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Abstract

This study examines the effect of innovation on employment across manufacturing industrial sectors using industrial level data from various sources. This study aims to gain insight into the effect of innovation on employment by using a dynamic panel approach by drawing on the datasets of Taiwan’s industries for the years 2001–2009. The study empirically confirms the effects of innovation in employment generation. The industrial demand effect also plays the critical role in determining the changes in Taiwan’s industrial structure. Our empirical work may indicate that the improvement in industrial productivity may be biased toward labor-saving technologies and weak in creating employment opportunities. 
1. Introduction
In recent decades, the paramount objective of Taiwan’s industrial policies has been to guide the industries towards high value-added industrial upgrading, based on innovation and R&D. As the global demand for Taiwan’s exports and hence Taiwan’s economic momentum has slowed down over the last decade, the employment issue has become a central issue in discussions on the effects of public policies, as in many countries, especially during the global recession. As a result, the aim of innovation policies has extended from “value-up” to “job-creation.” However, the relationship between innovation and employment is a complex research issue in economic theory. This study aims to examine the effect of innovation on employment at the industrial level by employing a dynamic panel approach. The effect of innovation on employment is still unclear in theoretical backdrop. This therefore calls for empirical scrutiny to this issue. Using various datasets for Taiwan’s industries for the years 2001–2009, the estimation method enables us to solve for unobserved industrial heterogeneity, for potential endogeneity of the innovation measures with respect to employment, and for potential dynamic effects.
Set against the relevant theoretical backdrops, most literature explores the effect of innovation on employment by underlying the distinction between product and process innovations. Product innovations generate new products on the market which stimulate new demand (Buerger, et al., 2012; Polder, et al., 2010; Pianta, 2004). This increasing demand allows innovating firms to hire more workers. Accordingly, from the direct effect of product innovations on employment, one would expect a positive relationship. On the other hand, for process innovations the direct effect is obvious. A process innovation contributes to the improvement in the production process by improving the productivity of inputs, such as labor. So the firm can produce the same level of output with fewer employees. This implies therefore a negative effect of process innovations on employment.
However, the study aims not to examine the effect product/process innovation on employment at the firm level, but examine the net employment effect of R&D investment at the industry level. The study utilizes longitudinal data containing detailed information on Taiwanese manufacturing sectors’ innovation activities between 2001 and 2009 to empirically examine the issues mentioned above. The data set mainly contains input and output measures of R&D investments as well as unit labor costs, industrial value-added, industrial organization, and industrial productivity. The empirical approach employs the panel data model to estimate the employment effects of innovations in the first step. To control for industry-specific effects, dynamics, and potential endogeneity of explanatory variables on innovations, we further employ the well developed econometric technique of the generalized method of moments (GMM) difference for panel dynamic models so as to obtain robust estimates.
In other Sections, the study summarizes the main empirical results regarding employment effect of innovation in Section 2. The empirical framework of labor demand equation is discussed in Section 3. Section 4 describes the data set used for the empirical analysis and includes some descriptive evidence of innovations and employment (labor force composition) at industrial level. Section 5 reports the empirical results for the effects of innovations. This study discusses the effect of innovation on employment in Section 6. Conclusions and policy implications are presented in the final section.
2. Previous literature on the employment effects at the industrial level 
A substantial body of empirical literature discusses the effects of innovation on employment, by relating to the effect of job creation and job destruction. As a typical case, in the European context, a hot debate has been surrounded ‘jobless growth’ in the 1990s. The relationships among innovation, job creation, job destruction, and employment are connected through various channels. Table 1 summarizes the difference between the labor-saving effect (displacement effect) of innovation which reduces employment, and the demand-creating effect of innovation (compensation effect), which will increase employment. 
Much research has examined the employment effects of innovation. The majority of empirical studies have confirmed a positive relationship between product innovation and employment growth in manufacturing. However, empirical evidence on the employment effects of process innovations is not as clear as for product innovation. The effect of process innovations may be small and insignificant at all. Process innovation created more new employment at the firm level than product innovation. The labor displacement by process innovation is significant, especially the effect being more pronounced in larger firms. Accordingly, the aggregate effect of product and process innovations on employment is still unclear.
Table 1: Effects of Product and Process Innovation on Employment

	
	Displacement effect
	Compensation effect

	Product innovation
	New product requires different or less labor inputs
	New products increases overall demand

	Process innovation
	Less labor input for a given output
	Cost reduction passed on price expands demand


Source: Adapted from Dachs and Peters (2011).
2.1 Employment Effect of Innovation at Industry Level
Moreover, the net effect of innovations on employment at the aggregate industry level can differ from the firm-level results. The firm-level analysis does not allow for applying these results to the industrial level. There are several reasons why these firm-level results may not be totally in line with those at the industry level. First, the employment is increased by an innovating firm at expense of diminishing market share of other firms. Second, we may not observe the entering and exiting of firms after the introduction of the innovation to the marketplace. Especially, the innovators may replace the non-innovators in the competitive market, leading to the labor transferring between the tow kinds of firms. 

Most of previous studies tend to suggest that the employment effect is positive in industries, featured by high demand growth and an orientation towards product (or service) innovation, while process innovation often leads to job loss. In general, industries are likely to receive a disproportionate part of the employment benefits of innovation in sectors with strong demand growth, high innovation dynamics, and orientation toward product innovation. In other words, less innovative industries are likely to experience serious job losses due to technological change.
In spite of the long-standing interest in the employment effect of innovation, a number of recent empirical studies mainly concentrate on the firm level (e.g. Coad and Rao, 2008; Crespi and Tacsir, 2011; Damijan, et al., 2008; Elejalde, et al., 2011; Hall., et al., 2008; Harrison, et al., 2008; Kannebley, et al., 2010; Monge-González, et al., 2011; Lachenmaier and Rottmann, 2006). Their studies may show whether the gains of innovative firms have been greater than the losses of non innovative ones, in terms of not only industrial value added but also employment. 

