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Abstract 
We examine the relationship between research and development (R&D) intensity and wages, using 

a unique matched employer-employee dataset. The dataset has the advantage that it links firm-level 

investment in R&D to individual employee wages and allows us to control for both employee and 

employer characteristics. Our main finding is that a one standard deviation increase in R&D 

intensity is associated with an increase in the hourly wage rate between 3.4 per cent and 6.9 per cent 

for the full sample, depending on the exact specification. We find that the wage elasticity with 

respect to R&D intensity is higher in larger firms as well as for better educated workers and 

workers with technical certification/skills. We also find, consistent with the rent-sharing hypothesis, 

that the wage elasticity with respect to R&D intensity is higher for workers who belong to the 

Communist Party or trade union. 
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Introduction 

 

There is widespread recognition that investment in research and development requires an 

educated and skilled workforce (Dunne & Schmitz, 1995). However, to this point, most studies 

that have examined the effect of technical change on wages have done so for developed countries 

and, in particular, Europe and the United States. Few studies exist for developing countries or 

post-socialist transition countries (exceptions are Liu et al 2004; Kuku et al. 2007; Patrinos & 

Sakellariou, 2003; Tan & Batra 1997). This is somewhat surprising given that many developing 

countries are struggling to make the transition from being cheap manufacturing bases to higher 

value added production. And a key issue in making this transition is whether these countries have 

the human capital base to absorb investment in research and development. 

 

China provides a good case for this study. China has traditionally been referred to as the ‘world’s 

factory’ because it was thought to have an abundance of low-cost labor.  But, there is now 

increasing thought being given to the idea that China’s role as the ‘world’s factory’ is nearing an 

end, reflecting structural change in the labor market and rising wages (McMillan, 2011). With an 

increasing number of higher education graduates, debate centers on whether China can move up 

the value added chain and become competitive in business process services and complex 

manufacturing technologies (Li & Sheldon, 2010).  There is much conflicting anecdotal evidence 

on whether China can so do. On the one hand, in the National Guidelines for Medium and Long-

term Plans for Science and Technology Development (2006-2010), the Chinese government 

made it clear that it sees science and technology as the key driver for economic growth and 

stated that it wants China to be an innovation-oriented nation by 2020 (Chinese Ministry of 

Science and Technology, 2006).  The official rhetoric is reflecting in growing expenditure on 
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research and development (R&D). China is now a world leader in R&D, having surpassed Japan 

to have the second highest R&D expenditure in the world after the United States (Battelle, 2010). 

 

 On the other hand, there is wide acknowledgement that China has a skill shortage and that there 

is a serious mismatch between the training that graduates from China’s universities are receiving 

and the attributes for which employers are looking on both the manufacturing and R&D sides.  

Farrell and Grant (2005) have characterized the problem as ‘the shortage among plenty’. These 

authors suggest that it is unlikely China will be able to climb the value added ladder because 

only 10 per cent of Chinese professionals with at least seven years of experience have the skill 

set to work for higher value-added firms. China’s talent vacuum is particularly acute in the 45-55 

age group, reflecting the lasting adverse legacy of the Cultural Revolution on China’s human 

capital base (Simon & Cao, 2008). The Global Financial Crisis did not dampen the demand for 

skilled labor. In a recent AmCham Shanghai survey of US-owned enterprises there, 37 per cent 

of respondents stated that recruiting talent was their biggest operational problem (Davies et al., 

2012).  Recent studies by Davies and Liang (2011), Davies et al (2012) and Li and Sheldon 

(2010), based on interviews in a number of organizations in Shanghai and other cities, found a 

recurrent theme of skilled labor shortages and poaching of skilled labor. This phenomenon is 

reflected in firms across the board paying higher wages to attract talent. According to the Boston 

Consulting Group (2011) Chinese wages have increased 15-20 per cent per annum since 2000.  

Wages in the Chinese ICT sector have been converging with international levels in Europe and 

the United States with headhunters in Beijing and Shanghai reporting that Chinese firms such as 

Datang, Huawei and Lenovo are paying wages close to those available in the United States, in 
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order to attract qualified workers to their engineering design units and R&D labs (Simon & Cao, 

2008).   

 

If investment in R&D requires a more skilled workforce, it follows that firms which invest more 

in R&D should pay higher wages.  This paper seeks to answer the question: Do firms using the 

most advanced technology, reflected in R&D intensity, pay higher wages? The contribution of 

this paper is threefold. First, we seek to establish whether same the wage-R&D intensity profile 

documented for other, predominantly developed, countries holds for China. Second, assuming a 

positive relationship between R&D intensity and wages, we empirically explore alternative 

theoretical explanations for this relationship. Third, we use a unique micro-level dataset that 

links firm-level investment in R&D to individual employee wages, rather than use industry-level 

investment in R&D and plant level data on wages. Our approach has advantages over studies that 

have used average data at the plant or firm level. In the case of the latter, individual worker 

characteristics that might influence their productivity and, therefore, their wages cannot be taken 

into account, and certain characteristics of the workplace, such as size of the firm, that might call 

for compensating wage differentials, cannot be represented adequately. 

 

Relationship Between R&D Intensity and Wages 

A positive relationship between R&D intensity and wages is based on the technology-skill 

complementarity hypothesis, which states that investment in R&D will increase the demand for 

skilled workers and, as a result, increase the average wage. Technological change represents a 

shock to the production environment, which means that, at least in the short run, job tasks and 

operating procedures become less well defined. Workers with higher human capital and training 

will be better placed to adjust to technological change. When a firm invests in R&D, it increases 
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the demand for learning by its employees, while employees with higher human capital are better 

able to learn (Bartel & Lichtenberg, 1987; Allen, 2001). However, even within groups of 

workers with a given level of human capital, there will be considerable heterogeneity in ability 

and effort. Within groups of workers with a given level of human capital, employers will seek 

the hardest working and most talented workers, 

 

 Ability and effort are substitutes in the production of learning (Bartel & Lichtenberg, 1991). If 

employee ability and effort are assumed to be normal goods, both will increase when the rate of 

learning desired by employers increase. Thus, investment in R&D increases demand for learning 

and derived demand for employee ability and effort (Bartel & Lichtenberg, 1991).  Firms with 

higher levels of investment in R&D will pay higher wages to attract, and retain, the most talented 

employees as well as induce employees to provide more effort. The rationale for paying higher 

wages to induce more effort is premised on either compensating differentials or efficiency 

wages, depending on whether or not the level of employee effort can be costlessly observed by 

the firm (Bartel & Lichtenberg, 1991). Either way, one would expect that workers in firms with 

higher levels of investment in R&D would receive higher wages than workers in firms with 

lower levels of investment in R&D, controlling for differences in education and other 

demographic characteristics. These differences in wages reflect unobserved differences in ability 

and effort, and hence contribution to the production of learning in the face of technological 

shocks, across workers in firms with differing levels of investment in R&D ((Bartel & 

Lichtenberg, 1991).  
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The Chinese Context 

China has had one of the highest rates of economic growth in the world since market reforms 

were commenced in the late 1970s.  Foreign direct investment (FDI) has been particularly 

important in China’s success, with FDI accounting for almost 60 per cent of exports, 30 per cent 

of sales and 25 per cent of industrial employment (Sun & Du, 2010). Traditionally, multinational 

enterprises have also been responsible for the bulk of investment in R&D. Between 1995 and 

2005 300 foreign R&D centers and alliances were established in China (Li & Yue, 2005).  

