
Structural Change and Economic Dynamics 52 (2020) 141–158 

Contents lists available at ScienceDirect 

Structural Change and Economic Dynamics 

journal homepage: www.elsevier.com/locate/strueco 

The effect of innovation on skilled and unskilled workers during bad 

times 

Guillermo Arenas Díaz 

a , ∗, Andrés Barge-Gil b , Joost Heijs c 

a Complutense University of Madrid, Spain 
b DANAE, GRIPICO and ICAE, Complutense University of Madrid, Spain 
c Department of Applied Economics, Structure and History, Complutense University of Madrid, Spain 

a r t i c l e i n f o 

Article history: 

Received 24 April 2019 

Revised 25 July 2019 

Accepted 29 September 2019 

Available online 22 October 2019 

JEL classification: 

D2 

J23 

L1 

O31 

O33 

Keywords: 

Skill biased technological change 

Crisis 

Labor demand 

Product and process innovation 

High- versus Low-skilled workers 

a b s t r a c t 

The recent economic crises generated a dramatic reduction of employment, but the role of innovation 

has barely been analyzed. This study contributes to the literature by analyzing the differentiated effect 

of product and process innovation on high- and low- skilled employment during bad times. We focus on 

the case of Spain, a country with one of the largest reductions in employment during the crisis. The main 

results suggest a positive effect of innovation on employment during bad times, although this effect is 

remarkably larger for high-skilled than for low-skilled workers. These results hold across industries and 

are exacerbated in high-tech industries. It is estimated that product and process innovations account for 

around 13% of the different evolution between high-skilled and low-skilled employment during the crisis. 

These results implicitly reflect that innovation – especially product innovation – favors a bias towards the 

demand of high-skilled employment in detriment of low-skilled workers. 

© 2019 Elsevier B.V. All rights reserved. 
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. Introduction 

Recent employment dynamics have clearly been influenced by

he economic crisis, which destroyed more than 30 million jobs

lobally, while in Spain around 4.5 million jobs were lost between

007 and 2013 ( ILO, 2015 ). It seems that the crisis more intensely

ffected unskilled employment, taking into account that, at least

n Spain, the total number of employees with a university degree

emained more or less stable during this period. The main goal of

his paper is to analyze the effect of product and process innova-

ion on high-skilled and low-skilled workers during bad times in

rder to explain the differentiated effect of product and process

nnovation on this relationship. 

The paper is embedded in three main approaches reflected in

he theoretical and empirical literature. On the one hand, the gen-

ral relationship between innovation and employment has already

een discussed by classical authors like Ricardo and Marx, because
∗ Corresponding author at: Complutense University of Madrid, Campus de So- 
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he various labor-saving and labor-creating effects of product and

rocess innovation have always been problematic from a social or

conomic point of view. The best-known early example of social

urmoil related to this aspect is the Luddite movement of the early

9th century, when English textile well-skilled artisans protested

gainst the mechanization of textile production by destroying some

achines ( Autor, 2015 ). On the other hand, another important as-

ect is the effect of innovation on labor composition, which has

een discussed since the 1960s, leading to the formulation of the

kill-biased technological change (SBTC) and routine-biased tech-

ological change (RTBC) hypotheses that expect a shift of the de-

and of total employment toward more highly skilled workers and

ess routine tasks. Finally, we focus on a period of economic tur-

oil, because the relationship between innovation and the eco-

omic cycle has been controversial. While Schumpeter (1939) con-

idered innovation activities to be countercyclical because of the

ower opportunity cost of investments, recent empirical evidence

sually shows a procyclical pattern ( van Ophem et al., 2019 ). 

The main contributions of our manuscript are the following.

irst, we analyze the specific effect of each type of innovation

product and process) on different types of workers (high-skilled
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and low-skilled). While product innovation has usually been found

to have a positive effect on employment and the results for process

innovation are mixed, no stylized knowledge has been built regard-

ing their specific effect on different type of workers. Second, we

focus on a period of economic turmoil where employment is being

destroyed, while previous studies usually cover expansion periods

characterized by employment creation. Third, we analyze whether

the effects of product and process innovation on high- and low-

skilled workers are pervasive across industries or whether there

are some features specific to high- or low- tech industries. 

To accomplish these goals, we use Spanish data from the “Panel

de Innovación Tecnológica” (PITEC) on over 27,800 observations for

manufacturing firms from 2006 to 2014 and make use of the struc-

tural model of Harrison et al. (2014) , who analyze the differenti-

ated effects of product and process innovation on employment. 

The structure of this paper is as follows. In Section 2 , we offer

a very short overview of some of the compensation mechanisms

that reduce the loss of employment because of the introduction of

innovations and also discuss the causes of the growing demand of

the different types of employment. In Section 3 , we show contex-

tual evidence of the Spanish situation during this period and re-

view previous empirical evidence on the relationship between in-

novation and employment in this context. In Section 4 , we present

the theoretical model of Harrison et al. (2008 , 2014 ), its limitations

and the specification of this empirical model. In Section 5 we re-

view the main empirical works using this model. In Section 6 we

offer details of the specification of the model and the database and

present the basic statistics of the variables used. In Section 7 we

show the estimations for the Spanish case, offering the results for

total employment, high-skilled employment and low-skilled em-

ployment. In the last section, we present some conclusions, the

limitations of our work and some final remarks. 

2. Some basic notions of the effect of innovation on 

employment and the skill composition 

One of the main theoretical debates of the effect of innovation

on employment in quantitative terms is related to compensation

mechanisms. Although process innovation has a direct negative ef-

fect on employment, there are some specific direct and indirect

mechanisms that compensate the initial loss of employment. We

offer only some short discussion about these mechanisms, high-

lighting relevant aspects for this paper. 1 The discussion of the com-

pensation mechanisms clearly distinguishes between product in-

novation and process innovation. Table 1 relates the employment

effects of each compensation mechanism with the two types of in-

novation. Theoretically, the direct effect of process innovations is

an increase in innovators’ production efficiency ( productivity effect

of process innovation ) ( Peters et al., 2017 ). It means that production

requires less input to produce an item and, hence, process innova-

tion is likely to reduce labor demand. However, the increased effi-

ciency of production reduces costs and, consequently, a price effect

that could stimulate overall demand of goods. The corresponding

higher level of production could compensate the loss of employ-

ment with the creation of new jobs (Say’s law) 2 ( Vivarelli, 2014 ). 

For their part, product innovations may affect employment via

three channels ( Peters et al., 2017 ). The first is introducing new

products in the market, which generates a new demand and there-

fore increases labor demand ( direct demand effect of product in-
1 For a broader discussion, see Vivarelli, 1995 , 2014 ; Peters et al. 2017 ; 

Calvino and Virgillito, 2018 . 
2 There are more compensation mechanisms related to process innovations, like 

the potential effects of increased benefits and wages, the reduction of general salary 

level versus labor intensive investments, and the employment effects in the ma- 

chine and tools sector. 
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ovation ). Second, if new products are produced more (less) effi-

iently than old products, they will require less (more) input for

 given output. This dampens (strengthens) the positive demand

ffect, thus also em ployment growth ( productivity effect of product

nnovation ). Third, there is an indirect demand effect of product inno-

ation : if products are substitutive, new product demand may re-

lace the demand for the innovators’ old products to some degree

product cannibalization 

3 ). However, if new products are comple-

entary to the old ones, the new product demand stimulates the

ld product demand. 

Besides the overall effect of innovation on employment, this

aper tries to assess the quantitative and qualitative impact of

nnovation on skilled versus unskilled jobs. Therefore, it is im-

ortant to discuss the reasons that could explain the increasing

emand of skilled (or higher educated) labor in absolute terms.

elch (1970) mentions three basic causes, firstly, the structural

hange in the composition of the production sector towards high-

ech industries observed in the most advanced countries. These

ndustries – which are the most skill intensive – grow faster

han low-tech manufacturing sectors. The products of these high-

ech sectors have higher income-demand elasticities, changing

he composition of the consumption (because of the rising in-

ome), because richer citizens demand more innovative products

 Porter, 1993 ). Also, process innovation increases productivity and

herefore average income per capita with a similar stimulating ef-

ect on the demand of high-tech products. 