Table 2: Employment Effects of Innovation at Industry level

[image: image1]
Note: summarized by this study.
Table 2 summarizes the recently empirical studies regarding the employment effect of innovation at industrial level. Their data sources for the quantitative analyses on the EU countries, Spain and Estonia mainly come from innovation survey as well as published data. In general, those studies listed in Table 2 together show that the employment effect of innovation is positive, irrespective of product or process innovation.

2.2 Market Demands
Different from the firm level approach, market demand acts as an important factor in determining employment in the industry. High demand growth leaves room for a variety of firms' strategies and hence for better employment outcomes, while stagnant demand deepens the selection process among firms and emphasizes the role of technological competition. 
Some findings come from a model where employment depends on demand dynamics, labor costs and innovation variables associated with strategies of technological competitiveness. The result suggests that the shift in employment is relied mainly on the dynamics of demand and that of structural change. Under the consideration of structural change and the nature of technological change, a greater R&D expenditure is assumed to decrease employment level, implying a pattern of labor-saving technological change. 
2.3 Innovation and Technological Changes 
An effect of innovation on employment raises the concern that technological change may be biased with respect to labor (see Vivarelli, 2012; Antonelli and Quatraro, 2010). In this regard, there are two faces of innovation, with R&D mainly being correlated with the labor-friendly product innovation and “embodied technological change” (ETC), related mainly to the labor-saving process innovation (Santarelli and Sterlacchini, 1994). Most of process innovation is implemented through ETC, then introduced through gross investment. The embodied nature of technological progress and the effects related to its spread in the economy may underline that the role of capital accumulation in fostering productivity growth and economic development. In general, R&D expenditures are closely linked with product innovation, while ETC is related to process innovation. In sum, a proper mapping of innovation inputs and outputs is crucial, when one tries to empirically estimate the employment effect of technological change. New manufacturing technologies are characterized mainly by labor-saving ETC, and only partially compensated by the market mechanism. As a result, ETC negatively affects low-skilled workers in most cases, while only in rare cases high-skilled occupations are displaced by new machinery.
2.4 Small and Medium-Sized Enterprises (SMEs)
Growth of an enterprise may refer to input growth and/or output growth. Input growth would occur mainly in terms of two factor inputs: labor as well as capital, involving employment as well as investment. Input growth can be measured in terms of growth of employee scale and growth of current replacement value of capital output between two years (University of Cambridge, 1996). 
According to a few authors (Engel et al., 2004; Coad and Rao, 2008), innovations by SMEs have a positive influence on the growth of sales turnover. This is primarily because such innovative firms are able to convert their innovations into sales and further to the employment of labor as well as capital. If innovative firms absorb more of labor to produce more output, that would result in employment growth. Most of the recent empirical studies covering SME innovations have not dealt with this particular issue.
Taking the case study of the craft-dominated industries in Germany for 2001-03, Engel et al. (2004) studied the effect of innovations on both employment and sales turnover growth. They indicated that innovative sales secure small firms’ market position and offer some opportunities for growth. However, they observed only minor significant effect of innovation on employment change. By contrast, referring to the maritime industry in Germany, Bass and Ernst-Siebert (2007) suggested that innovations of SMEs triggered employment, and SMEs acted as both “innovation engines” and “job motors.” Similarly, Subrahmanya (2010) used 72 auto SMEs in Bangalore over the period of 2001-02 to 2005-06 as a case study, and confirmed that the innovative SMEs, engaged in both product and process innovations, could achieve a considerable increase in their employment. 
Innovation has become an important source of competitive advantage and business investment in R&D and innovation has also risen. Innovative SMEs are increasingly dependent on external sources of knowledge rather than just in-house research. Intensified competition, shortened product life cycles, and expanded technological opportunities force firms to innovate more quickly by taking advantage of their in-house R&D and rapid access to complementary new knowledge externally. It can be expected that the emergence of industrial innovation network is less centered on the individual firm, but more reliant on SMEs and new technology-based firms (OECD, 2004). 

2.5 ETC in Developing Economies

Many of the previous studies (such as, Benavente and Lauterbach, 2008; Bogliacino. et al., 2011; Sun and Du, 2010; Crespi and Tacsir, 2011; Chan, et al., 2002) have explored the employment effect of innovation by drawing on evidence from advanced countries. Of note is a considerable difference between advanced and developing countries in the employment effect of innovation (Vivarelli, 2012). A developing country may perform their ETC by importing “mature” machineries from more industrialized countries. Moreover, a lagging developing country can enjoy the “latecomer” benefit of having immediate access to a relatively new technology. In addition, imports and FDI inflows may generate technological spillovers in favor of the domestic firms with the new imported technologies through labor mobility, input-output relationships, and reverse engineering. 
The capabilities of developing countries, especially low-income countries, are limited either in terms of in-house R&D by the domestic firms or in terms of public investment in R&D. However, new technologies are mainly imported through licensing and especially through the importation of intermediate and capital goods from industrialized countries. This means that the dominant form of technological change within the developing countries is the ETC embedded in the capital goods (machinery), imported from the advanced economies.
Finally, technological catch-up may be induced by exporting to richer countries both through replacing outdated technologies in the exporting sectors and through the development of entirely new businesses characterized by process and product innovation to satisfy a more sophisticated demand from the industrialized countries. Accordingly, the dominant role of the ETC imported from advanced countries implying labor-saving process innovation can drastically decrease the domestic demand for labor. Trade liberalization reduces various export costs and makes the adoption of new technologies more likely. It should be noted that technology transfer in favor of developing countries may improve productivity gains, but this may be harmful to the local employment opportunities.
3. Taiwan’s Employment and Innovative Activities at the Industrial Level 