However, since the mid-1990s China has sought to also promote indigenous technologies. In the 

National Guidelines for Medium and Long-term Plans for Science and Technology Development 

(2006-2010), the Chinese government has emphasized the strategic role of indigenous innovation 

(zhizhu chuangxin) in promoting economic growth. China’s R&D investment is growing at a rate 

which is close to its 9-10 per cent economic growth rate and about four times the rate in the 

United States (Battelle, 2010). In 2010 China invested $US141.4 billion in R&D, representing 

1.4 per cent of GDP and was responsible for 12.3 per cent of total global expenditure on R&D 

(Battelle, 2010). The growth rate in R&D investment since the mid-1990s has led Gao and 

Jefferson (2007) to proffer that China is experiencing a ‘science and technology take-off’.  The 

bulk of the expenditure on R&D is by industrial firms, followed by research institutes and 

academia. In 2010, industrial firms were responsible for 63 per cent of R&D expenditure, 

compared with 26 per cent by research institutes and 11 per cent by academia (Battelle, 2010). 

Most of the R&D expenditure is undertaken in first tier cities such as Beijing, Shanghai, 

Guangzhou and Shenzhen (Thorpe 2008). 

 

China has invested heavily in education. In 2006 Chinese university enrollments were 5.5 

million, which was five times the comparable figure in 1998. In 2007 it was estimated that 55 per 
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cent of candidates who took a University entrance exam were successful in obtaining a place, 

with this number being as high as 80 per cent in Beijing and Shanghai. China is investing extra 

in its elite universities, from which most of its top graduates come. It has singled out its top nine 

universities and created its own version of the United States Ivy League.  In addition to students 

enrolled in Chinese universities, in 2006 130,000 Chinese were studying advanced technologies 

and communications overseas (Battelle, 2010).  However, despite this investment in human 

capital, as discussed above a shortage of skilled labor remains the major challenge confronting 

R&D intensive firms in China, pushing up wages. 

 

There are various reasons for the shortage of skilled labor (Farrell & Grant, 2005; Thorpe 2008; 

Tung, 2007). One reason is that there is a disconnect between theory and practice in engineering 

programs. While China produces the largest number of engineering graduates in the world each 

year (60,000), China’s engineering programs emphasize theory, rather than practice, which 

means that graduates do not have the practical skills needed. Second, large numbers of Chinese 

students that graduate from foreign universities remain in those countries and never return to 

China. In 2005, 90 per cent of overseas Chinese students who received doctorates in engineering 

and science remained abroad, representing a major brain drain (Tung, 2007).  Third, while China 

produces large numbers of graduates in engineering and science, those with the skills in demand 

come from a small number of elite universities and demand for their services from R&D 

intensive companies outstrips available supply (Thorpe, 2008).  

 

Existing Literature 

 

There are several strands of literature on the relationship between technological change and wage 

structure. One strand of literature has examined the effect of skill-biased technological change on 
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the growth of wage inequality over time (see eg., Allen, 2001; Caroli & Van Reenan, 2001; 

Krusell et al., 2000; Moreno-Galbis & Wolff, 2011; Welch, 1970). A second strand of literature 

has examined the role of technological change in explaining inter-industry wage differentials 

(see eg., Bartel & Sicherman, 1999). A third strand of literature has examined the role of 

technological change, and in particular internet take-up, in explaining differences in average 

wage growth across countries (Forman et al., 2012). A fourth strand of literature has examined 

the effect of technological change on the firm size-wage premium (Dunne & Schmitz, 1995). 

Finally, a fifth strand of literature has examined the relationship between various technologies 

and wages using either individual or firm-level data.   

 

In this paper we contribute to the fifth strand of literature. Previous studies have used a number 

of different proxies for technological change including computer use or presence in the 

workplace, R&D intensity, age of the plant and whether microelectronics technology had been 

introduced into the workplace.  Beginning with Krueger (1993), one of the most popular 

measures of technology is computer presence or use (see eg. Borland et al., 2004; Liu et al., 

2004; Arabsheibani & Marin, 2006; Banerjee et al., 2007; Di Pietro, 2007).  Krueger (1993) 

found that workers using computers in the workplace earn 10-15 per cent more than those who 

do not use computers. However, this earnings premium could reflect unobserved ability if more 

able workers are assigned to using computers (DiNardo & Pischke, 1997). More recent studies, 

which have corrected for endogeneity of computer adaption, have reached mixed conclusions. 

Some studies suggest that the returns to computer use continue to be positive (Liu et al., 2004; 

Green et al., 2007).  Other studies, though, report much lower, and in some cases negligible, 

returns to computer use (Di Pietro, 2007; Entorf & Kramarz, 1997; Haisken-DeNew & Schmidt, 
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1999).  In the only study, of which we are aware, for post-socialist transition countries, Kuku et 

al. (2007) found that workers using computers earned 25 per cent more than non-users in Russia, 

but controlling for endogeneity of computer use the premium disappeared. 

 

In this study, we use R&D intensity, defined as the ratio of investment in R&D to sales. Previous 

studies which have examined the relationship between technological change and wages using 

R&D intensity include Dickens and Katz (1987), Bartel & Lichtenberg (1991), Loh (1992) and 

Chennells and Van Reenen (1997). Employing US data, Dickens and Katz (1987) found that 

R&D intensity was positively related to wages in the nonunion sector, but generally negatively 

related to wages in the union sector. Meanwhile, the effect of R&D intensity on the overall wage 

rate was ambiguous.  However, Bartel & Lichtenberg (1991) and Loh (1992), employing US 

data, and Chennells and Van Reenen (1997), employing UK data, found an unambiguous 

positive relationship between R&D intensity and wages. Bartel & Lichtenberg (1991) also found 

that wages of better-educated workers, relative to less educated workers, are highest in industries 

with higher R&D intensity, suggesting that better-educated workers are better placed to adapt to 

technological shocks. 