Secondly, the increasing use of non-labor input factors can

enerate –ceteris paribus – a positive bias towards the demand of

killed labor. In particular, capital investments substitute unskilled

abor activities more frequently. In this case, it is not the tech-

ology that causes the lower demand of unskilled workers. Nev-

rtheless, the real cause would be the increase of capital inten-

ity. Thirdly, technical change is not neutral between skill classes. 4 

It may be that increments in technology result in increments in the

elative productivity of labor that is positively related to skill level”

 Welch, 1970 , P.38). 

In the case of analyzing the effect of innovation on employment

n qualitative terms, an important notion is the skill-biased tech-

ological change (SBTC) hypothesis. This idea –already mentioned

y Nelson and Phelps (1966) , Griliches (1969) and Welch (1970) –

mplies that the introduction of new technologies requires workers

ith new suitable capabilities and skills. The SBTC hypothesis sug-

ests that new technologies and the required skills are intrinsically

omplementary, so it favors the hiring of skilled over unskilled

orkers by increasing their relative productivity ( Violante, 2008 ).

his theory has been complemented with routine-based tech-

ological change (RBTC) ( Autor et al., 2008 ; Goos et al., 2014 ;

aimovich and Siu, 2018 ), which places the emphasis on the rou-

ine versus cognitive contents of the tasks and argues that most

f the new technologies would replace workers that perform rou-

ine tasks. The presence of a labor-saving and skill-biased process

nnovation can generate unemployment among unskilled workers.

he recent consensus of empirical studies is that technical change

avors more skilled workers, replacing tasks previously performed

y the unskilled, and exacerbates inequality ( Acemoglu, 2002 ). 

The introduction of new products –not standardized and with

 low demand– often implies the need for labor-intensive produc-

ion process and skilled workers. Once a product has success in

he market and its design gets to be standardized, firms are prone

o introduce labor-saving process innovation in order to simplify

he production process, which would imply that firms substitute
3 The reduction of the labor demand related to the old products. 
4 However, even a strict neutral technological change would increase skilled labor 

emand more ( Welch, 1970 ; Vivarelli, 2014 ). 

H  

f  

r  
killed for unskilled workers. For example, the rise of the ICT sec-

or initially implied an increase of skilled employment because of

hanges in the nature and requirements of jobs ( Berman et al.,

998 ; Falk and Biagi, 2017 ). However, the standardization of those

echnologies and user-friendly software programs implies a lower

emand of skilled workers ( Tether, 2005 ). 

It can be highlighted that the SBTC/RBTC studies analyze the

mpact of a specific technology – ICT– while in this paper only

wo global indicators are used to represent technical change: prod-

ct and process innovation activities. Vivarelli (2014) states in his

iterature review that the main member countries of the Organiza-

ion for Economic Cooperation and Development (OECD) showed a

ignificant change in the composition of the labor force in favor of

he skilled component of the labor force. However, there is no ro-

ust evidence yet on the differential effect of product and process

nnovation on the different types of workers. The following work

ims to contribute in this regard. 

Finally, this paper deals with a period of economic turmoil.

here is some consensus that innovation effort s are procyclical

 Archibugi et al., 2013 ; van Ophem et al., 2019 ) mainly because

f low demand expectations during turmoil ( Cohen, 2010 ) and

nternal and external financial constraints ( Himmelberg and Pe-

ersen, 1994 ; Aghion et al., 2012 ). Regarding the type of innovation

utput, Lucchese and Pianta (2012) show that, during downswing

eriods, firms introduce more process innovation and less prod-

ct innovation. Also, Peters et al. (2014) argue that the positive ef-

ect of product innovation on employment would be higher in up-

wing periods because of higher potential for demand expansion

nd extra-normal profits, while process innovation would destroy

ore employment during downswings, because in shrinking mar-

ets, firms would fully use the potential of new process technolo-

ies to cut labor costs. Regarding the relationship between skills

nd the economic cycle, Jaimovich and Siu (2018) highlight that in

he last 30 years in the US labor market, almost all the contraction

n aggregate employment during recessions can be attributed to

ob losses in middle-skilled, routine occupations followed by job-

ess recoveries ( Groshen and Potter, 2003 ). In this same line, Foote

 Ryan (2015) highlight the relationship between labor market po-

arization and non-participation, as middle-skilled workers find it

ard to increase education to become high-skilled and would face

arge salary cuts if competing against low-skilled workers. 

. The Spanish case 

Fig. 1 shows the evolution of GDP, employment, GERD and

ERD in Spain from 2006 to 2014. While in 2006 and 2007 all in-

icators grew considerably, employment started to decline in 2008

nd did not recover positive rates of growth until 2014. The rest

f the indicators started their negative growth in 2009, and GERD

nd BERD still showed negative growth rates in 2014 . 5 The period

overed by our analysis is characterized by a hard economic crisis. 

The analysis of the relationship between innovation and em-

loyment in Spain has received some attention in recent years.

rigueros et al. (2014) analyze data from the Spanish Survey of

usiness Strategies (ESEE) for the period 1990–2008 and conclude

hat process innovation shows a larger positive employment effect

han product innovation, especially for SMEs. Bianchini and Pel-

egrino (2019) use the same database for a longer period (1991–

012) and find a positive effect of product innovation on em-

loyment but no evidence of an effect of process innovation.

arrison et al. (2014) use data from four European countries. Data

or Spain come from the Community Innovation Survey for the pe-

iod 1998–20 0 0. The results show a positive effect of product in-
5 In 2010, there was practically zero growth rate in GDP and GERD. 



144 G.A. Díaz, A. Barge-Gil and J. Heijs / Structural Change and Economic Dynamics 52 (2020) 141–158 

Fig. 1. Growth rates of some selected indicators of the Spanish economic and innovative evolution. 

Source: Source: Own elaboration based on data from INE and EUROSTAT. 
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6 The parameter captures all the non-observable changes of the productivity func- 

tion that are not related to technological change, for example, industrial organiza- 

tion, work problems and so on. 
novation and no effect of process innovation. Pizarro (2013) uses

data from the Spanish Panel of Technological Innovation for the

period 2004–2010. He finds a positive and similar effect of both

new-to-the- market and new-to-the-firm products and a negative

effect of process innovation. Finally, Calvino (2019) uses data from

the Spanish Panel of Technological Innovation (PITEC) for the pe-

riod 2004–2012. He focuses not only on the average but on the en-

tire distribution of employment growth. He concludes that product

innovation shows a positive effect on employment, especially for

fast-growing and shrinking firms. The results for process innova-

tion are, however, mixed. None of the previous studies distinguish

the effect of innovation on bad times, nor do they distinguish be-

tween types of workers. Shedding light on these issues would be

the main goal of this work. 

4. The dynamic output oriented model of innovation and 

employment 

The adopted framework is based on the model by

Harrison et al. (2014) . In their magisterial article, the authors

proposed a new vision for analyzing the relationship between in-

novation and employment using innovation surveys. In the model,

it is assumed that a firm can produce old and new products. We

identify those firms with i = 1 (old) and i = 2 (new). Two periods

of time, t = 1 and t = 2, are established (a firm can introduce new

products between). In the first period, all the products are old

( Y 11 ). However, in the second period, firms can produce either new

( Y 22 ) or old ( Y 12 ) products if the firm has not introduced any new

products between the two years ( Harrison et al., 2014 ). 

It is assumed that capital (K), labor (L) and intermediate inputs

(M) present constant return to scale in the production of technol-

ogy. Also, the production function can be divided into two sep-

arable equations with different technological productivity (Hicks-

neutral parameter ( �) . 

 it = θit F ( K it , L it , M it ) e 
η+ ω it (1)

Furthermore, η is a fixed effect that captures the idiosyncrasy

of the firm. The last parameter represents all the factors –non-

observables– that make a firm more productive than the average
rms using the same technology (in this case �). ω represents

nanticipated productivity shocks 6 ( E( ω it ) = 0) . 

According to Harrison et al. (2008) , firms invest in research and

evelopment in order to generate product and process innovation.

his is the reason why a firm can influence the efficiency of pro-

uction of both old and new products. The main interest of the

odel is to compute the change in the efficiency of producing old

roducts θ12 / θ11 , and also the relative efficiency of producing old

nd new products θ22 / θ11 . 