In the process of industrial upgrading, Taiwan is marching towards knowledge-based economy, with strong emphasis on R&D and innovation. For one thing, Taiwan’s R&D intensity has increased from 2.51% in 2006 to 2.94% in 2009. For another, Taiwan has been very active in US patenting, ranking fourth for eight years in a row (1999-2006), after only the US, Japan and Germany. Although Taiwan was overtaken by South Korea in 2007, has remained the fifth-largest holders of US patents in the world afterwards. While Taiwan to some extend has moved from foreign technology to indigenous innovation, it has become a public concern what this positive development means to Taiwan, especially it comes to employment. 
Table 3 gives a brief description of employment across manufacturing sectors over the period of 2001-2009. The period of 2001-2007 witnessed a broadly stagnant level of employment in Taiwan’s manufacturing sector. In 2001, Taiwan’s manufacturing sector generated significant employment opportunities for 2,268,300 persons. The employment growth rate was 5.75% over the period of 2001-03, 3.2% for 2003-05, 3.52% for 2005-07, and -5.47% for 2007-09. The negative employment growth rate for 2007-09 obviously had something to do with the global financial crisis bursting out in 2008, which severely hit Taiwan because of its substantial integration with the global economy. 
It is interesting to examine the employment data by sector, with reference to industrial R&D intensity, which can be associated with Taiwan’s overall shift in industrial structure (Yang and Liu, 2008). The Food Manufacturing, Textile mill product, Apparel, clothing accessories and other textile products, Leather, fur and related products, Wood and bamboo products, Pulp, paper and paper products, Electrical equipment manufacturing, and Non-metallic Mineral products industrial sectors together suffered negative growth rates over the four periods of 2001-03, 2003-05, 2005-07, and 2007-09. These declining industries, in employment terms, are generally considered as traditional and labor-intensive sectors. By contrast, the Printing and reproduction of recorded media, Fabricated metal products, Electronic parts and components, Computers, Electronic and optical products, and Machinery and equipment manufacturing industrial sectors together enjoyed positive employment growth for the three periods of 2001-03, 2003-05, and 2005-07. 
A closer look at Table 3 tends to suggest that the high-tech sectors are significant in providing employment opportunities. In other words, the share of employees hired by the high-tech sectors significantly determines overall industrial employment structure in the economy. Out of 24 Taiwan’s manufacturing sectors, just five top industrial sectors accounted for more than 50 percent of the average employment for 2001 and 2009. In general, the highest contribution to the total employment was attributable to the a few manufacturing sectors, including “Electronic parts and components (18.30%),” followed by “Fabricated metal products (11.79%),” “Computers, Electronic and optical products (8.02%),” “Machinery and equipment manufacturing (7.15%),” and “Plastic products (6.02%).” By contrast, the lowest contribution of 4.93 percent employment in total employment was accounted for by five manufacturing sectors, including “Petroleum and coal products (0.53%),” “Wood and bamboo products (0.85%),” “Medical goods (0.96%),” “Furniture (1.24%),” and “Rubber products (1.35%).” As Table 3 shows, for the period of 2001-2009, the industrial sectors absorbing most employment included the electrical and electronic machinery industry, the primary metal and products, and machinery industry. As a preliminary observation, the industries generating higher employment tend to fall in the category of the so-called high-tech industries, while the traditional industries provide lower employment opportunities. 

As shown in Table 4, for the 2001-2009 period, the computer, electronic and optical products sector registers the highest R&D intensity, followed by the electronic parts and components, leather, fur and related products, and medical goods industry. By contrast, Wood and bamboo products, Pulp, paper and paper products and Printing and reproduction of recorded media sectors are the industries with lowest R&D intensity in Taiwan. Not surprisingly, these industries with high R&D activities tend to have higher scale of average employment. Moreover, Pearson correlation ratio reaches the level of 0.802, pointing out a high and positive correlation between R&D expenditure and the distribution of average employment within the manufacturing industry. In the Taiwanese context, this may suggest that those industries with higher R&D investment have become the engine of economic growth and source of competitiveness advantage in recent decade. Indeed, Taiwanese ICT firms have evolved from pure manufacturers towards integrated service providers and are also Taiwan’s primary exporters.
It should be noted that the proportion of firms with product innovation varies across sectors. This proportion is 8.3% in the textile sector and 6.1% in the wearing apparel industry. It is even much higher in the high-tech sectors, reaches 18% in transport equipment and 19.5% in electronic equipment. The average firm size of product innovators is larger than non-product innovators, almost two times higher in the textile and transport equipment industries. The labor growth rates of product innovators are higher than total average and non-product innovators in those two low-tech sectors, but lower in the high-tech sectors. For the productivity growth, the product innovators are higher than non-product innovators in three sectors except electronic equipment. In product innovators, high productivity growth rates always appear in firms with middle or low proportion of new products, and those product innovators with more than 75% of new products in total output has much lower growth rate of productivity, especially in low-tech sectors.
4. Research Strategy