 

Among related studies for China, there are studies of the determinants of investment in R&D 

(Choi et al., 2011; Sun & Du, 2010; Wu, 2011; Zeng & Lin 2011). Other studies have examined 

the relationship between investment in R&D and productivity growth (Liu & Wang, 2003; Wei 

& Lu, 2006; Zhang et al 2003), investment in R&D and economic growth (Wu, 2011), 

determinants of regional disparities in innovation  (Li 2009; Yang & Lin 2012), determinants of 

R&D spillovers from MNEs to local firms (Todo et al 2011) and determinants of technological 
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upgrading in Chinese firms (Fu & Gong, 2011). There are, though, no studies that examine the 

relationship between R&D intensity (or technological change more generally) and wages in 

China 

 

Data 

 

We use a matched worker-firm data set from Minhang district in Shanghai collected by the 

Chinese Academy of Social Sciences (CASS) in 2007. The dataset, which contains information 

on 784 employees from 78 firms, was selected by Probability Proportion to Size sampling 

according to a list of all manufacturing firms in Minhang district whose annual sales were at least 

5 million RMB. Once missing data was removed, we had valid data for all the variables of 

interest in the study for about 490 employees and 58 firms. Table 1 gives descriptive statistics for 

the firms in the sample and compares them with descriptive statistics for firms in Minhang 

District and Shanghai as a whole. The descriptive statistics in Table 1 suggest that the sample is 

generally representative of firms in Minhang District and Shanghai.  

 

------------------------------- 

Insert Table 1 here 

------------------------------ 

 

Table 2 presents descriptive statistics for the employees in the sample, based on whether the 

respondent worked for a firm that spent on R&D. Of the 78 firms in the sample, 41 had 

expenditure on R&D and 37 did not. Table 2 reports the gross hourly wage rate (including 

bonuses) for employees in the sample. Wages are slightly higher in firms that did not report 

undertaking expenditure on R&D, but the difference is not statistically significant. In the wage 
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equations, reported below, while we are primarily interested in examining the relationship 

between R&D intensity and wages, we also control for a range of demographic and human 

capital characteristics of the worker as well as firm characteristics. Descriptive statistics for these 

variables, based on whether or not the firm undertook expenditure on R&D, are also given in 

Table 2. 

 

------------------------------- 

Insert Table 2 here 

------------------------------ 

 

 

Of particular note, Table 2 suggests that human capital of workers is higher in firms which have 

expenditure on R&D. To be specific, years of schooling, language human capital, health human 

capital and training (percentage of workers with junior or senior certification) are higher in firms 

with expenditure on R&D. However, years of experience are slightly lower in firms with R&D 

expenditure. Also of note are differences in whether firms reported undertaking expenditure on 

R&D across ownership forms. In particular, there are more public or shareholding firms which 

reported undertaking expenditure on R&D, but less firms of other ownership types. This finding 

is consistent with the result from extant studies that public and shareholding firms in China, with 

high levels of state ownership, have higher rates of innovation than other ownership forms (Choi 

et al., 2011; Zeng & Lin, 2011).   

 

Our measure of technological change is R&D intensity, defined as firm-level expenditure on 

R&D/sales.  The dataset contains this measure for the year of the survey and, although the 
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dataset is in other respects  cross-sectional, lagged one year.  Some have suggested that, 

compared to technological transfer from multinationals, in-house expenditure on R&D is less 

important in developing countries. However, it can be argued that in-house expenditure on R&D 

remains critical for developing countries, since it helps nurture internal absorptive capacities and 

long-term innovative capabilities (Bell & Pavitt, 1997). Without in-house R&D it is difficult for 

firms to take full advantage of technological transfer from developed countries (Sun & Du, 

2010).  This line of reasoning is consistent with the Chinese government’s emphasis on 

promoting indigenous innovation, as discussed above. Many studies have found a positive 

relationship between in-house investment and innovation in the form of productivity growth in 

Chinese firms (Sun & Du, 2010). The dataset also contains information on the proportion of 

workers employed in R&D and we report on the findings for this variable as a robust check in 

the results section. 

 

While the dataset is unique in that it matches employee-level data on wages and individual 

characteristics with firm-level data on R&D intensity, it is important to note several limitations 

before proceeding. First, while the data is representative of Shanghai and Shanghai is a first-tier 

city in terms of expenditure on R&D, the study is only for a limited number of firms in one city. 

Second, while we know the R&D intensity in the firm, we do not know whether workers in the 

sample actually use technology and, if so, to what extent. Ideally, one would like to know the 

level of technology employed by each worker. Third, while the dataset has good information on 

R&D intensity in the current period and lagged one period, apart from information on the 

proportion of workers employed in R&D activities. it does not contain alternative measures of 

technological change, such as computer presence or usage in the firm. It would be preferable to 
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be able to employ several alternative measures of technological change as robust checks on the 

results for R&D intensity.    

 

Empirical Specification and Methodology 

We employ a Mincer (1974) earnings function in which the log of gross hourly earnings, 

including bonuses, (measured in RMB) is regressed on years of schooling, post-school 

experience, post-school experience squared, expenditure on R&D/sales and a series of control 

variables. The specific control variables that we employ are gender, marital status, health, 

household registration (hukou) status, language ability, whether the individual is a member of the 

Communist Party, whether the individual is a member of a trade union, the size of the firm for 

which the individual works, proxied by the log of the number of employees, and dummy 

variables for professional certification, occupation and industry and ownership of the firm. 

 

A problem with estimating the Mincer (1974) earnings function with ordinary least squares 

(OLS) is that both education and technological change are potentially endogenous. The OLS 

estimator has two ability biases relative to the average marginal return to education: one 

attributable to the correlation between schooling and the intercept of the earnings function, the 

other attributable to the correlation between schooling and the slope of the earnings function (see 

Card, 1999 for a relevant review). OLS may overestimate returns to schooling due to positive 

correlation between schooling and ability. Alternatively, OLS estimates may underestimate rates 

of returns to education due to heterogeneity among individuals in returns to schooling.  Angrist 

and Krueger (1991) suggest that the quarter of birth can be used as an instrumental variable (IV). 

Given that our dataset did not contain any other IVs for education, we used the quarter of birth to 

instrument for educational attainment. We implemented the IV regression and computed the 
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Durbin-Wu-Hausman test statistics. We failed to reject the null hypothesis of exogeneity at the 

5% level, indicating that the OLS estimator gives consistent estimates for schooling. 

 

In addition to education, technological change will also potentially be endogenous. This 

endogeneity arises for at least two reasons (Chennels & Van Reenen, 1997). First, a positive 

shock to wages will induce firms to substitute capital for labor.  Second, the unobserved ability 

mix in the firm is likely to be associated with higher wages and higher-quality capital. Having 

said this, the endogeneity problem can be expected to be less significant when R&D intensity is 

used as the technology measure because it only responds slowly to skill shocks (Sanders & Weel, 

2000).  