In order to calculate the employment equation, it is assumed

hat the decisions of inputs (employment, capital and intermediate

nputs) are made to minimize cost, taking into account individual

roductivity effects η and productivity shocks ω. Given the tech-

ology, the cost function takes the form: 

 ( w it , Y it , θit ) = c ( w it ) 
Y it 

θit e η+ ω it + F i (2)

here c(w ) 

θit e 
η+ ω it is the marginal cost which is in function of the price

, and F is the fixed cost. Applying Shephard’s lemma, the labor

emand equation can be expressed for old products as 

 1 t = c wL ( w 1 t ) 
Y 1 t 

θ1 t e η+ ω 1 t (3)

In the same way, the labor equation of new products is: 

 22 = c wL ( w 22 ) 
Y 22 

θ22 e η+ ω 22 
(4)

The expression c wL (.) represents the derivative of c (.) with re-

pect to the wage. It is supposed that the price of inputs is con-

tant in all the years c wL ( w 11 ) = c wL ( w 12 ) = c wL ( w 22 ) . Decompos-

ng employment growth into two years t = 1 and t = 2: 

�L 

L 
= 

L 12 + L 22 − L 11 

L 11 

= 

L 12 − L 11 

L 11 

+ 

L 22 

L 11 

� ln 

L 12 

L 11 

+ 

L 22 

L 11 

(5)

In theory, the growth rate of new products is defined as L 22 / L 11 .

eplacing Eqs. (3) and (4) in (5) , and applying logarithms: 

�L 

L 
∼= 

−( ln θ12 − ln θ11 ) + ( ln Y 12 − ln Y 11 ) + 

θ11 

θ

Y 22 

Y 
− ( ω 12 − ω 11 ) 
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Table 2 

Empirical evidence related to micro level studies: the effect of innovation on manufacturing employment (European countries). 

Study Sample Period Country Process Innovation Only Sales growth due to new products Const 

Harrison et al. (2014) Complete sample 1998–2000 France −1.31 0.98 ∗ −3.52 ∗

1998–2000 Germany −6.19 ∗ 1.01 ∗ −6.95 ∗

1998–2000 Spain 2.46 1.02 ∗ −6.11 ∗

1998–2000 United Kingdom −3.51 ∗ 0.99 ∗ −6.30 ∗

Pizarro (2013) 2004–2010 Spain −3.73 ∗ 0.90 ∗ −5.44 ∗

Hall et al. (2008) 1995–2003 Italy −1.22 ∗ 0.95 ∗ −2.80 ∗

Dachs et al. (2016) High-tech 1998–2010 EU −1.026 0.99 ∗ −22.33 ∗

Dachs et al. (2016) Low-tech 1998–2010 EU −1.179 ∗ 0.98 ∗ −21.03 ∗

∗ p -value < 0.05. 

 

o  

o  

t  

t  

a  

d  

f

l  

w  

(  

g  

d  

s  

o  

o  

fi  

i  

i  

t  

u  

o  

f

l  

 

fi  

c  

H  

p  

fi  

t  

o

5

 

s  

r  

i  

t

 

n  

t  

3

t

A

m

(  

t  

m  

c  

t  

h  

n  

i  

t  

0  

T  

t  

t

 

f  

b  

t  

p  

t  

n  

t  

a  

t  

a  

p  

c  

s  

f  

l  

o  

s  

s  

t  

t  

L

6

f

6

 

2  

10 We eliminate the “constant” column because the majority of the studies on 

Latin America countries applied dummy variables to control for time and/or sectors. 
(6) 

According to Harrison et al. (2008) , Eq. (4) describes the growth

f employment in four terms: firstly, the change on efficiency of

ld products in the production process −( ln θ12 − ln θ11 ; secondly,

he rate of change of the demand of old products ( ln Y 12 − ln Y 11 ) ;

hirdly, the increase of production related to new products 
θ11 
θ22 

Y 22 
Y 11 

. ;

nd finally, the impacts of non-technological perturbation of pro-

uctivity −( ω 12 − ω 11 ) . Eq. (6) can be represented in the following

orm: 

 = α0 + α1 d + y 1 + βy 2 + u (7)

here l stands for the employment growth rate over the period

between the year t = 1 and t = 2), y 1 and y 2 are the rates of output

rowth for old and for new products, and u is the unobserved ran-

om disturbance ( u = −( ω 12 − ω 11 ) + ξ ). The parameter α0 repre-

ents (minus) the average efficiency growth in production of the

ld product. The binary variable d picks up the additional effect

f process innovations related to old products by means of the ef-

ciency parameter α1 . Variable d is equal to one if the firm has

mplemented a process innovation not associated with a product

nnovation (process innovation only). Finally, the parameter β cap-

ures the relative efficiency of the production of old and new prod-

cts ( Harrison et al., 2014 ). As can be seen in Eq. (7) , the coefficient

f y 1 is equal to one. Therefore, this equation can be written as the

ollowing regression: 

 − y 1 = α0 + α1 d + βy 2 + u (8)

Eq. (8) is the function to estimate. It is expected that the ef-

ciency of new processes increases more for innovative firms be-

ause of spillovers and other factors. In other words, according to

arrison et al. (2008 , 2014 ) the ratio ( �21 / �22 ) determines the im-

act of product innovation on employment growth or relative ef-

ciency in producing old and new products. The ratio is less than

he unity if the new products are produced more efficiently than

ld products. 

. Previous results based on this model 

This section offers a short synthesis of the results obtained by

tudies that follow the model of Harrison et al. (2008 , 2014 ). The

esults of the studies on developed and developing countries differ

n a certain way and therefore they are presented in two different

ables ( Tables 2 and 3 ) . 8 

The studies for European countries ( Table 2 ) usually show a

egative effect of process innovation on employment, 9 a posi-

ive effect of product innovation with the coefficient around one
8 It is important to mention that the results which are captured in Tables 2 and 

 include for each study only one model, selecting the “best model” for the estima- 

ions with instrumental variables. For more detail about the rest of the studies, see 

ppendix Table 1a . 
9 The coefficient was negative for five of the eight models: in the other three 

odels, the coefficient was not significant. 

I

c

v

e

e

U

meaning that the production of new products is as efficient as

he production of old products) and a negative constant, which

eans that the efficiency in the production of old products in-

reases, thus leading to employment destruction without innova-

ion. The studies for Latin American countries ( Table 3 ) show very

eterogeneous results. For example, the coefficients of process in-

ovation vary broadly with values from −2.7 in Uruguay to 18.4

n Costa Rica ( Crespi and Tacsir, 2012 ). Regarding product innova-

ion, the effect is always positive, but the coefficient varies from

.549 in Benavente and Lauterbach (2008) to 1.75 in Crespi and

acsir (2012) . 10 This huge heterogeneity might be due to the fact

hat there are other crucial forces behind employment dynamics in

hese countries, such as trade, or the location of multinationals. 11 

In the case of Europe, only one study ( Dachs et al., 2016 ) of-

ers additional analysis based on two subsamples of firms: those

elonging to either low- or high-tech sectors. This study showed

hat process innovation has only a significant and negative im-

act on employment for low-tech sectors. The sales growth due

o new products is significant and close to one and the constant is

egative (significant) for both sectors. Four studies offer some es-

imation of the differences of the effect of innovation on skilled

nd unskilled workers in Latin America. However, no clear pic-

ure emerges. In the case of process innovation, the estimations

re rather imprecise. 12 In the case of sales growth due to new

roducts, the coefficients, except for one, are positive and statisti-

ally significant. The results might somehow reflect a bias to high-

killed workers because the values of the coefficients are greater

or high-skilled workers. All in all, these few studies do not al-

ow us to establish stylized facts regarding the differential effect

f technological change in different industries or in labor compo-

ition. Again, other crucial forces might be behind high- and low-

killed employment dynamics, such as specialization trends within

he globalizing economy, where a large number of low-skilled, rou-

inized jobs are relocated to low-income countries like those in

atin America. 

. Methodological framework of the application of the model 

or Spain 

.1. Data base and specification of the model 

In this section, we present the model of Harrison et al. (2008 ,

014 ). The firm-level panel data set is based on the Spanish Inno-
f a control dummy is introduced in the model, the interpretation of the constant 

hanges completely. To assure the same interpretation of the constant, the dummy 

ariables should have been introduced in a specific way so that their sum is zero. 
11 We thank one referee for highlighting this point. 
12 Despite having positive and large coefficients for high-skilled workers, these co- 

fficients are non-significant. On the other hand, the coefficient for unskilled work- 

rs is positive and very significant for Argentina, but negative and significant for 

ruguay 
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Table 3 

Empirical evidence related to micro level studies: the effect of innovation on manufacturing employment (Latin American countries). 