4.1 Model Setting
Following a classical production theory, the study considers the production functions for products correspond to the following cost functions at time t :
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where production efficiencies index, θ, represents an efficiency parameter which captures productivity improvements of all inputs used. The improvement in θ is relied mainly on the investment for the implement in productivity-enhancing process or organizational innovations. The Ci(wit) refers to marginal costs of either old or new products while F denotes fixed costs. Applying Shepard’s Lemma which states that the partial derivative of expenditure functions with respect to the wage gives the Hicksian demand function, labor demand at time t can be derived as following equation:
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denotes the employment level of industry i at time t, and Cm (wit ) is the derivative of marginal costs with respect to wages. Hence, labor demand for the production of either old or new products is higher the higher the product’s output yit and the lower the production efficiencyθit.
4.2 Empirical Model Setting

2.1 The employment function equation

The study begins the econometric modeling by setting a statistic employment equation,
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The variable 
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denotes the employment level of industry i at time t, X is a set of variables for determining employment and including innovation variables. As the standard assumption, 
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 refers to an unobserved industry-specific time-invariant effect that may be correlated with the variables in X but not with the 
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However, a static estimation equation might remain problematic. First, innovative activity may be possible to have long and persistent effects. However, innovation and employment are an inherently dynamic process. In consideration of higher costs of employment adjustment, a firm faces, the actual employment will deviate from the equilibrium level in the short-run (Lachenmaier and Rottmann, 2011). The short-run employment dynamics may be complicatedly influenced by adjustment costs, expectation formation and decision processes. Therefore, a dynamic panel data model is employed, which includes unrestricted lag structures in order to model the slow adjustment. 
More importantly, the study needs to solve the potential endogeneity problem of explanatory variables, particularly for innovation. Alternative to the two-stage approach, the GMM approach simply deals with the endogenous innovation choice by including the lagged innovation variable as the instrumental variable. The study aims to examine the net employment effect of innovation, the GMM approach can be more suitable and useful to be employed.
Set the above argument backdrop, the study modifies the specification of the static equation (1) by considering the dynamic adjustment of employment and lagged innovation as well as some other control variables as the instruments. In addition, the GMM has an advantage on the estimations even under the presence of heteroskedasticity across industries and correlation of distribution within industries over periods. Accordingly, we can modify the empirical specification of model as equation (2):
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In equation (2), we consider the determinant variables in Xit, including market condition (Gdp), real wage (Mwage), industrial organization proxied by the ratio of Small and medium enterprises (Smer), productivity (Prd), and industrial R&D expenditure (Rde). Proceeding from this assumption and solving for labor demand results in the linearized function by taken as logarithm as the follows:
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where all variables except Smer are taken as the logarithm of values.

First of all, the study intends to underlie the short-run employment dynamics. The significant existence of employment adjustment costs results in the actual employment to deviate from the equilibrium level in the short-run (Lachenmaier and Rottmann, 2011). The dynamic process of labor market may not be over- adjusted and achieved within one period. Accordingly, we presume the coefficient of 
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Second, the labor demand is dependent on the scale of the corresponding product market. At the industry level, gross value added, Gdp, is included as a variable for the demand situation in the respective industry. As the product market is booming, we can expect that the expanding scale of industry will increase the labor demand. By contrast, the decline in the product market will constrains or lowers the labor demand. In this study, for the industrial gross value added, Gdp, is included as a proxy variable for the demand situation in the respective industry. We presume the coefficient of Gdp,
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, to be positive in equation (3). From this source we also get data on in 2-digit industries. This can serve as a proxy for the demand situation in the respective industry.
Third, in a perfectly competitive world without distortions, the marginal product of labor should equal the real wages. In the specification of empirical model, average industry-wide real wage rate Mwage. According to the above model, we can presume the coefficient of lMwage, 
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, to be negative. We draw the information on wages rate within a 2-digit industry as the best approximation available from the Directorate General of Budget, Accounting and Statistics (DGBAS) of Executive Yuan (the cabinet), Taiwan. 
Fourth, as mentioned in previous literature, the total effect of innovation on employment is still unclear. The R&D activities could be labor intensive in nature and it may improve expected sales in future. Therefore, we can expect a positive effect of innovation on employment. However, as a firm engages in R&D to improve its production process that may eventually be laborsaving. In general, technological change usually accompanies mixed effects on employment. This is because product innovations tend to increase firms’ outputs, so that employment will increase. By contrast, Process innovation is regarded to be laborsaving in nature. Technology improvement in production process is considered as job-destroying. So far, there is no complete Taiwan’s industrial database consisting of product innovation and process innovation activities in separation. This study intends to examine the net effect of innovation on employment at an industry level by drawing on the evidence from Taiwan’s statistics. However, the net effect of innovation on employment in Taiwan is still unclear. We may ensure the positive net effect of innovation on employment if the coefficient of lRde,
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Finally, the study considers two other controlling variables, Smer and lPrd in the model. Improvements in the production efficiency result from both newly implemented process and/or organizational innovations. However, the efficiency gains of non-in-house process/organizational innovators may be predominantly resulting from exogenous technological change, learning-by-doing or spillover effects (Leitner, Posch and Stehrer, 2011). Innovation and employment are normally seen as substitutes. From an intuitive point of view improvements in productivity, obtained through an innovative process, will tend to diminish the demand of all productive factors for a given level of output, which may affect employment negatively.
 In other hand, the organizational adjustment in production system may improve the productivity, which further influences labor demands. Some industries are dominated by SMEs in terms of the industrial organization. These industries dominated with SMEs are of more vertical disintegration and may have the comparatively advantage in performing organizational adjustment in the production network. Taking firm size into account is useful when analyzing the effect of innovation on labor demand. SMEs are not on average experiencing productivity growth, which implies they are not suffering constantly decreasing employment for a given level of production output. By contrast, in general, large firms should be more focused on policies such as retraining workers and minor unemployment. Thus, we have to explore the employment effect of innovation by taking the organizational adjustment into account. Against the above mentions, this study intends to examine the effect of non-in-house process/ organizational innovation on employment by drawing on Taiwan’s evidence. 
4.3 The Data