 

One approach to addressing potential endogeneity of R&D intensity is to replace R&D intensity 

in the OLS regression with R&D intensity lagged one or more periods (Chennels & Van Reenen, 

1997; Lundin & Yun, 2009; Sanders & Weel, 2000). An alternative approach is to instrument for 

R&D intensity using either lagged R&D intensity or some other appropriate instrument. A 

potential problem with using lagged R&D intensity as an instrument for R&D intensity is that 

current and lagged values are serially correlated and relatively persistent over time.  Thus, 

potential endogeneity problems may still bias estimates, particularly in estimates with a 

relatively small number of observations (Shea, 1997; Lundin & Yun, 2009). We address the 

potential endogeneity of R&D intensity by alternatively replacing R&D intensity with R&D 

intensity lagged one period in the OLS regression, instrumenting for R&D intensity with R&D 

intensity lagged one period and instrumenting for R&D intensity with a variable capturing the 

technical level of the firm. The relevant question asked the firm’s manager to describe the 

technical level of the firm. Responses were made on a binary scale where 1 was ‘advanced’ and 
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zero was otherwise. One would expect R&D intensity to be positively correlated with the 

technical level of the firm, but the technical level of the firm to be uncorrelated with individual 

wages.  

 

Results 

Table 3 presents the results of a series of OLS regressions. It is not clear whether certification, 

occupation, ownership, position and industry dummies are appropriate to include in the wage 

regressions, since technical skills might enable workers to qualify for higher positions or jobs in 

higher paying industries, ownership forms or occupations (Krueger, 1993).  Thus, the results in 

the first column exclude the dummies for these variables altogether and the results in columns 

(2) to (5) report results with alternative combinations of these dummies. Moreover, to ensure the 

results are not sensitive to the inclusion of firms with no expenditure on R&D, the sixth column 

reports results using the same specification as column (5), but including only those firms in the 

sample which had R&D expenditure.  Our key finding is that R&D intensity has a positive 

coefficient and is significant in each specification. The results suggest that for a one-percentage 

point increase in R&D intensity, wages increase between 1.3 per cent and 2.6 per cent depending 

on the exact specification. For a one standard deviation increase in R&D intensity (2.64 

percentage points), this corresponds to an increase in the hourly wage in the range 3.4 per cent 

(in specification 1) to 6.9 per cent (in specification 5) for the full sample and 7.2 per cent in 

specification 6, in which only firms with R&D expenditure are included. By way of comparison, 

Bartel and Lichtenberg (1991) found that a one standard deviation increase in R&D intensity in 

the United States generated a roughly 3 per cent increase in wages for a sample of manufacturing 

firms in 1960, 1970 and 1980. 
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------------------------------- 

Insert Table 3 here 

------------------------------ 

 

 

As a robust check on the findings for R&D intensity in Table 3, we substituted the proportion of 

workers employed in R&D activities for R&D intensity in the specification used in column (5). 

The results, which are not reported but available on request, suggested that a 1 percentage point 

increase in the proportion of R&D workers was associated with a 0.7 percent increase in the 

hourly wages. For a one standard deviation increase in the proportion of R&D workers (11.40 

percentage points), this translates to an 8 per cent increase in the hourly wage.   

 

The results in Table 3 for the other variables are generally consistent with prior expectations.  An 

additional year of schooling results in between 3.5 per cent and 7.6 per cent increase in the 

hourly wage rate, depending on the exact specification. The wage-experience profile follows a 

parabolic shape with wages peaking between 19.6 and 20.3 years of experience, although the 

coefficient on experience and its square is insignificant in some specifications. Males earn 

between 10.1 per cent and 14 per cent more than females and members of the Communist Party 

earn between 13.4 per cent and 19.6 per cent more than non-Party members. Of the variables 

which are significant in some specifications, but not others, individuals with an urban household 

registration earn 10.2 per cent to 10.8 per cent more than those with a non-urban household 

registration (based on specifications (4) to (6)) and members of trade unions earn between 7.6 

per cent and 14 per cent more than non-members (based on specifications (2), (3), (5) and (6)).  
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For each 1 per cent increase in the number of employees, the hourly wage rate is 8.8 per cent to 

11.1 per cent lower, consistent with the findings in Gao and Smyth (2011).  The other variables 

(marital status, health status and language proficiency) are mostly statistically insignificant.  

 

The OLS results in Table 3 will be biased if R&D intensity is endogenous.  The results in Table 

4 present alternative specifications addressing this issue.  In the first column of Table 4 we 

present OLS estimates in which R&D intensity lagged one period is substituted for R&D 

intensity. In the second and third column of Table 4 we present IV estimates in which R&D 

intensity is instrumented alternatively using R&D intensity lagged one period (column (2)) and 

the technical level of the firm (column (3)). For the IV estimates, the corresponding first stage 

regressions are reported in Table 5. Both instruments satisfy the Bound et al. (1995) tests for 

relevance. The coefficients on both R&D intensity lagged one period and the technical level of 

the firm are positive and significant in the first stage results and the F-test indicates that both 

instruments lead to a significant improvement in the first stage regressions determining R&D 

intensity at 1 per cent.  Both instruments also satisfy the Stock and Yogo (2005) test for 

relevance, based on the magnitude of the first stage F-statistic.  While the exclusion restriction is 

not directly testable, some idea of whether the IV is correlated with wages can be obtained by 

including the IV in the wages equation (see eg. Di Pietro, 2007 who adopts this approach). When 

we do this, R&D intensity lagged one period is correlated with wages, confirming concern about 

using the lagged variable as an IV, but the technical level of the firm is insignificant.  

------------------------------- 

Insert Table 4 and 5 here 

------------------------------ 
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Bearing in mind the concern about whether lagged R&D intensity is a valid IV, the results for 

R&D intensity in Table 4 are similar to Table 3. The coefficient on R&D intensity is positive and 

significant in each case. The estimate in column (2), in which R&D intensity lagged one period 

is used as an IV for R&D intensity, is almost identical to the estimate in column (1), in which 

lagged R&D intensity is entered into the OLS regression. This result is similar to that reported in 

Lundin and Yun (2009). Both estimates are within the range of estimates for R&D intensity 

reported in Table 3. When the technical level of the firm is used as an IV for R&D intensity, the 

coefficient on R&D intensity is slightly higher. The key point is that the OLS estimates for R&D 

intensity are robust to alternative strategies to address the potential endogeneity of R&D 

intensity. This result differs from some of the literature that has employed computer use as a 

proxy for technological change, but this might reflect the fact that R&D intensity is less 

responsive than computer use to skill shocks and, thus, endogeneity is less problematic for R&D 

intensity. Generally, the coefficients on the other variables are similar to Table 3 and consistent 

with expectations.   