Study Sample Period Country Process Innovation Only Sales growth due to new products 

Crespi and Tacsir (2012) All sample 1998–2001 Argentina 1.398 1.17 ∗

Crespi and Tacsir (2012) 1995–2007 Chile 0.333 1.751 ∗

Crespi and Tacsir (2012) 2006–2007 Costa Rica 18.413 ∗ 1.015 ∗

Crespi and Tacsir (2012) 1998–2009 Uruguay −2.716 ∗ 0.961 ∗

de Elejalde et al. (2015) 1998–2001 Argentina 1.252 1.151 ∗

Aboal et al., 2015 ; 1998–2009 Uruguay -2.610 ∗ 0.964 ∗

Alvarez et al. (2011) 1995–2007 Chile 0.297 1.74 ∗

Benavente and Lauterbach (2008) 1998–2001 Chile 0.132 0.549 ∗

Fioravante and Maldonado (2008) 2001–2003 Brazil 0.0012 0.933 ∗

de Elejalde et al. (2015) High-tech 1998–2001 Argentina 3.767 1.143 ∗

Aboal et al. (2015) 1998–2009 Uruguay -2.721 ∗ 0.962 ∗

Alvarez et al. (2011) 1995–2007 Chile 0.028 1.734 ∗

de Elejalde et al. (2015) Low-tech 1998–2001 Argentina 0.323 1.145 ∗

Aboal et al. (2015) 1998–2009 Uruguay -2.498 0.877 ∗

Alvarez et al. (2011) 1995–2007 Chile −0.551 1.356 ∗

Crespi and Tacsir (2012) All sample_skilled 1998–2001 Argentina 3.048 1.308 ∗

Crespi and Tacsir (2012) 2006–2007 Costa Rica 2.448 1.126 ∗

Crespi and Tacsir (2012) 1998–2009 Uruguay 10.465 1.01 ∗

de Elejalde et al. (2015) 1998–2001 Argentina −1.125 0.963 ∗

Aboal et al. (2015) 1998–2009 Uruguay 2.379 1.087 ∗

Alvarez et al. (2011) 1995–2007 Chile 2.296 1.81 ∗

Crespi and Tacsir (2012) All sample_unskilled 1998–2001 Argentina 26.26 ∗ 1.02 ∗

Crespi and Tacsir (2012) 2006–2007 Costa Rica 2.379 1.087 ∗

Crespi and Tacsir (2012) 1998–2009 Uruguay −3.373 ∗ 0.929 ∗

de Elejalde et al. (2015) 1998–2001 Argentina 0.755 0.952 ∗

Aboal et al. (2015) 1998–2009 Uruguay -3.373 ∗ 0.929 ∗

Alvarez et al. (2011) 1995–2007 Chile −1.792 1.299 

de Elejalde et al. (2015) High-tech_skilled 1998–2001 Argentina 7.88 1.327 ∗

Aboal et al. (2015) 1998–2009 Uruguay 13.813 1.245 ∗

Alvarez et al. (2011) 1995–2007 Chile 3.983 1.906 

de Elejalde et al. (2015) High-tech_unskilled 1998–2001 Argentina 8.171 1.246 ∗

Aboal et al. (2015) 1998–2009 Uruguay −4.271 0.898 ∗

Alvarez et al. (2011) 1995–2007 Chile −5.288 0.696 

de Elejalde et al. (2015) Low-tech_skilled 1998–2001 Argentina 1.564 1.266 ∗

Aboal et al. (2015) 1998–2009 Uruguay -8.642 0.892 ∗

Alvarez et al. (2011) 1995–2007 Chile −1.776 1.581 

de Elejalde et al. (2015) Low-tech_unskilled 1998–2001 Argentina 0.523 1.143 ∗

Aboal et al. (2015) 1998–2009 Uruguay -6.127 0.968 ∗

Alvarez et al. (2011) 1995–2007 Chile 2.635 1.686 

∗ Means significant. 
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vation Survey –available on line 13 conducted by the Spanish Foun-

dation of Science and Technology and the National Statistics Insti-

tute. We use the data of the so-called “Panel of Technological In-

novation” (PITEC) for the time span of 2006–2014. Similar to the

model of Harrison et al. (2008) , we classify the firms into five cat-

egories: non-innovators, only process innovators, product innova-

tors, only product innovators, and a category that includes both

(product and process innovators). Additionally, the PITEC data al-

lows us to obtain the sales growth related to new and old prod-

ucts. Finally, the PITEC provides information on the percentage of

workers with a university degree, which allows us to analyze the

differential effect of innovation on workers with and without a de-

gree (high-skilled vs low-skilled). 

In order to interpret the results correctly, it should be high-

lighted that PITEC takes account of product and process innova-

tions developed during the three previous years. For this reason,

growth rates are estimated for a three-year period ( t –3). Another

important aspect is that, in order to have a more homogeneous

data set, the analysis is only applied to manufacturing firms. We

exclude service sector firms because the characteristics of innova-

tion 

14 are very different in this sector ( Cainelli et al., 2005 ). The

original model of Harrison et al. uses cross-section data, while in
13 https://icono.fecyt.es/pitec . 
14 For example, in such sectors, it is often difficult to distinguish clearly between 

process and product innovation. 

n  

a  

A

ur case, we work with panel data as other authors 15 did with

ther countries. 

Table 2a (in the appendix) describes the information of the

ample (all the statistics come from the PITEC). The number of in-

ovative firms represents more than 50% in the whole sample. It

s clear from the data that we are dealing with a period charac-

erized by an economic crisis: employment growth has been neg-

tive through all the three-year windows. This decrease is more

emarkable in non-innovators than in innovating firms. In terms

f sales, the average growth taking into account the whole sam-

le is −2.85%. In the first three periods (20 06–20 09, 20 07–2010

nd 2008–2011), sales have a negative growth rate. Afterwards,

he sales growth rate becomes positive. The sales growth rate

ue to old products (on average) has decreased 19.64% while the

ales growth rate due to new products (on average) has increased

4.62%. An important aspect is that the sales growth rates due to

ld products are always negative and they are smaller than sales

rowth rates due to new products. To summarize, Table 2a shows

hat employment growth is negative, but it is higher for innovative

rms than for non-innovative firms. Even so, this effect is more in-

ense in firms with product innovations than in firms with process

nnovations. Another important aspect is related to the sales of in-

ovative firms. In the case of the demand for old products, they

lways decrease. However, the demand for new products increases.
15 Hall et al. (2008) , Crespi and Tacsir (2012) , de Elejalde et al. (2015) , 

boal et al. (2015) , Alvarez et al. (2011) . 

https://icono.fecyt.es/pitec
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18 The regression with fixed effects with instrumental variables looks too demand- 

ing for the data at hand, especially when estimating the effect of only process inno- 

vation (standard errors more than doubled compared with fixed effects estimation 

or IV estimation). This situation happens in all the estimations when fixed effects 

are used. For this reason, we are going to omit the results of fixed effects with 

instrumental variables for the next estimations. 
19 Like Dachs and Peters (2014) , Harrison et al. (2008 , 2014 ), Peters et al. (2017) . 

Moreover, for this paper, some other instruments were tested, like quality of good s 

and services as an objective and innovation effort (research and development ex- 

penditure over sales), but they did not satisfy the assumptions (exclusion and in- 

clusion restrictions), especially the Sargan Test. 
20 As did Dachs et al. (2016 ), Elejalde et al. (2015 ), Aboal et al. (2015 ), Alvarez et al. 

(2011 ). 
21 There is a difference between their instrument and ours. We took only the ex- 

treme values of the variable. To do it more clearly, we constructed a variable which 
.2. Specification of the model: instrumental variables 

As we stated before, this article is based on the Harrison et al.

odel. It is important to mention that the original work uses cross

ection data. In our case, we are going to work with panel data

because of the PITEC) as other authors did with other countries

 Hall et al., 2008 ; Crespi and Tacsir, 2012 ; de Elejalde et al., 2015 ;

boal et al., 2015 ; Alvarez et al., 2011 ). However, our model has to

ace specification problems, as does Harrison’s. 