The study summarizes the statistical description, the definitions of variables, data sources, and their presumed effects on employment in Table 5. The data were collected from various sources over a period of 9 years. The industrial-level data set used in the study is offered by the Directorate General of Budget, Accounting and Statistics (DGBAS) of Executive Yuan, Taiwan. Industry-specific R&D data is taken from the National Science Council. After missing values were deleted, we pool together the available industrial data over the period 2001-2009 to gain our sample. Table 6 provides the summary of descriptive statistics of these variables with 166 available observations. 
5. Empirical Results

This section presents and discusses the empirical results, which are summarized in Table 7. The specification in columns (1) – (4) in Table 7 generally include the R&D expenditure, unit labor cost, industrial demand scale, share of small and mediate enterprises, and labor-productivity, as well as industrial employment for lag-one period. The columns (1), (2), and (3) – (4) are estimated by OLS, panel-fixed effect, and GMM difference in difference, respectively. 
The foregoing discussion has identified the main advantages of the chosen model specification as the economic model applied to the employment effect of innovation. Based on the suggested practice guidelines, the dynamic system-GMM panel model is superior to the OLS and static panel estimates. This is because static panel estimates ignore dynamics possible leading to the problem of dynamic panel bias in terms of misspecification and failing to study the dynamics of adjustment (Lee1, 2012). In this study, there are 24 industrial sectors (N) that are analyzed over a period of 9 years (T). That is, the number of sectors (N) is more than years (T). Accordingly, the dynamic panel model is specially designed for the situation in order to control for dynamic panel bias (e.g. Lachenmaier and Rottmann, 2011; Yang and Lin, 2008). Without doubt, in order to overcome the problem of potential endogeneity, the dynamic panel models are better than the static and OLS models.
The number of observations in Table 7 decreases because of the underlying AR(2) process. As a consequence, one previous time period is needed for building lags in the dynamic estimation model. As one can see in Table 7, the coefficients of the lagged dependent variable behave exactly as expected and described in Section 3. The estimators of the lagged dependent variable to be 1.003 for the OLS model in Specification (1), 0.67 in the fixed effects model (within estimator) of column (2), 0.495 and 0.345 in the GMM difference model of columns (3) and (4), respectively. The estimates of the GMM difference models (3) and (4) are close to the estimates of the within estimator (2). This confirms the expected directions of the bias for the estimations of the coefficients of the lagged dependent variables. The coefficients of the lagged dependent variables confirm the importance of these included variables. In all two specifications the effect is quite similar. In column (3), we find a significant effect of 0.495 for the first lag. A test for the coefficient to be one is rejected, which supports the stability of the model. The size of these coefficients is very stable in all our following regressions. 
According to the above suggestion, these models are in favor of the dynamic GMM model against the static models, OLS and Fixed effect model. The coefficients of year dummies on each equation are omitted in the discussion. Thus, the overall results suggest that six of the explanatory variables: lEmp-1, lRde, lGdp, lMwage, lLprd, and Smer are each significant (at the 5 % level) in some, if not all of the equations. Other supply and demand factors, and sectoral differences and unobserved heterogeneity are also included in the model to improve its explanatory power. Our evidence is in support of a positive effect on R&D activity and R&D investment, as well as a positive and significant effect on the industrial value-added. Below we categorize three main aspects: namely the industrial demand effect, the unit labor cost effect, and the innovation effect, as well as other industrial attributes, for further discussions.

5.1 Industrial Demand and Labor costs
The studies based on industrial evidence have suggested that the sources and opportunities for both technological change and job creation are specific in industries, which act as the key factor in determining employment performances. In columns (3) and (4), the coefficients of industrial demands, lGdp, show a significantly positive effect, as expected. In columns (3) and (4), which includes year dummies, only the GVA remains significant. The significance of the wage rate is taken away in the year dummies. Both the wage rate and lGdp are significant. Since the year dummies are jointly significant, we decide to stick to specifications with year dummies. Columns (3) – (4) in Table 7 include the variables lGdp. The coefficient of lGdp is positive and statistically significant, revealing that Taiwan’s industrial demand markets determine local employment. 
In columns (3) and (4), the sector variables for labor costs (lMwage) show significant effects as expected. Variable lMwage has a significantly negative effect on employment. Variable lMwage denotes the hourly wage rate, which of course may influence the employment demand of an industry. The wage growth has a negative effect on the employment level. The coefficient can be interpreted as the wage elasticity. As shown in column (4), a one percent higher real monthly wage rate in the sector leads to a 0.09% smaller yearly employment growth rate in an industry firm. This result is clearly in line with theory that high wages hinder employment
5.2 Innovation Effect

Due to demand effect, innovation may likely result in employment growth, while process innovation is likely to have labor saving effects (Harrison et al, 2008; Hall et al., 2008). In columns (3) and (4), the coefficients of lRde are positive and statistically significant. The study shows that the positive effect of innovation on job flows differs substantially. In other words, industrial innovation has a significant role in creating job flows. As shown in Table 1, the employment effects of both product and process innovations are still unclear. In this study, the innovation effects on net employment are positive and significant. Hence, innovations have had significant role to improve industrial employment in Taiwan.