 

How should the positive relationship between R&D intensity and wages be interpreted?  One 

plausible explanation is that there is a higher demand for workers in particular occupations or 

with particular skills in firms with higher R&D intensity. Specifically, one would expect R&D 

intensive firms to employ more workers with technical qualifications and to employ more 

workers in skilled occupations (Berman et al., 1994; Chennells & Van Reenan, 1997; Doms et 

al., 1997). Table 2 suggests that firms with expenditure on R&D employ a higher proportion of 

workers with junior/senior certification, but not elementary certification, but there are no clear 
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differences based on occupation. To investigate this issue further we interacted the variable 

denoting R&D intensity with certification and occupation dummy variables. 

 

The results, which are reported in Table 6A, suggest that those with elementary or junior/senior 

technical certification benefit more than those without technical certification from technological 

change. To be specific, the elasticity of wages with respect to R&D intensity is higher for those 

with technical certification than those without.  Similarly, in terms of occupation, 

professionals/technicians benefit more from technological change than other occupation groups. 

While the elasticity of wages with respect to R&D intensity is 0.014 for producer/transporters, 

service workers and equipment/transporters, it is 0.051 [0.014 + 0.037] for 

professionals/technicians. This finding is consistent with the anecdotal evidence of the existence 

of a skill shortage in the Chinese urban labor market and recent increases in wages for those in 

skilled occupations and with technical qualifications.   

 

------------------------------- 

Insert Table 6A here 

------------------------------ 

 

 

A second plausible explanation is that firms which have higher R&D intensity have higher 

demand for the innate ability or other unobserved characteristics of more educated workers 

(Bartel & Sicherman, 1999).  Table 2 suggests there is no statistical difference in years of 

schooling between firms with and without expenditure on R&D.  To examine this issue further 

we interacted R&D intensity with years of schooling.  The results, which are reported in column 
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(4) of Table 6B, suggest that an increase in R&D intensity will result in higher wages for more 

educated workers than less educated workers. This result is consistent with findings by Bartel 

and Sicherman (1999) and Allen (2001) who found that in the United States, technological 

change has increased the wage gap between high school and college graduates. Our results 

suggest that more educated individuals benefit more from investment in R&D, and are in higher 

demand in R&D intensive firms, because they are better placed to engage in learning in the face 

of uncertainty following technological shocks.    

 

A third possible explanation for the R&D intensity wage premium is that R&D intensive firms 

may generate quasi-rents and that these rents are shared with workers with certain characteristics 

(Chennells & Van Reenan, 1997). One way to test this rent-sharing hypothesis is to examine 

whether the relationship between R&D intensity and wages differ between trade union members 

and non-members. If the premium for R&D intensity reflects employees capturing firms’ capital 

rents one would expect the premium to be higher in the unionized sector. Alternatively, if the 

R&D intensity premium instead reflects a return to skill and unions compress skill differentials, 

one might expect the premium to be lower in the unionized sector (Krueger, 1993). The existing 

evidence for developed countries is mixed. Chennells and Van Reenen (1997) found no 

systematic difference in the technology premium between unionized and non-unionized workers 

in the United Kingdom, while Krueger (1993) found that the premium for computer use in the 

United States was lower in the unionized sector.  

 

 Previous research suggests that rent-seeking behavior by unions is unlikely in China because of 

their weak bargaining position at the firm level (Clarke et al., 2004). Thus, one might expect less 

support for the rent-sharing hypothesis in China. However, our results, reported in column (6) of 
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Table 6B, suggest that the premium for R&D intensity is higher among trade union members. 

The elasticity between wages and R&D intensity for non-trade union members is 0.018, while 

for trade union members it is 0.063 [0.018 + 0.045]. The reason this result differs from existing 

studies could be that unlike their counterparts in advanced economies, recent evidence suggests 

that Chinese unions encourage firm innovation and R&D investment through working 

collaboratively with management to realize common goals of productivity enhancement (Fang & 

Ge, 2012).  In these circumstances firms may be more inclined to share the resulting rents with 

trade union members, despite their relatively weak bargaining position. Alternatively, given that 

the Chinese trade unions are controlled by the State-Party, firms may see rent sharing with 

unions as being desirable to gain political favor or establish political capital in China’s grey 

economy (Fan, 1988).  

 

An alternative approach to conceptualize the rent-sharing hypothesis is to consider whether the 

rents from technological change are shared with workers who are members of the Communist 

Party. We explore this approach further in column (5) of Table 6B. The premium for R&D 

intensity is higher for Party members than non-members. The wage elasticity of R&D intensity 

for Party members is 0.103 [0.022 + 0.081], compared with 0.022 for non-members. This could 

reflect economic rents to what is a privileged group in Chinese society. Alternatively, it could 

reflect returns to innate ability and other unobservable positive characteristics from the 

perspective of R&D intensive firms, for which membership of the Communist Party is likely, at 

least in part, to be a proxy through its screening function (Bishop & Liu, 2008). 

------------------------------- 

Insert Table 6B here 
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A fourth possible explanation for the R&D intensity wage premium is that it is related to firm 

size. Since investing in R&D is likely to involve large fixed costs, it is likely that large firms will 

have higher R&D intensity.  Within industrial firms, large firms in China account for about 85 

per cent of expenditure on R&D, which is similar to other countries (Sjoholm & Lundin, 2010). 

In column (7) of Table 6B we interact R&D intensity with firm size. The effect of R&D intensity 

on wages of workers in smaller firms (less than 85 employees) is negligible (the coefficient on 

R&D intensity is insignificant). However, the wages for workers in larger firms (more than 85 

employees) is positively related to its R&D intensity, with the elasticity 0.07. 

 

In Table 6B we also examine whether technology has affected the gender wage gap, and the 

age/experience profile. Allen (2001) found that technology reduced the gender wage gap in the 

United States. However, when we interact gender with R&D intensity the coefficient on the 

interaction term was insignificant. Similarly, while there are concerns that technological change 

makes the skills of older and more experienced workers obsolete (see discussion in Borghans & 

Weel, 2002), we find that when R&D intensity is interacted with age and experience, both 

interaction terms are insignificant. This finding is consistent with the findings in Lillard and Tan 

(1986) that R&D intensive firms compensate for the declining technological-relevant skill base 

of their older workers through investing more heavily in training.  