Firstly, we do not directly have either y 1 or y 2 . In the latter,

e observe only the increase of sales. This variable may include

he effect of different prices for both new and old products. In the

ormer, we only have the nominal growth of old products. As we

an see, both problems are related to unavailability of firm prices.

o solve this problem, we will use the prices at the industrial level

 π ) to deflate the growth of sales due to old products (substitute

 1 for y 1 ). Furthermore, we will substitute g 2 for y 2 because we

bserve sales growth due to new products ( Harrison et al., 2014 ).

aking into account these changes, we obtain Eq. (9) : 

 − g 1 − π = α0 + α1 d + βg 2 + ε i (9)

Eq. (9) still has several issues to be addressed. In the first place,

is biased because there is a problem of measure (error in vari-

bles) in g 2 . This variable also included unanticipated shocks. Both

roblems mentioned earlier would create an endogeneity problem.

o avoid this, we will seek instruments correlated with y 2 , but not

orrelated with ɛ i when we substitute g 2 for y 2 . 

Moreover, there is another problem related to g 1 . If there is

 divergence between the prices of the firm and the industry, it

ould cause an identification problem. In other words, we would

nderestimate the displacement effect of process innovation. We

ollow Harrison et al. (2014) assuming that in the absence of firm-

evel price information, we can only identify an effect of process

nnovation on employment net of (direct) compensating firm-level

rice variation. 16 

The solution to the problem is to apply the methodology of in-

trumental variables. Harrison et al. (2014) recommend some vari-

bles to be used as instruments. Their preferred instrument is

ncreased range of products, although they check robustness by

rying other instruments, such as an increased market share, im-

roved quality of products, clients as a source of information and

thers. 17 

There are two main theoretical reasons to support the use of

ncreased range of products as an instrument. First, the degree by

hich product innovation is aimed to increase the range of prod-

cts is likely to be correlated with planning (R&D, design, and mar-

eting exploration) and the expectations of sales. Second, enlarging

he range of products does not imply any particular direction of

he changes in prices (increased market share is likely to be corre-

ated with lower prices and improved quality with possibly higher

rices). It also seems unlikely that the range of products is corre-

ated with unanticipated productivity shocks ( Harrison et al., 2014 ).

Also, the instruments must satisfy the inclusion and exclusion

estrictions. The first refers to the relation between the endoge-

ous variable and the instrument, which has to be significant

 cov ( z i , g 2 ) � = 0) . The second postulate is associated with the rela-

ion of the instrument and the residual of the structural equation,

hich has to be zero ( cov ( z i , ε i ) = 0) . This means that there is no

nformation in the instrument that would explain the structural

quation. 
16 For more information about these problems, see Harrison et al. (2008 ; 2014 ) . 
17 To see more details, see the table of instrumental variables in the empirical 

tudies. 

t

v

w

n

p

. The empirical results for Spain 

In this section, we present the results for the Spanish case, ap-

lying the following different methodologies in order to obtain ro-

ust estimations: ordinary least squares with panel data (OL S), OL S

ith instrumental variables (OLSIV), panel data models of fixed ef-

ects (FE) and random effects (RE) , 18 and RE with instrumental

ariables (REIV). The instruments that are applied in our model are

he importance of the increased range of goods and services as an

bjective and the importance of clients as a source of information.

he first of these instruments was used by all the studies that ap-

lied the model of Harrison et al. (2008 , 2014 ), while the second

ne was used less frequently. 19 

We will carry out three different analyses. First, we are going to

eplicate the original work of Harrison et al. (2014) but using panel

ata for Spain in a period affected by the crisis (2006 to 2014). Sec-

nd, we will estimate the effect of innovation on different types of

orkers (separating high- and low-skilled employment). Using the

ariable that reflects the “percentage of paid staff with higher edu-

ation,” we calculate the number of high- and low-skilled workers

or each firm. They are used as dependent variables to estimate the

ffect of innovation on the employment dynamics of each type of

orker. Third, we estimate the models earlier mentioned by sec-

ors based on the R&D intensity of their firms. 20 We estimated ad-

itional models for four subsamples: high-tech, medium high-tech,

edium low-tech, and low-tech, following the classification of the

ECD. 

.1. Global effect of innovation on employment 

The results of the estimations of Eq. (9) are presented in

able 4 . The endogenous variable is the employment growth rate

 l ) minus the sales growth rate due to old products ( g 1 ) and in-

ation ( π ) ( l − g 1 − π ). The independent variables are only pro-

ess innovation ( d ) and sales growth rate due to new products

 g 2 ). All the estimations include time and industry dummies. As in

arrison et al. (2014) , the coefficients of time and sector dummies

ere restricted to add up to zero to maintain the interpretation of

he constant term. 

We present the estimations of OLS, FE and RE, although they

uffer from measurement errors and include unanticipated shocks

hich might likely result in biased results. For this reason, we fo-

us our discussion on the results of the estimations that include

nstrumental variables. 21 The results of the IV estimations 22 (iv a 

nd reiv a ) are in columns 2 and 6. 

A first result is that the parameter of “only process innovation”

d) for both models (iv a and reiv a ) has a negative sign ( −0.0540
akes only two values (1 or 4). If the value of the variable is 1, it is put in the new 

ariable 1, but if the instrument is 4, the new variable is 0. 
22 In the case of IV estimations, the test of endogeneity is shown for all of them 

hose null hypothesis is exogeneity of the variable. In the case of our models, the 

ull hypothesis is rejected, so it is possible to say that sales growth due to new 

roducts is an endogenous variable, as we assumed theoretically. 
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Table 4 

The effects of innovation on employment of manufacturing ( t –3) c . 

Dependent variable: l-g1- π

Variables ols(1) iv a (2) iv b (3) fe(4) re(5) reiv a (6) reiv a (7) 

d −0.0742 ∗∗∗ −0.0540 ∗∗∗ −0.0556 ∗∗∗ −0.0552 ∗∗∗ −0.0668 ∗∗∗ −0.0440 ∗∗∗ −0.0441 ∗∗∗

[0.00662] [0.00956] [0.00900] [0.0105] [0.00836] [0.0124] [0.0115] 

g2 0.803 ∗∗∗ 0.888 ∗∗∗ 0.881 ∗∗∗ 0.780 ∗∗∗ 0.793 ∗∗∗ 0.895 ∗∗∗ 0.895 ∗∗∗

[0.00817] [0.0285] [0.0255] [0.0139] [0.0109] [0.0391] [0.0335] 

cons 0.0847 ∗∗∗ 0.0686 ∗∗∗ 0.0673 ∗∗∗ 0.0824 ∗∗∗ 0.0872 ∗∗∗ 0.0639 ∗∗∗ 0.0599 ∗∗∗

[0.00295] [0.00723] [0.00655] [0.00365] [0.00396] [0.00961] [0.00849] 

Tests of endogeneity 9.20 10.18 −3.090 −3.47 

p -value 0.002 0.001 0.002 0.001 

Test of Sargan 0.020 0.999 0.276 0.641 

p -value 0.888 0.802 0.599 0.887 

First-Stage 615.0 418.2 402.84 589.87 

p -value 0.000 0.000 0.000 0.000 

H0: g2 = 1 580.7 15.50 21.86 251.2 360.1 7.263 9.919 

p -value 0.0000 0.0001 0.0000 0.0000 0.0000 0.00704 0.00164 

N 27,805 27,805 27,805 27,805 27,805 27,805 27,805 

R-sq 0.412 0.409 0.409 0.341 

Standard errors in brackets ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. 

d Process innovation only. 

g2 Sales growth due to new products. 
a Instrument used is increased range. 
b Instruments used are increased range and clients as a source of information. 
c We have performed a robustness check , analyzing only firms that stay in the panel for the whole period. The results of the 

estimations are very similar for all the models (general employment, high- and low-skilled employment). 
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and −0.0440 respectively). This means an additional increase in

productivity of old products, which generates an additional reduc-

tion on employment, in line with the results of previous studies.

In our estimation (iv a and reiv a ), the sign of g 2 –which measures

the employment effect of product innovation– is positive in both

models and offers very similar significant values smaller than one.

As in Harrison et al. (2014) , the magnitude of this coefficient is

higher with IV estimations than with OLS or RE estimations. This is

consistent with the expected correction of the downward bias re-

lated to the error-in-variable problem and includes an adjustment

for unanticipated shocks. 

In the structural model, the coefficient of g 2 reflects the ratio

between the efficiency of the production of old and new products.

If this coefficient –the sales growth rate due to new products–

is less than one, it means that the efficiency of the production

of new products is greater than the old ones. Our general model

shows values below one (for iv a 0.888, and for reiv a 0.895). In fact,

when we apply an F-test for both models, the null hypothesis is

rejected. 23 Therefore, there is evidence to state that new products

are produced more efficiently than old ones. 

