

Job Type      

State-Owned Enterprises (Reference Group) 0.5755 0.4288 0.3332 0.3564 0.2792 

Government 0.0794 0.0471 0.0632 0.0309 0.0616 

Collective Firms 0.0679 0.0921 0.0947 0.0751 0.0660 

Private Firms 0.0739 0.1489 0.0764 0.2014 0.2415 

FIEs and JVs 0.0199 0.0352 0.0201 0.0293 0.0259 

Self-employed 0.1834 0.2480 0.4124 0.3069 0.3258 
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Table A.1 – Continued 

Variable 2003 2005 2006 2008 2010 

 
Employer Characteristics 

Size of Establishment 

 
 
 

 
 
 

 
 
 

 
 
 

 
 
 

1-49 (Reference Group) 0.3561 0.3920 0.4929 0.4683 0.5170 

50-99 0.1053 0.0896 0.0915 0.1018 0.1147 

100-499 0.2693 0.2525 0.2114 0.1971 0.2071 

500-999 0.0744 0.0642 0.0686 0.0645 0.0474 1000 0.1949 0.2017 0.1355 0.1684 0.1139 

Relations      

Satisfied with Job (=1) 0.6309 0.5270 0.6572 0.6793 0.4453 

Social and Economic Status      

Low (Reference Group) 0.5440 0.5065 0.5941 0.3436 0.3358 

Middle 0.4034 0.4235 0.3590 0.5850 0.5465 

High 0.0526 0.0700 0.0468 0.0714 0.1177 

Observations 2165 2444 2185 1877 2468 

  Source: CGSS dataset (2003, 2005, 2006, 2008, and 2010). 
Notes: Only employed individuals are included in our sample. Income is deflated to the 2003 level. FIEs and JVs 
refer to Foreign-invested Enterprises and Joint Ventures respectively.  
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Table A.2: Observed Industrial Wage Differentials 
 

Industry 2003 2005 2006 2008 2010 

Agriculture, Hunting, Forestry and Fishing -0.696 -0.262 -0.710 0.909 -0.044 

Mining and Quarrying -0.334 -0.108 -0.041 -0.261 0.543 

Food, Beverages and Tobacco 0.028 -0.204 0.051 0.296 -0.585 

Textiles and Textile Products -0.432 -0.242 -0.631 0.639 -0.643 

Leather and Footwear -0.567 0.070 -0.048 -0.433 -0.856 

Wood and Wood Products 0.421 -0.298 -0.114 -0.658 -1.123 

Paper Products -0.532 -0.395 -0.655 -0.526 -1.110 

Petroleum 0.101 -0.207 -0.033 0.011 -0.176 

Chemicals and Chemical Products -0.149 0.092 -0.146 -0.038 -0.241 

Rubber and Plastics -0.049 -0.065 -0.033 -0.516 -0.282 

Non-Metallic Mineral -0.141 -0.357 0.052 -0.772 -0.995 

Basic Metals and Fabricated Metal -0.128 -0.168 -0.237 -0.013 0.019 

Machinery, Nec. -0.409 0.074 -0.057 -0.306 0.040 

Electrical and Optical Equipment 0.299 -0.329 0.259 0.093 0.476 

Transport Equipment -0.188 -0.054 -0.226 -0.121 -0.256 

Manufacturing, Nec; Recycling -0.116 -0.132 0.306 0.335 -1.162 

Electricity, Gas and Water Supply 0.342 0.209 0.604 0.601 -0.251 

Construction 0.096 0.227 0.249 -0.140 0.606 

Wholesale Trade and Commission Trade 0.501 -0.508 0.512 -0.009 0.918 

Retail Trade -0.331 -0.053 -0.075 -0.255 -0.023 

Hotels and Restaurants -0.250 -0.203 -0.129 -0.509 -0.950 

Inland Transport 0.133 0.041 -0.146 -0.008 0.580 

Water Transport 0.246 -0.213 0.584 0.550 1.306 

Other Transport Activities 0.074 0.014 0.146 -0.652 -0.062 

Post and Telecommunications 0.453 0.298 -0.171 0.989 -0.426 

Financial Intermediation 0.367 0.397 0.448 0.627 0.561 

Real Estate Activities 0.595 0.767 0.344 0.002 0.176 

Renting of M&Eq; Other Business Activities -0.079 0.316 -0.062 0.627 0.447 

Public Admin and Defense 0.146 0.095 0.214 -0.039 -0.087 

Education 0.500 0.215 0.144 0.282 0.088 

Health and Social Work 0.203 0.152 0.015 -0.043 -0.364 

Other Services -0.026 -0.078 -0.145 0.229 0.271 

Source: Authors’ calculation based on the CGSS dataset. 
Notes: Observed industrial wage differential is defined as the wage difference between the reported average for 
each industry and the employment-weighted average of all industries.   
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Table A.3:  Standard Deviations of Wage Premia and Observed Wage Differentials 
 