------------------------------- 

Insert Table 6C here 
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In Table 6C we examine how the R&D intensity wage premium differs across industries. In 

previous tables we have used separate dummy variables for 20 industries. In order to make the 

interpretation easier, in Table 6C we collapse these 20 industries into five broad industry 

classifications (chemicals, rubber & plastics; machinery; metals; textiles and ‘other’).   The R&D 

intensity premium differs considerably across industries. The wage elasticity with respect to 

R&D intensity is negative in textiles (-0.077), but positive in chemicals, rubber and plastics 

(0.001), machinery (0.0628) and metals (0.250). The elasticity for metals is very high. This result 

may reflect that in the sample the average wage in the metal industry is higher than the average 

for the whole sample, while the average R&D intensity in the metal industry is lower than the 

average for the whole sample. Thus, a small increase in R&D intensity seems to imply a large 

increase in wage, whereas in reality higher wages in this industry could be related to R&D 

intensity, plus other unobservable variables, such as skill shortage and a bias in selection of 

workers and firms. Of note, only 45 out of 462 workers in the sample are employed in the metal 

industry and just six of 58 firms are in the metal industry. Given the small number of firms and 

workers for this industry in the sample, the results need to be interpreted with caution.  

 

------------------------------- 

Insert Table 6D here 

------------------------------ 
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In Table 6D we examine how the R&D intensity wage premium differs across ownership forms. 

The only interaction term that is significant is when R&D intensity is interacted with public 

ownership. The elasticity of wages with respect to R&D intensity in public firms is 0.020, 

compared with 0.048 for other ownership forms. Thus, while there is a higher proportion of 

public firms with R&D expenditure in the sample, R&D intensity in these firms is not translating 

into higher wages at the same level as in other ownership forms. This result could reflect the fact 

that R&D intensity is an input measure and that in public firms inefficiencies might mean that 

higher R&D input is not translating into productivity gains and, thus, higher wages.  This 

interpretation is consistent with the finding that the relationship between R&D and productivity 

is generally weaker in state-owned and public shareholding companies than other ownership 

forms (Liu & Wang, 2003; Zhang et al, 2003). 

Conclusion  

We set out to answer the question: Do more R&D intensive firms pay higher wages in China?  

Our results suggest that the answer is that they do. Based on the OLS estimates a one standard 

deviation increase in R&D intensity results in an increase in the hourly wage rate between 3.4 

per cent and 6.9 per cent for the full sample, depending on the exact specification. This R&D 

intensity wage premium is similar in magnitude using a range of alternative approaches to 

address the potential endogeneity of R&D. In particular there is virtually no difference between 

the OLS estimates using R&D intensity and R&D intensity lagged one period or instrumenting 

for R&D with R&D lagged one period, although the estimates are higher when R&D intensity is 

instrumented with the technical level of the firm. Similarly, the results are robust for a subset of 

firms which exclude firms with no R&D expenditure 
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We have explored a range of potential explanations for the R&D intensity wage premium. We 

find that the R&D intensity wage premium differs across firm size as well as industry and 

ownership of the firm. Moreover, our results suggest that for individuals with particular 

characteristics that are in demand in R&D intensive firms, the wage elasticity with respect to 

R&D intensity is higher. These individuals include those with higher education, those with 

specialist skills (technical certification) and individuals in professional and technical 

occupations. Our results also support the rent-sharing hypothesis in that the capital rents from 

technological change are shared with trade union members and Communist Party members. In 

the case of the latter, another interpretation is that the R&D intensity wage premium is higher for 

Party members than non-members because Party membership is a proxy for innate ability and 

productive characteristics considered desirable by R&D intensive firms.  

 

Overall, the findings in this study are consistent with widespread anecdotal evidence from the 

Chinese urban labor market that there is a skill shortage, in particular in R&D intensive firms, 

and that this phenomenon is pushing up wages.  The implication of the results is that as the 

Chinese government encourages firms to increase in-house investment as part of its program to 

increase indigenous innovation, there is an urgent need to address the skill shortage facing R&D 

intensive firms. Addressing the skill shortage will help to dampen wage growth in R&D 

intensive firms and assist China to gradually transition up the value-added ladder from being the 

world’s factory to more complex manufacturing technologies. 
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Tables 

 

Table 1 Representativeness of the sample 
 

 Sample Minhang District Shanghai 

Number of Employee (person) 182.82 202.83 190.38 

Sales Revenue (10 thousand RMB) 8896.69 11974.22 12445.22 

Profits (10 thousand RMB) 675.27 800.10 866.94 

Average Wage of Employees 

(RMB/month) 

2145.55 2383.42 2423.25 

 

Source: The data for Minhang District and Shanghai are from SBS (2008). 
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Table 2: Descriptive statistics for the sample 

 

Variable Does firm spend on R&D? 

 No  Yes Overall 

Hourly Wage 10.27 9.96 10.11 

Years of Schooling 11.09 11.58 11.35 

Experience 17.41 15.65 16.49 

Male (%) 54.81 52.93 53.83 

Married (%) 73.73 75.61 74.71 

Speak Manadarin well(%) 63.90 64.79 64.37 

Good Health (%) 45.72 47.56 46.68 

Urban Hukou (%) 54.30 58.29 56.39 

Member of Communist Party (%) 11.02 10.32 10.65 

Member of Trade Union (%) 35.17 38.60 37.01 

Occupation (%)    

Professional/Technician 21.29 22.68 22.01 

Producer/Transporter 22.97 24.74 23.89 

Service Worker 19.89 11.86 15.70 

Equipment Operator 35.85 40.72 38.39 

Professional Certification (%)    

No Title 74.93 81.77 78.51 

Elementary Certification 19.14 9.36 14.03 

Junior/Senior Certification 5.93 8.87 7.46 

Ownership Form of Firm (%)    

State/Collective Owned Firm 10.70 7.07 8.80 

Share holding/Public firm 26.74 36.34 31.76 

Foreign/Taiwan/HK JV Firm 40.91 39.51 40.18 

Private Firms 21.66 17.07 19.26 

Number of Respondents 374 410 784 

Number of Firms 37 41 78 
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Table 3: Determinants of hourly wages of respondents  

 

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

       

R&D/Sales 0.0134* 0.0152** 0.0159** 0.0158** 0.0256*** 0.0257*** 

 (1.885) (2.129) (2.218) (2.154) (3.425) (3.412) 

Ln(Firm Size) -0.0882*** -0.0926*** -0.0921*** -0.0890*** -0.110*** -0.111*** 

 (-4.520) (-4.711) (-4.675) (-4.519) (-5.320) (-5.284) 

Education 0.0778*** 0.0755*** 0.0709*** 0.0588*** 0.0371*** 0.0354*** 

 (8.520) (8.226) (7.452) (5.970) (3.769) (3.391) 