Third, the constant term for both models (iv a and reiv a ) is pos-

itive and has similar statistically significant values. This implies,

within the theoretical and conceptual framework of the model,

that the model detects a loss of efficiency of the production of old

products. This decrease of productivity means that –ceteris paribus –

the production process is more labor-intensive, requiring more em-

ployees. Most studies obtained, as expected by the theory, a nega-

tive coefficient for the constant term, indicating continuous pro-

ductivity growth. The results obtained in this study seem to be

specific to recession periods ( Peters et al., 2017 ). Those authors

explained this unexpected result by the existence of so-called ‘la-

bor hoarding’. This concept means that in recession periods firms

might reduce their staff by less than the number required by the

reduction of demand ( Bhaumik, 2011 ) with the aim of retaining

workers for the following expansion period, because this may be a

better choice than firing, hiring and training new workers after the

recession has subsided ( Biddle, 2014 ). In other words, labor hoard-
23 The coefficient is less than one because the null hypothesis of the F-test is re- 

jected, saying that g2 is equal to one. 

r  

e

ng is understood as the holding of workers that are not necessary

or production during the recession period ( Horning, 1994 ). 

In order to provide some additional statistical evidence for the

onsistency and robustness of our results, we add a second instru-

ent to our estimations: importance of clients as a source of in-

ormation. 24 The estimations are in Table 4 , in columns 3 and 7

iv b and reiv b ). The results are practically the same as those de-

cribed previously with only one instrument (increased range). Re-

arding the exclusion restriction, the Sargan test reflects the va-

idity of the instruments, and the inclusion restriction satisfies the

equirements of the specifications. 

To summarize, the effect of process innovation on employment

s negative and the effect of sales growth due to new products is

ositive, with the magnitude of these two effects much in line with

revious studies for Europe. The constant terms suggest the exis-

ence of labor hoarding during the period analyzed. 

.2. Effect of innovation on employment by skill level 

In the previous section, we show that the results of the Harri-

on et al. model using Spanish data agree with those obtained by

revious literature. In what follows, we will address the main goal

f this work: to analyze the effect of innovation on low-skilled and

igh-skilled workforces. As we mentioned before, we have at our

isposal a variable that allows us to divide the total employment

nto two categories, high-skilled and low-skilled. We modify Harri-

on et al. model to obtain Eqs. (10) and ( 11 ). 

 

hs − g 1 − π = α0 + α1 d + βg 2 + ε hs 
i (10)

 

ls − g 1 − π = α0 + α1 d + βg 2 + ε ls i (11)

here l hs is the high-skilled employment growth rate and l ls is the

ow-skilled employment growth. That is, we do not analyze the

volution of the ratio of workers that pertain to a specific skill level

which is dependent on the evolution of the specific type of em-

loyment but also on the general evolution of employment), but

ather the growth rates of the absolute number of high-skilled and
24 The way to calculate this instrument is the same as increased range (taking only 

xtreme values). 
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Table 5 

The effects of innovation on high-skilled employment of manufacturing ( t –3). 

Dependent variable: l-g1- π

Variables ols(1) iv a (2) iv b (3) fe(4) re(5) reiv a (6) reiv a (7) 

d −0.0658 ∗∗∗ −0.00373 −0.0207 −0.0561 ∗ −0.0617 ∗∗ 0.016 −0.00704 

[0.0172] [0.0269] [0.0250] [0.0256] [0.0195] [0.0318] [0.0291] 

g2 0.846 ∗∗∗ 1.092 ∗∗∗ 1.024 ∗∗∗ 0.801 ∗∗∗ 0.831 ∗∗∗ 1.151 ∗∗∗ 1.056 ∗∗∗

[0.0187] [0.0841] [0.0740] [0.0273] [0.0217] [0.106] [0.0909] 

cons 0.207 ∗∗∗ 0.150 ∗∗∗ 0.164 ∗∗∗ 0.207 ∗∗∗ 0.190 ∗∗∗ 0.117 ∗∗∗ 0.135 ∗∗∗

[0.00744] [0.0215] [0.0192] [0.00784] [0.00897] [0.0268] [0.0234] 

Tests of endogeneity 8.834 6.044 −3.120 3.630 

p -value 0.003 0.014 0.002 0.000 

Test of Sargan 0.120 3.719 0.141 3.676 

p -value 0.728 0.293 0.708 0.299 

First-Stage 409.491 276.208 296.730 441.150 

p -value 0.000 0.000 0.000 0.000 

H0: g2 = 1 67.79 1.190 0.108 53.12 60.94 2.031 0.384 

p -value 0.0000 0.275 0.742 0.0000 0.0000 0.154 0.535 

N 23,093 23,093 23,093 23,093 23,093 23,093 23,093 

R-sq 0.122 0.113 0.117 0.096 

Standard errors in brackets ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. 

d Process innovation only. 

g2 Sales growth due to new products. 
a Instrument used is increased range. 
b Instruments used are increased range and clients as a source of information. 

Table 6 

The effects of innovation on low-skilled employment of manufacturing ( t –3). 

Dependent variable: l-g1- π

Variables ols vi a vi b fe re reiv a reiv b 

d −0.0729 ∗∗∗ −0.0658 ∗∗∗ −0.0619 ∗∗∗ −0.0597 ∗∗∗ −0.0682 ∗∗∗ −0.0613 ∗∗∗ −0.0532 ∗∗∗

[0.00798] [0.0116] [0.0110] [0.0123] [0.00981] [0.0148] [0.0122] 

g2 0.828 ∗∗∗ 0.858 ∗∗∗ 0.874 ∗∗∗ 0.791 ∗∗∗ 0.813 ∗∗∗ 0.847 ∗∗∗ 0.882 ∗∗∗

[0.00998] [0.0360] [0.0321] [0.0165] [0.0128] [0.0480] [0.0386] 

cons 0.0815 ∗∗∗ 0.0759 ∗∗∗ 0.0683 ∗∗∗ 0.0819 ∗∗∗ 0.0850 ∗∗∗ 0.0741 ∗∗∗ 0.0614 ∗∗∗

[0.00362] [0.00897] [0.00808] [0.00430] [0.00471] [0.0117] [0.00954] 

Tests of endogeneity 0.727 0.929 −3.170 −3.630 

p -value 0.394 0.818 0.002 0.000 

Test of Sargan 0.009 0.929 0.027 2.310 

p -value 0.923 0.818 0.870 0.511 

First-Stage 602.473 409.129 396.570 581.560 

p -value 0.000 0.000 0.000 0.000 

H0: g2 = 1 296 15.46 15.31 161.4 211.5 10.14 9.293 

p -value 0.000 0.000 0.000 0.000 0.000 0.001 0.002 

N 27,603 27,603 27,603 27,603 27,603 27,603 27,603 

R-sq 0.331 0.331 0.33 0.265 

Standard errors in brackets ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. 

d Process innovation only. 

g2 Sales growth due to new products. 
a Instrument used is increased range. 
b Instruments used are increased range and clients as a source of information. 
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ow-skilled workers. As with the previous results for general em-

loyment, these estimations contain variables that control the dif-

erence between sectors and time (using dummy variables for each

f these). Also, we estimate the model for high- and low-skilled

ith diverse methodologies (OLS, OLSIV, FE, RE, REIV). 

Tables 5 and 6 show the results of the effect of innovation on

abor composition (high- and low- skilled workers). We focus the

iscussion on our preferred specifications from columns 6 and 7,

here both random effects and instrumental variables are used.

n the case of process innovation, a negative effect is found for

ow-skilled employment, which means a labor-saving effect for this

ind of worker. By contrast, no effect of process innovation on

igh-skilled employment is found. That is, the displacement effect

f process innovation exists for low-skilled workers only. 

The effect of sales growth due to new products is positive and

ignificant for the employment growth for high- and low-skilled

orkers. It is important to mention that new products are less ef-
cient in high-skilled than in low-skilled workers because the es-

imated coefficients are lower for low-skilled than for high-skilled

mployment. It means that there is no evidence found of labor dis-

lacement of product innovation for high-skilled workers. In the

ase of low-skilled workers, this coefficient is less than one, so the

fficiency production of new products is higher than old ones, re-

ulting in less labor demand for low-skilled workers (see the F-test

or all the estimations). In other words, new products are relatively

ore demanding of high-skilled workers and less demanding of

ow-skilled workers. 