Variable 2003 2005 2006 2008 2010 

Wage Premium 0.170 0.230 0.259 0.278 0.508 

Observed Wage Differential 0.340 0.267 0.320 0.464 0.618 
 

Source: First-stage estimations and authors’ calculation. 
 
 
 

Table A.4: Correlation between Wage Premia and Observed Wage Differentials 
 

 

Correlation 
 

2003 
 

2005 
 

2006 
 

2008 
 

2010 

 

Pearson Correlation 
 

0.706 
 

0.481 
 

0.777 
 

0.583 
 

0.773 

Spearman Rank Correlation 0.720 0.358 0.723 0.578 0.838 

Source: First-stage estimations and authors’ calculation. 
Notes: All correlation coefficients are significant at 1% level. 

 

 
Table A.5: Year-to-year Correlation of Estimated Wage Premia 

 

Year 2003 2005 2006 2008 2010 

2003 1.000     

2005 0.090 1.000    

2006 0.436** 0.300* 1.000   

2008 0.402** 0.049 0.218 1.000  

2010 0.156 -0.144 0.377** 0.155 1.000 

Source: First-stage estimations and authors’ calculation. 
* p <0.1, ** p <0.05, *** p <0.01.   
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Table A.6: Tradability of Industries 
 

Industry Criterion 1 Criterion 2 

Agriculture, Hunting, Forestry and Fishing Non-tradable Tradable 

Mining and Quarrying Tradable Tradable 

Food, Beverages and Tobacco Non-tradable Tradable 

Textiles and Textile Products Tradable Tradable 

Leather and Footwear Tradable Tradable 

Wood and Wood Products Non-tradable Tradable 

Paper Products Non-tradable Tradable 

Petroleum Tradable Tradable 

Chemicals and Chemical Products Tradable Tradable 

Rubber and Plastics Tradable Tradable 

Non-metallic Mineral Non-tradable Tradable 

Basic Metals and Fabricated Metal Tradable Tradable 

Machinery, nec. Tradable Tradable 

Electrical and Optical Equipment Tradable Tradable 

Transport Equipment Tradable Tradable 

Manufacturing, nec.; Recycling Tradable Tradable 

Electricity, Gas and Water Supply Non-tradable Non-tradable 

Construction Non-tradable Non-tradable 

Wholesale Trade and Commission Trade Tradable Non-tradable 

Retail Trade Non-tradable Non-tradable 

Hotels and Restaurants Non-tradable Non-tradable 

Inland Transport Non-tradable Non-tradable 

Water Transport Tradable Non-tradable 

Other Transport Activities Tradable Non-tradable 

Post and Telecommunications Non-tradable Non-tradable 

Financial Intermediation Non-tradable Non-tradable 
Real Estate Activities Non-tradable Non-tradable 
Renting of M&Eq; Other Business Tradable Non-tradable 

Public Admin and Defense Non-tradable Non-tradable 

Education Non-tradable Non-tradable 

Health and Social Work Non-tradable Non-tradable 

Other Services Non-tradable Non-tradable 

Notes: This table shows tradable sectors based on two criteria. Tradable industries based on criterion 1 are those 
with the share of total trade in industrial output being higher than the share of wholesale and retail trade industry 
(Bems, 2008; He et al., 2014). Tradable industries based on criterion 2 simply include agriculture, mining and 
quarrying, and manufacturing industries.  
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Table A.7:  First-stage IV Regressions of Table 10:  Full Sample 
 

Dependent Variable 
Intermediate 

Import 
Final 

Import  
Intermediate 

Export 
Final 

Export 
FDI FIFA 

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

Intermediate Importtȱ1 0.936*** -0.052 0.042 0.018   

 (12.406) (1.426) (0.977) (0.336)   

Final Importtȱ1 0.347** 0.804*** -0.003 0.314   

 (2.047) (4.034) (0.031) (1.468)   