From other perspective, Taiwan’s industries with high R&D investment have the high employment growth in comparison with other industries with low R&D innovation during 2001-2009. In addition to the industrial demand, industrial innovation drives the structure change. In other words, the industrial-level analysis indicates that higher innovation in a sector is related to a higher job creation rate and employment growth.
In a sense, this study intends to examine whether Taiwan’s innovation is non-neutral, or not. By devoting more and more efforts to innovative activities, the main composition of Taiwan’s manufacturing sector has shifted itself from capital-intensive to knowledge-intensive. The positive corresponding of Taiwan’s R&D intensity to employment rate implies that innovative activity indeed has an impact on the structure of workers.

More interestingly, the estimation results indicated that the innovations have a positive and statistically significant effect on employment at the industrial level. The empirical evidence is similar to the case of advanced countries associated with abound of knowledge stock. However, the empirical result may not be in line with the case of developing countries, in which innovation has significant positive effect on employment in the medium- and low-tech industries rather than in high-tech industrial sectors. This is because there is little R&D endowment behind the innovations, especially in high-tech sectors in developing economies, such as Estonia (Merikull, 2009).

5.3 Other factors
Finally, in addition to industrial demands and innovation, the study points out some other factors, like industrial structure and productivity, may play an important role in generating employment. As shown in Table 7, the coefficient of lPrd is negative and statistically significant but that of Smer is positive and insignificant. Particular attention was paid to identify innovation impacts on employment generation by SMEs and the improvement in industrial productivity. This study examines the degree to which innovation by Taiwan’s manufacturing sectors create or displaces employment, especially how these effects vary by firm size as well as industrial productivity. 
As shown in the evidence gathered from China’s manufacturing sector, Mairesse, et al. (2011) show that displacement effects induced by productivity growth in the production of products are significantly large. Similar to Mairesse, et al. (2011), the empirical evidence of this study confirms the productivity improvement to be labor-saving effect. 

Finally, different from Subrhmanya’s (2010) and Bass and Ernst-Siebert’s (2007) findings that the relationship between employment and firm size is significantly positive, our empirical evidence on Taiwan’s manufacturing sectors shows minor employment effect of SMEs’ innovation (see also Engel et al, 2004). 
6 Conclusions
In recent a decade, especially because of global recession, there is a trend for the objective of innovation policies to expand from “value-up” to “job-creation”, in Taiwan as well as many other countries. To adjust the innovation policy in this way, it is essential to explore the relationship between innovation and employment. However, the effect of innovation on employment is still unclear in theoretical backdrop. This therefore calls for an empirical examination. Most studies explore the relationship between innovation and employment at the firm level. To some extent, their research outcome may need to be explored further.  

In general, there are two kinds of innovation: product innovation and process innovation. Process innovation may destroy concurrent jobs by substituting labor but product innovation creates jobs by increase in demand. Because process innovation increase productivity, firms can reduce prices and further stimulate the market demand for their products. In the case of the firm with a new product in gaining the market power, the firm is more profitable to increase price, reduce the quantity sold, and employment accordingly. However, the quantitative analysis at the firm level may fail to explore the employment effect derived from firms’ market entry and exit. Accordingly, the study aims to examine the effect of innovation on employment at the industrial level.

The study has examined the effect of innovation on employment by employing a dynamic panel approach. Using various datasets for Taiwan’s industries for the years 2001–2009, the estimation method enables us to solve for unobserved industrial heterogeneity, for potential endogeneity of the innovation measures with respect to employment, and for potential dynamic effects.
Moreover, most of research evidence from developed countries or regions may not be globally applicable, calling for need to provide evidence for policy-making in other economies. In Taiwan, the production structure is strongly dominated by SMEs and business operations focus on OEM/ODM. Indeed, Taiwan’s innovation is strongly dominated by informal search routines and learning from already available knowledge and technologies. 
The research questions are set in this study as follows: (1) To examine the net effect of innovation on the employment at Taiwan’s manufacturing sectors; (2) to explore the important factors in driving the adjustment in Taiwan’s industrial structures. A dynamic panel of Taiwan’s 24 manufacturing sectors was constructed, drawing on various government datasets for years 2001-09. The GMM difference model is employed to examine the effects of innovation, industrial demand, unit labor cost, productivity, and the share of SMEs on the employment. That is, the empirical study includes variables associated with both demand pull and technology push factors.
First of all, the study empirically confirms the employment generation of innovation. These results provide support for the current emphasis to the promotion of innovation. As another perspective, the empirical evidence may highlight Taiwan’s industrial transformation shifting from capital-intensity to knowledge-intensity. 