The constant is significant and positive for both high- and

ow-skilled workers. However, the effect is greater for high-skilled

orkers than for low-skilled workers. It means that there is a

tronger labor hoarding effect for high-skilled employment than

or low-skilled employment during the period analyzed. In fact,

inne and Zimmermann (2012) highlight that in German labor

oarding, it is especially important for high-skilled workers, as
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Table 7 

The effects of innovation on general, high-, and low-skilled employment of manufacturing (Yt–3) by sectors. 

Dependent variable: l-g1- π Total employment High-skilled workers Low-skilled workers 

Sector Variables reiv b (1) reiv b (2) reiv b (3) 

High-tech d −0.0201 0.18 −0.0795 

[0.0708] [0.134] [0.0977] 

g2 0.931 ∗∗∗ 1.396 ∗∗∗ 0.786 ∗∗

[0.191] [0.364] [0.270] 

cons −0.0222 −0.0971 0.0789 

[0.0654] [0.128] [0.0950] 

H0: g2 = 1 0.130 1.187 0.631 

P-value 0.718 0.276 0.427 

HighM-tech d −0.038 0.029 −0.0698 ∗

[0.0224] [0.0535] [0.0278] 

g2 0.907 ∗∗∗ 1.092 ∗∗∗ 0.870 ∗∗∗

[0.0540] [0.139] [0.0691] 

cons 0.0599 ∗∗∗ 0.140 ∗∗∗ 0.0698 ∗∗∗

[0.0160] [0.0411] [0.0200] 

H0: g2 = 1 2.979 0.437 3.532 

P-value 0.0843 0.509 0.0602 

LowM-tech d −0.0527 ∗∗ −0.0181 −0.0409 

[0.0197] [0.0544] [0.0224] 

g2 0.881 ∗∗∗ 1.149 ∗∗∗ 0.929 ∗∗∗

[0.0597] [0.197] [0.0700] 

cons 0.0701 ∗∗∗ 0.149 ∗∗∗ 0.0564 ∗∗∗

[0.0143] [0.0435] [0.0162] 

H0: g2 = 1 3.940 0.572 1.023 

P-value 0.0471 0.450 0.312 

Low-tech d −0.0448 ∗ −0.0523 −0.0452 ∗

[0.0184] [0.0485] [0.0214] 

g2 0.892 ∗∗∗ 0.906 ∗∗∗ 0.878 ∗∗∗

[0.0584] [0.160] [0.0701] 

cons 0.0594 ∗∗∗ 0.144 ∗∗∗ 0.0589 ∗∗∗

[0.0136] [0.0394] [0.0161] 

H0: g2 = 1 3.447 0.341 3.033 

P-value 0.0633 0.559 0.0816 

Standard errors in brackets ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. 

d Process innovation only. 

g2 Sales growth due to new products. 
b Instruments used are increased range and clients as a source of information. 
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firms are afraid of a future shortage of skilled workers in the in-

dustries and regions most affected by the crisis. 25 

To sum up, we find that process innovation destroys low-skilled

employment but has no effect on high-skilled employment, while

product innovation increases both types of employment, but it is

relatively more demanding of high-skilled workers. Finally, a labor

hoarding effect is found for both types of workers, but this effect

is larger for high-skilled workers. 

7.3. Analysis by subsamples based on the R&D intensity of the sectors

Once we have assessed the impact of innovation (product

and process innovation) on employment (general, high-skilled

and low-skilled employment), it is important to know whether

there is a differential effect at the sector level, the same as

Dachs et al. (2016) (although the classification is different). As we

mentioned earlier, the sample was divided into four categories,

high-tech, medium high-tech, medium low-tech, and low-tech sec-

tors (it is made based on the OCDE classification) . 26 To save space

in Table 7 , the results are reported only for instrumental variable

estimations with random effects (increased range and clients as a

source of information as instrumental variables 27 ). 
25 In addition, high-skilled workers are usually costlier to fire and require larger 

investments in specific training. 
26 In this section, we estimated interaction models in order to evaluate the hetero- 

geneity among sectors (see appendix Tables 3a , 4a , and 5a ). The results suggest no 

differences among sectors. Then, we estimated sector by sector to analyze the effect 

of innovation on employment growth for general, high- and low-skilled workers. 
27 In the appendix, the rest of the estimations are presented ( Tables 6a , 7a , and 

8a ). 

n  

d  

s

7

 

g  
For process innovation, no effect is found for high-skilled work-

rs in any sector. It suggests that there is no evidence of la-

or displacement due to process innovation for high-skilled em-

loyment even in low-tech sectors. On the other hand, for low-

killed employment, a displacement effect of process innovation

s found in all sectors, except in the high-tech sector. Similar re-

ults are achieved for the general model with the exception that

or medium low-tech a non-significant effect is found. 

A positive and significant effect is found for sales growth due

o new products for all sectors. The coefficient is bigger for high-

killed than for low-skilled in every industry, with the difference

eing much higher in high-tech industries. Also, its value is more

han one for high-skilled employment, meaning that new products

o increase demand for high-skilled workers. In the general case,

he value of sales growth due to new products is one (see F-test).

here is no evidence that new products are produced more effi-

iently than the old ones at the sector level. 

In the case of the constant, a positive (significant sign) is usu-

lly found, with values higher for high-skilled than for low-skilled

orkers. The only exception is for the high-tech industry, where

oth coefficients are not statistically different from zero. To sum

p, these results show that the general relationships between in-

ovation and different types of workers hold across industries. The

ifferential effect of product innovation between high- and low-

killed workers is remarkably larger in high-tech industries. 

.4. Employment growth decomposition 

Estimating Eq. (9) , it is possible to decompose employment

rowth into several components ( Harrison et al., 2014 ) using
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Table 8 

Unweighted averages. 

All sample High-skilled Low-skilled 

Firm’s employment growth −6.03 8.09 −6.28 

Productivity trend in production of old products 0.06 0.14 0.06 

Gross effect of process innovation on old products −0.04 −0.01 −0.05 

Sales growth in old products for non- product innovators −12.62 −12.62 −12.62 

Non-innovators −16.07 −16.07 −16.07 

Process innovators only −4.86 −4.86 −4.86 

Net sales growth of product innovators (new prods.-subs.) −10.75 −7.39 −11.02 

Sales growth due to old products −29.42 −29.42 −29.42 

Sales growth due to new products 18.67 22.03 18.40 

Based on descriptives of Table 7 and regression IV (only with increased range as instrument). 

The period of all-sample is from 2007 to 2014. For high- and low-skilled, it is from 2009 to 2014. 

Table 9 

Contribution to average growth of employment. 

All-sample High-skilled Low-skilled 

Firms’ employment growth −6.03 8.09 −6.28 

Due to productivity trend in production of old products trend 5.59 17.93 5.48 

Due to gross effect of process innovation on old products −0.0065 −0.0010 −0.0078 

Due to sales growth in old products for non-product innovators −5.95 −5.95 −5.95 

Due to non-innovators −5.23 −5.23 −5.23 

Due to process innovators only −0.72 −0.72 −0.72 

Due to net sales growth of product innovators (new prods-subs.) −5.67 −3.90 −5.81 

Due to sales growth due to old products −15.51 −15.51 −15.51 

Due to sales growth due to new products 9.84 11.61 9.70 

Based on descriptive of Table 7 and regression IV (only with increased range as instrument). 

The period of all- sample is from 2007 to 2014. For high- and low-skilled, it is from 2009 to 2014. 
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q. (10) : 

 = 

∑ 

j 

( ̂  α0 + ˆ α0 j ) in d ji + ˆ α1 d + [ 1 − 1 ( g 2 > 0 ) ] ( g 1 − π) 

+ 1 ( g 2 > 0 ) 

(
g 1 − π + 

ˆ βg 2 

)
+ ˆ ε i (10) 

The first element computes the change of employment due

o (industry specific) productivity trends in the production of

ld products 
∑ 

j 

( ̂  α0 + ˆ α0 j ) in d ji . The second element ˆ α1 d estimates

he gross effect of process innovation on the growth of em-

loyment in the production of old products for firms innovating

nly in process). The third element [ 1 − 1( g 2 > 0 ) ]( g 1 − π) cap-

ures the employment changes related to sales growth due to

ld products if a firm has not introduced any product innova-

ion (non-innovator or process innovator only). The fourth element

( g 2 > 0 )( g 1 − π + 

ˆ βg 2 ) + ˆ ε i gives information about the employ-

ent growth associated with the net sales of new products (if a

rm has introduced a new one). ˆ ε i is a zero-mean residual. Tak-

ng into account Eq. (10) , it is possible to discuss how the different

ffects contribute to the average employment growth in Eq. (11) : 

 = t + ˆ α1 P PO + P NI g NI + P I g I (11)

The average employment growth is l . The weight average of

he indsustrial specific trends is t . The sample proportions are P PO 

f process innovator only, P NI of non-product innovator and P I of

roduct innovator. g NI is the average of rate of non-product inno-

ator 29 and g I is the average of rate of product innovator. 30 

In Table 8 , the statistics related to Eq. (10) are presented. In

his case, it is calculated for general, high- and low-skilled sam-

les. Firstly, it is possible to see that the productivity trend has im-
29 g NI = 

1 
N NI 

∑ 

i ∈ NI 

g 1 i . 