Experience 0.0118* 0.0119* 0.0104 0.00916 1.48e-05 -0.000274 

 (1.650) (1.680) (1.462) (1.311) (0.00218) (-0.0378) 

Experience
2
 -0.000300* -0.000292* -0.000264* -0.000268* -8.14e-05 -7.01e-05 

 (-1.928) (-1.882) (-1.699) (-1.756) (-0.556) (-0.450) 

Male 0.132*** 0.140*** 0.140*** 0.120*** 0.120*** 0.101** 

 (3.260) (3.446) (3.415) (2.903) (2.987) (2.368) 

Married 0.0747 0.0824 0.0775 0.0814 0.0999* 0.0927 

 (1.279) (1.411) (1.323) (1.421) (1.795) (1.563) 

Good Health -0.0194 -0.0225 -0.0248 -0.0162 -0.0119 -0.0222 

 (-0.748) (-0.866) (-0.946) (-0.633) (-0.477) (-0.847) 

Speak Mandarin Well -0.0152 -0.0202 -0.0239 -0.0131 0.00889 0.0322 

 (-0.329) (-0.436) (-0.514) (-0.289) (0.204) (0.700) 

Communist Party Member 0.183*** 0.196*** 0.183*** 0.166** 0.161** 0.134* 

 (2.800) (2.984) (2.725) (2.474) (2.463) (1.813) 

Urban Hukou 0.0732 0.0678 0.0727 0.104** 0.108** 0.102** 

 (1.501) (1.392) (1.482) (2.156) (2.253) (2.009) 

Member of Trade Union 0.0570 0.0861* 0.0759* 0.0673 0.140*** 0.139*** 

 (1.323) (1.937) (1.688) (1.503) (3.096) (2.983) 

Ownership Dummies? NO YES YES YES YES YES 

Certification Dummies? NO NO YES YES YES YES 

Occupation Dummies? NO NO NO YES YES YES 

Position Dummies? NO NO NO YES YES YES 

Industry Dummies? NO NO NO NO YES YES 

Constant 1.439*** 1.372*** 1.435*** 1.614*** 1.879*** 1.724*** 

 (8.536) (7.776) (7.982) (8.325) (7.925) (7.393) 

       

Observations 489 489 486 462 462 415 

R-squared 0.295 0.304 0.311 0.398 0.499 0.501 
 

Notes: Numbers in parenthesis are t-values. ***(**)(*) denotes significance at 1%(5%)(10%). Specification 6 is 

based on removing the industries in which no firm did R&D. Industry dummies are based on detailed industry 

classification of 20 industries.  
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Table 4: Determinants of hourly wages of respondents: Alternative specifications with IV 

regression approach and using lagged R&D instead of R&D.  

 OLS 2SLS – IV estimates 

VARIABLES (1) (2) (3) 

    

R&D/Sales  0.0238*** 0.0435*** 

  (3.187) (3.127) 

Lag(R&D/Sales) 0.0225***   

 (2.806)   

Ln(Firm Size) -0.0872*** -0.0889*** -0.119*** 

 (-3.791) (-4.144) (-5.739) 

Education 0.0233** 0.0131 0.0351*** 

 (2.498) (1.467) (3.673) 

Experience 0.00706 -0.000300 0.000656 

 (1.114) (-0.0500) (0.101) 

Experience
2
 -0.000239* -6.97e-05 -8.68e-05 

 (-1.776) (-0.543) (-0.618) 

Male 0.0950** 0.0896** 0.119*** 

 (2.501) (2.534) (3.071) 

Married 0.0417 0.0644 0.0939* 

 (0.789) (1.293) (1.753) 

Good Health -0.0177 -0.0163 -0.00949 

 (-0.772) (-0.751) (-0.395) 

Speak Mandarin Well 0.0261 0.0166 0.00920 

 (0.646) (0.440) (0.219) 

Communist Party Member 0.0666 0.0736 0.158** 

 (1.071) (1.252) (2.519) 

Urban Hukou 0.136*** 0.125*** 0.105** 

 (3.109) (2.932) (2.291) 

Member of Trade Union 0.135*** 0.160*** 0.142*** 

 (3.342) (4.085) (3.281) 

Ownership Dummies? YES YES YES 

Certification Dummies? YES YES YES 

Occupation Dummies? YES YES YES 

Position Dummies? YES YES YES 

Industry Dummies? YES YES YES 

Constant 1.946*** 2.121*** 1.916*** 

 (8.589) (9.999) (8.368) 

    

Observations 457 427 462 

R-squared 0.470 0.475 0.492 

Regression Diagnostics    

F test of excluded instruments (p-val).  0.000 0.000 

Under-identification test (Anderson canon. 

corr. LM statistic) 

 313.19*** 122.62*** 
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First stage F-statistics (Stock and Yogo test)  35.21*** 7.81*** 
Notes: Numbers in parenthesis are t-values. ***(**)(*) denotes significance at 1%(5%)(10%). Specification 2: 

(R&D/Sales) is instrumented by Lagged value of (R&D/Sales). Specification 3: (R&D/Sales) is instrumented by 

technical level of the firm (Dummy variable: 1 advanced, 0 ordinary or backward). Industry dummies are based on 

detailed industry classification of 20 industries.  
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Table 5: First stage regressions corresponding to Specification 2 and 3 in Table 4.  

VARIABLES (2) (3) 

   

Lag(R&D/Sales) 0.996***  

 (32.59)  

Technical Level of firm  3.335*** 

  (12.32) 

Ln(Firm Size) -0.338*** 0.252** 

 (-3.748) (2.170) 

Education 0.0322 0.0461 

 (0.877) (0.834) 

Experience 0.0188 0.000923 

 (0.760) (0.0242) 

Experience
2
 -0.000583 -0.000419 

 (-1.104) (-0.511) 

Male -0.130 -0.163 

 (-0.895) (-0.720) 

Married -0.120 -0.0696 

 (-0.583) (-0.222) 

Good Health 0.0816 0.0881 

 (0.911) (0.626) 

Speak Mandarin Well 0.109 -0.0410 

 (0.704) (-0.167) 

Communist Party Member -0.356 -0.187 

 (-1.469) (-0.508) 

Urban Hukou -0.188 -0.0669 

 (-1.076) (-0.250) 

Member of Trade Union -0.211 -0.0551 

 (-1.311) (-0.218) 

Ownership Dummies? YES YES 

Certification Dummies? YES YES 

Occupation Dummies? YES YES 

Position Dummies? YES YES 

Industry Dummies? YES YES 

Constant 1.418 -3.609*** 

 (1.618) (-2.710) 

   

Observations 427 462 

R-squared 0.785 0.433 

Tests of endogeneity of (R&D/Sales) 
Wu-Hausman F test 0.897 2.091 

Durbin-Wu-Hausman chi-sq test 0.993 2.294 
Notes: Numbers in parenthesis are t-values. ***(**) denotes significance at 1%(5%). Industry dummies are based on 

detailed industry classification of 20 industries.  
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Table 6A: Specifications with interaction terms: (R&D/Sales) interacted with Certification and Occupation Dummies.   