Second, the industrial demand effect plays the critical role in determining the changes in Taiwan’s industrial structure. The positive effect of innovation on employment is intuitive, especially when the market expansion of an economy activity is mostly attributable to new goods rather than to new production process. In line with the traditional labor demand theory, the empirical evidence ensures a negative relationship between unit labor costs and industrial employment.
Third, our empirical work shows that the improvement in industrial productivity may fail to expand the market demand and further to increase employment levels. In other words, similar to other studies, the improvement in Taiwan’s industrial productivities may be biased to labor-saving technologies and towards cost-down. To some extent, Taiwanese firms may make its own productivity improvement by using the capital goods with embedded technology change. This should be particularly high related to Taiwanese firms’ OEM/ODM business. These firms more or less adopt the industrial technologies transferred from their branded clients. 
Table 3: The Level and Change in Industry-wise Employment, 2001-2009

	Manufacturing Sectors
	2001
	2003
	2001-03*
	2005
	2003-05*
	2007
	2005-07*
	2009
	2007-09*
	 (%)**

	Food Manufacturing
	87,566
	89,198
	1.86
	85,208
	-4.47
	87,568
	2.77
	91,179
	4.12
	3.81 

	Textile mill product
	140,524
	133,272
	-5.16
	121,460
	-8.86
	114,138
	-6.03
	104,420
	-8.51
	5.22 

	Apparel, clothing accessories and other textile products
	65,499
	60,813
	-7.15
	51,550
	-15.23
	50,252
	-2.52
	46,499
	-7.47
	2.39 

	Leather, fur and related products
	38,732
	37,361
	-3.54
	35,030
	-6.24
	31,795
	-9.23
	29,000
	-8.79
	1.44 

	Wood and bamboo products
	22,622
	21,792
	-3.67
	20,155
	-7.51
	19,339
	-4.05
	17,183
	-11.15
	0.85 

	Pulp, paper and paper products
	53,308
	52,900
	-0.77
	51,058
	-3.48
	50,337
	-1.41
	48,195
	-4.26
	2.16 

	Printing and reproduction of recorded media
	58,411
	59,276
	1.48
	60,552
	2.15
	63,754
	5.29
	62,939
	-1.28
	2.59 

	Petroleum and coal products
	11,862
	11,692
	-1.43
	13,054
	11.65
	12,742
	-2.39
	13,082
	2.67
	0.53 

	Chemical materials
	67,526
	63,258
	-6.32
	59,719
	-5.59
	60,307
	0.98
	61,253
	1.57
	2.75 

	Chemical products
	45,822
	45,816
	-0.01
	45,027
	-1.72
	45,476
	1
	44,804
	-1.48
	1.93 

	Medical goods
	20,233
	19,911
	-1.59
	19,995
	0.42
	20,816
	4.11
	24,702
	18.67
	0.96 

	Rubber products
	32,037
	33,898
	5.81
	33,681
	-0.64
	33,955
	0.81
	31,352
	-7.67
	1.35 

	Plastic products
	146,952
	148,979
	1.38
	144,242
	-3.18
	143,198
	-0.72
	135,676
	-5.25
	6.02 

	Non-metallic Mineral products
	75,847
	74,588
	-1.66
	70,722
	-5.18
	68,961
	-2.49
	66,053
	-4.22
	3.02 

	Basic metal manufacturing
	80,851
	83,352
	3.09
	91,363
	9.61
	97,506
	6.72
	95,616
	-1.94
	3.76 

	Fabricated metal products
	256,114
	283,359
	10.64
	297,737
	5.07
	312,370
	4.91
	296,912
	-4.95
	11.79 

	Electronic parts and components
	351,023
	422,508
	20.36
	498,424
	17.97
	551,258
	10.6
	507,400
	-7.96
	18.30 

	Computers, Electronic and optical products
	181,943
	206,346
	13.41
	208,287
	0.94
	215,393
	3.41
	194,352
	-9.77
	8.02 

	Electrical equipment manufacturing
	125,044
	122,469
	-2.06
	118,903
	-2.91
	116,665
	-1.88
	119,102
	2.09
	5.20 

	Machinery and equipment manufacturing
	153,773
	164,966
	7.28
	179,506
	8.81
	201,109
	12.03
	181,528
	-9.74
	7.15 

	Motor vehicles and parts
	61,924
	69,833
	12.77
	78,280
	12.1
	75,644
	-3.37
	67,455
	-10.83
	2.76 

	Other transport Equipment
	57,690
	56,885
	-1.4
	59,238
	4.14
	61,612
	4.01
	61,199
	-0.67
	2.53 

	Furniture
	33,637
	31,390
	-6.68
	29,022
	-7.54
	26,338
	-9.25
	24,583
	-6.66
	1.24 

	Other Manufacturing not elsewhere classified
	99,360
	105,068
	5.74
	103,574
	-1.42
	102,483
	-1.05
	98,233
	-4.15
	4.21 

	Total
	2,268,300
	2,398,930
	5.75
	2,475,787
	3.2
	2,563,016
	3.52
	2,422,717
	-5.47
	100.00 


Note: * refers to the growth rate of employment, and ** denotes the share of average employees across manufactory sectors for 2001 and 2009.
Source: DGBAS and Taiwan Economic Journal Database www.finasia.biz
Table 4: Innovative Activities among Industries, 2001-2009
Unit: NT$ Million
	Manufacturing Sectors
	Average Employment
Per year [person]
	Value-Added 
(1)
	R&D Expenditure 
(2)
	R&D Intensity [%]
(2)/(1)