Intermediate Exporttȱ1 -0.157*** 0.001 0.877*** -0.050   

 (4.117) (0.031) (18.617) (0.884)   

Final Exporttȱ1 -0.211** -0.031 -0.196*** 0.748***   

 (1.999) (0.903) (3.404) (4.632)   

FDItȱ1     0.660***  

     (7.688)  

FIFAtȱ1      0.617*** 

      (3.963) 

Control Variables Yes Yes Yes Yes Yes Yes 

Year Indicators Yes Yes Yes Yes Yes Yes 

Industry Fixed Effects Yes Yes Yes Yes Yes Yes 

Observations 160 160 160 160 160 160 

R2 0.833 0.683 0.908 0.659 0.810 0.789 

Angrist-Pischke F-statistic 162.19 14.75 358.09 25.71 59.10 15.70 
 

Notes: The dependent variables are the share of intermediate import, final import, intermediate export, final export, 
FDI and FIFA in gross output in columns (1)-(6) respectively. Control variables include the share of value added and 
the share of gross fixed capital formation in gross output, and the share of industrial employment in total employment. 
Robust standard errors are clustered at the industry level in all specifications. 
* p <0.1, ** p <0.05, *** p <0.01. Absolute t statistics in parentheses.
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Table A.8:  First-stage IV Regressions of Table 11:  Coastal Regions 

 Panel A: IV 1  Panel B: IV 2 

 Intermediate 
Import 

Final  
Import 

Intermediate 
Export 

Final 
Export 

 Intermediate 
Import 

Final  
Import 

Intermediate 
Export 

Final 
Export 

 (1) (2) (3) (4)  (5) (6) (7) (8) 
GOIIntermediateImport -0.058 -0.049*** -0.293** -0.088***  -0.060 -0.045** -0.303** -0.094** 

 (1.290) (2.874) (2.104) (2.629)  (1.382) (2.457) (2.175) (2.564) 
GOIFinalImport 0.048*** 0.013** 0.019 0.014  0.025 0.011** 0.006 0.021* 

 (3.095) (2.470) (0.815) (1.250)  (1.527) (2.095) (0.292) (1.700) 
GOIIntermediateExport -0.192 -0.079** 0.520*** -0.190*  -0.021 -0.055 0.594*** -0.249** 

 (1.089) (2.041) (2.867) (1.738)  (0.169) (1.491) (3.141) (2.217) 
GOIFinalExport 0.189 0.067*** -0.184* 0.325***  0.007 0.039 -0.250** 0.390*** 

 (1.191) (2.714) (1.807) (2.945)  (0.061) (1.620) (2.568) (3.452) 
EXRIntermediateImport      -6.906*** -0.342 -0.202 0.273 
      (3.385) (0.925) (0.219) (0.385) 
EXRFinalImport      7.040*** 0.138 1.265 0.045 
      (3.134) (0.268) (0.892) (0.053) 
EXRIntermediateExport      6.040* 1.120 6.845*** -4.285** 
      (1.772) (1.395) (2.924) (2.179) 
EXRFinalExport      -6.537* -1.386* -6.827*** 4.539** 
      (1.944) (1.681) (2.693) (2.270) 
Control Variables Yes Yes Yes Yes  Yes Yes Yes Yes 
Year Indicators Yes Yes Yes Yes  Yes Yes Yes Yes 
Industry Fixed Effects Yes Yes Yes Yes  Yes Yes Yes Yes 
Observations 160 160 160 160  160 160 160 160 
R2 0.131 0.333 0.368 0.465  0.358 0.359 0.424 0.507 
Angrist-Pischke F-statistic 7.33 9.93 6.40 10.20  4.20 2.68 2.87 3.55 

Notes: The dependent variables are the share of intermediate import, final import, intermediate export, final export in gross output in columns (1)-(4) and (5)-(8) 

respectively. GOIm, where m ௶ {intermediate import, final import, intermediate export, final export}, represents m weighted average gross output indicator. 

Similarly, EXRm, where m ௶ {intermediate import, final import, intermediate export, final export}, represents m weighted average real exchange rates. Control 
variables include the share of value added and the share of gross fixed capital formation in gross output, and the share of industrial employment in total 
employment. Robust standard errors are clustered at the industry level in all specifications. 
* p <0.1, ** p <0.05, *** p <0.01. Absolute t statistics in parentheses. 