VARIABLES (1) (2) (3) (4) (5) (6) (7) 

        

R&D/Sales 0.086*** 0.026*** 0.026*** 0.014* 0.027*** 0.0260*** 0.036*** 

 (3.828) (3.739) (3.752) (1.695) (3.621) (3.488) (3.173) 

Ownership Dummies? YES YES YES YES YES YES YES 

Control Variables? YES YES YES YES YES YES YES 

Position Dummies? YES YES YES YES YES YES YES 

Industry Dummies? YES YES YES YES YES YES YES 

Certification        

(R&D/Sales) X No Title -0.061***       

(-2.740)       

(R&D/Sales) X Elementary certification  0.056*      

 (1.833)      

(R&D/Sales) X Junior/Senior 

Certification 

  0.051*     

  (1.766)     

Occupation        

(R&D/Sales) X Professional/Technician    0.037***    

    (2.647)    

(R&D/Sales) X Producer/Transporter     -0.031   

     (-1.362)   

(R&D/Sales) X Service worker      -0.047  

      (-1.285)  

(R&D/Sales) X Equipment Operator       -0.017 

       (-1.231) 

Constant 1.785*** 1.692*** 1.736*** 1.726*** 1.618*** 1.653*** 1.705*** 

 (8.393) (8.078) (8.148) (7.857) (7.330) (7.536) (7.634) 

        

Observations 486 486 486 464 464 464 464 

R-squared 0.492 0.487 0.487 0.492 0.486 0.485 0.485 
Notes: Numbers in parenthesis are t-values. ***(*) denotes significance at 1%(10%). Industry dummies are based on detailed industry classification of 20 

industries.  
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Table 6B: Specifications with interaction terms: (R&D/Sales) interacted with Gender, Experience, Age, Years of Schooling, 

Communist party membership, Firm Size.   

VARIABLES (1) (2) (3) (4) (5) (6) (7) 

        

R&D/Sales 0.0176* 0.0255*** 0.0267*** -0.0369 0.0223*** 0.0178** 0.0104 

 (1.776) (3.329) (3.452) (-1.332) (2.983) (2.221) (1.241) 

Ownership Dummies? YES YES YES YES YES YES YES 

Control Variables? YES YES YES YES YES YES YES 

Certification Dummies? YES YES YES YES YES YES YES 

Occupation Dummies? YES YES YES YES YES YES YES 

Position Dummies? YES YES YES YES YES YES YES 

Industry Dummies? YES YES YES YES YES YES YES 

(R&D/Sales) X Male 0.0163       

 (1.275)       

(R&D/Sales) X Experience (1 : > 25 

years, 0 Otherwise) 

 0.00865      

 (0.412)      

(R&D/Sales) X Age (1 : > 43 years, 0 

Otherwise) 

  -0.0121     

  (-0.558)     

(R&D/Sales) X Years of Schooling    0.00550**    

   (2.434)    

(R&D/Sales) X Communist Party 

Member 

    0.0807***   

    (3.419)   

(R&D/Sales) X Union Member      0.0448**  

     (2.512)  

(R&D/Sales) X Firm Size (1: No of 

employees > 85, 0 otherwise) 

      0.0704*** 

      (3.713) 

Constant 1.892*** 1.789*** 1.859*** 2.343*** 2.019*** 1.918*** 2.128*** 

 (7.910) (8.324) (7.748) (11.32) (8.394) (8.065) (8.757) 

        

Observations 462 462 462 462 462 462 462 

R-squared 0.490 0.496 0.499 0.489 0.505 0.495 0.515 



 39 

Notes: Numbers in parenthesis are t-values. ***(**)(*) denotes significance at 1%(5%)(10%). Industry dummies are based on detailed industry classification of 

20 industries.   
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Table 6C: Specifications with interaction terms: (R&D/Sales) interacted with 

Industry Dummies.   

VARIABLES (1) (2) (3) (4) (5) 

      

R&D/Sales 0.0172** 0.0570*** 0.0165** 0.000204 0.0154** 

 (2.339) (4.219) (2.254) (0.0250) (2.108) 

Ownership Dummies? YES YES YES YES YES 

Certification Dummies? YES YES YES YES YES 

Occupation Dummies? YES YES YES YES YES 

Position Dummies? YES YES YES YES YES 

Control Variables? YES YES YES YES YES 

(R&D/Sales) X Textile Dummy -0.0935*     

(-1.870)     

(R&D/Sales) X Chemical dummy  -0.0556***    

 (-3.611)    

(R&D/Sales) X Metal Dummy   0.234**   

  (2.122)   

(R&D/Sales) X Machinery Dummy    0.0628***  

   (4.142)  

(R&D/Sales) X Others Dummy     -0.333** 

    (-2.391) 

Constant 1.627*** 1.627*** 1.606*** 1.641*** 1.620*** 

 (8.410) (8.507) (8.317) (8.613) (8.398) 

      

Observations 462 462 462 462 462 

R-squared 0.403 0.416 0.404 0.421 0.406 

Notes: Numbers in parenthesis are t-values. ***(**)(*) denotes significance at 1%(5%)(10%). Industry 

dummies are based on broad industry classification of five industries. 
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Table 6D: Specifications with interaction terms: (R&D/Sales) interacted with 

Ownership Dummies.   

VARIABLES (1) (2) (3) (4) 

     

R&D/Sales 0.0231*** 0.0478*** 0.0243*** 0.0238*** 

 (3.023) (3.204) (3.154) (3.146) 

Certification Dummies? YES YES YES YES 

Occupation Dummies? YES YES YES YES 

Position Dummies? YES YES YES YES 

Control Variables? YES YES YES YES 

(R&D/Sales) X State Owned 0.0461    

(1.316)    

(R&D/Sales) X Public Owned  -0.0280*   

 (-1.730)   

(R&D/Sales) X Foreign Owned   0.0112  

  (0.556)  

(R&D/Sales) X Private Owned    0.0315 

   (1.141) 

Constant 1.868*** 1.900*** 1.915*** 1.898*** 

 (8.408) (8.638) (8.652) (8.608) 

     

Observations 462 462 462 462 

R-squared 0.500 0.501 0.498 0.499 

Notes: Numbers in parenthesis are t-values. ***(*) denotes significance at 1%(10%). Industry 

dummies are based on broad industry classification of five industries. 

 

 