	1. Food Manufacturing
	88284.89 
	79503.78 
	1202.67 
	1.51 

	2. Textile mill product
	122579.30 
	88134.89 
	1536.00 
	1.74 

	3. Apparel, clothing accessories and other textile products
	55071.33 
	27477.22 
	183.22 
	0.67 

	4. Leather, fur and related products
	34167.11 
	12711.33 
	1439.00 
	11.32 

	5. Wood and bamboo products
	19903.44 
	9325.67 
	5.11 
	0.05 

	6. Pulp, paper and paper products
	50824.22 
	43849.11 
	249.44 
	0.57 

	7. Printing and reproduction of recorded media
	61279.67 
	33982.33 
	195.22 
	0.57 

	8. Petroleum and coal products
	12446.89 
	179688.60 
	1236.22 
	0.69 

	9. Chemical material
	62133.11 
	214308.40 
	4539.44 
	2.12 

	10. Chemical products
	45469.44 
	41955.56 
	1986.78 
	4.74 

	11. Medical goods
	21084.22 
	21698.11 
	2315.11 
	10.67 

	12. Rubber products
	33157.11 
	28499.89 
	638.22 
	2.24 

	13. Plastic products
	143918.40 
	80405.89 
	1809.00 
	2.25 

	14. Non-metallic Mineral products
	71130.67 
	64575.78 
	560.11 
	0.87 

	15. Basic metal manufacturing
	90247.33 
	170096.70 
	1908.33 
	1.12 

	16. Fabricated metal products
	290818.70 
	187538.20 
	1430.89 
	0.76 

	17. Electronic parts and components
	470196.20 
	815834.70 
	85547.33 
	10.49 

	18. Computers, Electronic and optical products
	201817.90 
	294179.40 
	47302.44 
	16.08 

	19. Electrical equipment manufacturing
	119985.00 
	94454.11 
	6263.33 
	6.63 

	20. Machinery and equipment manufacturing
	177191.30 
	140145.40 
	5379.67 
	3.84 

	21. Motor vehicles and parts
	70777.78 
	98328.56 
	5207.33 
	5.30 

	22. Other transport Equipment
	59545.67 
	64513.44 
	3137.78 
	4.86 

	23. Furniture
	29045.11 
	17273.00 
	164.11 
	0.95 

	24. Other Manufacturing not elsewhere classified
	101908.60 
	77279.89 
	1969.89 
	2.55 


Sources: DGBAS, Taiwan Economic Journal Database www.finasia.biz; National Science Council Statistics Database https://nscnt12.nsc.gov.tw/
Table 5: Definitions of Variables used in the statistical analysis
	Variables
	Definition
	Impact on Employment
	Sources

	Lemp
	Number of Employees, taken as logarithm
	+
	a

	lRde
	R&D investment, taken as logarithm
	+
	b

	lGdp
	Market demand, measured by industrial value-added taken as logarithm
	+
	c

	lMwage
	Labor cost, average monthly wage, taken as logarithm
	_
	a

	lLprd
	labor productivity, the ratio of value-added per working hours, taken as logarithm
	?
	a, c

	Smer
	Ratio of SMEs, measured in sales
	?
	d


Note:

a: DGBAS and Taiwan Economic Journal Database www.finasia.biz;

b: National Science Council Statistics Database https://nscnt12.nsc.gov.tw/
c: National Statistics Database http://ebas1.ebas.gov.tw 
d: MOEA Economic Statistics Annual, Taiwan.
Table 6: Description of Statistics

	Variables
	Mean
	Std. Dev.
	Min
	Max
	# of Obs.

	Lemp-1
	11.176 
	0.857 
	9.367 
	13.220 
	166

	lRde
	7.321 
	1.912 
	0.000 
	11.693 
	166

	lGdp
	11.177 
	1.048 
	9.149 
	13.868 
	166

	lMwage
	10.599 
	0.297 
	10.180 
	12.007 
	166

	lLprd
	0.070 
	0.128 
	0.014 
	0.796 
	166

	Smer
	59.211 
	23.405 
	4.110 
	98.150 
	166


Table 7: Regression Results of Employment effect of R&D Investment
	Variables
	OLS
(1)
	Fixed Effect
(2)
	GMM_difference

	
	
	
	(3)
	(4)

	lEmp-1
	1.003
	0.670
	0.495
	0.345

	
	(0.000)***
	(0.000)***
	(0.000)***
	(0.000)***

	lGdp
	0.004
	0.097
	0.158
	0.457

	
	(0.676)
	(0.000)***
	(0.001)***
	(0.000)***

	lMwage
	0.035
	0.013
	-0.043
	-0.086

	
	(0.154)
	(0.681)
	(0.600)
	(0.015) **

	lRde
	0.001
	0.00
	0.026
	0.029

	
	(0.663)
	(0.385)
	(0.007)***
	(0.003)***

	Smer
	-
	-
	-
	-0.48*E-3

	
	-
	-
	-
	(0.697)

	lLprd
	-
	-
	-
	-0.421

	
	-
	-
	-
	(0.000)***

	constant
	-0.454
	2.409
	-
	-

	
	(0.094) *
	(0.000)***
	-
	-

	Year dummies
	-
	-
	Inclu.
	Inclu.

	R-square
	0.998
	0.740
	-
	-

	# of Obs
	166
	166
	166
	166

	Sargan test value
	-
	-
	30.51
	35.5

	degrees of freedom
	-
	-
	31
	24

	Sargan p-value
	-
	-
	(0.491)
	(0.061)

	AR(1)
	-
	-
	-4.230
	-3.830

	
	-
	-
	(0.000)***
	(0.000)***

	AR(2)
	-
	-
	1.790
	0.170

	
	-
	-
	(0.074)
	(0.865)


Note: Figures within parenthesis refer to p-value;

 ***, **, and * refer to 1%, 5% and 10% of statistical levels, respectively.
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10 EU countries�
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2001�
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Antonucci, 2003�
10 EU countries�
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2001�
22 manufacturing industries�
Total Innovation Expenditure on sales�
Overall positive�
�
Sanz, Santiago, Gómez, 2005�
Spanish�
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Input-output model 28 manufacture industries�
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Positive�
�
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19 EU countries�
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Manufacture and Service industries�
Innovation Survey�
Positive of product innovation�
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Overall positive


Stronger positive effect of product innovation�
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