30 g I = 

1 
N I 

∑ 

i ∈ I 
( g 1 i + 

ˆ βg 2 i ) . 

s  

q  

i  

c

roved a little for all the samples (the impact is small; it is not big-

er than 0.15). These results mean that during the period- analyzed,

here has not been a big improvement in efficiency because pro-

uctivity growth has been low in Spain. The gross effect of process

nnovation in old products has an additional negative impact on

mployment ( −0.04), mainly for low-skilled workers ( −0.05) and

lmost null for high-skilled workers. Negative sales growth of old

roducts for non-product innovators due to less demand during

he crises results in additional employment losses. 

Another important aspect that can be checked is the

rice- compensation effect. The condition is that the sales growth

f non-innovators is smaller than the sales growth of process inno-

ation only. In this case, although the sales growth is negative for

on-product innovators (for all the samples), there is a price com-

ensation mechanism because the sales increase of process innova-

ors only (still negative in high- and low-skilled) is higher than the

ales increase of non-innovators. Finally, product innovators also

uffered from negative sales growth but to a lesser extent because

f the increase of sales due to new products. 

Table 9 shows the components in terms of contribution to av-

rage growth of employment. The productivity trend in the pro-

uction of old products has a positive effect, especially for high-

killed workers. As we commented in the interpretation of the con-

tant, labor hoarding is detected when a recession period is pre-

ented, and this labor hoarding is especially important for high-

killed workers. These results differ from Harrison et al. (2014) , but

hey are similar to the findings of Dachs et al. (2016) when the

uthors analyzed the recession. Individual process innovations ac-

ount for only a small displacement effect (because there are few

rocess-only innovators), in line with previous studies. The (nega-

ive) sales growth of old products contributes to employment de-

truction while the effect of the sales growth of new products is

uite similar to those found in expansion periods by previous stud-

es, although it is not able to compensate the employment losses

aused by the decrease of old product sales. 
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All in all, there is a difference of 14.37 points in employment

growth between high- and low-skilled workers. 12.45 points are

explained by the different productivity trend, which is greater in

high-skilled than in low-skilled workers, and 1.91 points are ex-

plained by the different effect of new product sales on employ-

ment. These results suggest that innovation explains approximately

13.3% of the different evolution between high- and low-skilled em-

ployment for manufacturing firms in Spain during the period of

economic turmoil. We do not know whether this result could be

different in an expansion period as we do not have data to analyze

it. 31 

8. Conclusions 

Our research sheds light on the effect of innovation on the

Spanish manufacturing case from 2006 to 2014. Our models fit

in the empirical literature based on the model of Harrison et al.

(2008 , 2014 ), but our study introduces some novelties in relation

to other studies for developed counties. First, our analysis covers

a period with huge employment losses. Second, the existing stud-

ies for developed countries do not distinguish between different

types of workers. We address this limitation by calculating individ-

ual models for the labor demand for high- and low-skilled workers.

The descriptive data of our sample shows that the negative

growth of employment during the crisis seemed to be less accentu-

ated in innovative firms than in non-innovative ones, and that this

positive effect of innovation is remarkably larger for high-skilled

than for low-skilled workers. It seems that the crisis affected un-

skilled employment more intensely, taking into account that, at

least in Spain, the total number of employees with a university de-

gree remained more or less stable during this period. 32 The main

results of the estimations confirm the conclusions of earlier stud-

ies, suggesting a positive general effect of innovation on the to-

tal employment of firms, even in a period of economic crisis. In

addition, a labor hoarding effect is found for both types of work-

ers, but this effect is larger for high-skilled workers, an atypical

effect that seems to appear at the time of the crisis, as mentioned

by Peters et al. (2017) . Moreover, the models for the sector-based

subsamples reflect that this result holds across different industries

and the impact of product and process innovation is exacerbated

in high-tech industries. 

Process innovation seems to have a small effect on overall and

high- and low-skilled employment. For the correct interpretation

of the results, it should be stated, as discussed in section two, that

introduction of process innovation can have different contradictory

effects on mechanisms of compensation. On the one hand, it can

generate a loss of employment due to higher productivity but, at

the same time, if such lower costs result in lower prices, total de-

mand might increase, implying that the loss of employment would

be eased. 

Regarding the relationship between innovation and type of em-

ployment, our empirical data show that the product innovation

is largely responsible of the skill-biased effect of innovation. Al-

though product innovation positively affected both types of em-

ployment, the effect is much larger for high-skilled workers. It is

estimated that product innovations account for around 13% of the
31 Unfortunately , we are not able to perform such an analysis for 20 04–20 06. The 

reason is that the data for high- and low-skilled workers start in 2006. 
32 Anyhow, the debate on this subject that could limit the generalization of our 

study is the increasing percentage of people –and therefore workers– that have uni- 

versity studies. This fact might imply an increase of the percentage of workers with 

a university degree independent of the kind of job they carry out. In fact, some 

firms require a bachelor’s degree for jobs that in earlier times were done by work- 

ers with less education, especially if one compares the cohort of persons that are 

at the age of retirement with young people entering the labor market. 
ifferent evolution between high-skilled and low-skilled employ-

ent during the crisis, while the role of process innovation was

ery limited. We do not know whether this result is specific to a

eriod of economic turmoil. 

Observing the additional models for subsamples by sectors, it

an be stated that the effect of product innovation on high-skilled

mployment is larger in high-tech industries and lower in low-tech

ndustries (see also Peters et al., 2017 ). This would confirm the role

f structural change in explaining the skill bias in labor demand, as

entioned by Welch (1970) . 

One limitation of our study is that it is firm-level in scope.

owever, the overall effect of product and process innovations at

he industry level may be different because of the different com-

etitive and selection dynamics. In addition, the estimated effects

over a three-year period. That is, they are short-term effects. It

ould be that long-term effects are different. A third limitation

f our study is that the indicator used for high- and low-skilled

orkers in the Spanish innovation survey can distinguish only two

roups of employees based on their educational level, not on the

ind of job that they carry out. That is, no information is available

or the group with studies of an intermediate level, so it is impos-

ible to analyze the important potential issue of labor polarization

n very high- and very low-skilled workers accompanied by a re-

uction of medium-skilled workers ( Autor et al., 2006 ). A fourth

imitation is that we observe only a turmoil period, so we cannot

ompare the effect of product and process innovation on high- and

ow-skilled workers against an expansion period. Another limita-

ion is the lack of data on wages, so we cannot analyze the effect

f innovation on relative wages of high- and low- skilled workers.

hese are important topics for future research. 
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ox 1 . Definitions and creations of the variables 

Nominal increased rates for all the products: 

ˆ g ≡ ( current sal es ol d+ current sal es new ) −past sal es ol d 
past sal es ol d 

Proportion of sales of new products: 

s ≡ current sales new 

current sal es ol d+ current sal es new 

Sales growth due to new products: 

g 2 ≡ current sales new 

past sal es ol d 
= s 

(
1 + ̂  g 

)
Nominal sales growth due to old products: 

̂ g 1 ≡ current sal es ol d−past sal es ol d 
past sal es ol d 

= ˆ g − g 2 

Real sales growth for all products: g ≡ ˆ g − π
Real sales growth due to old products: g 1 ≡ ̂ g 1 − π

https://doi.org/10.1016/j.strueco.2019.09.012
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Table 1a 

Empirical evidence related to level studies: The Effect of Innovation on Employment (European countries). 

Study Sample Country Const Process Innovation Only Sales growth due to new products 

Harrison et al. (2014) MSa France −3.520 −1.310 0.980 

MSb Germany −6.950 −6.190 1.010 

MSc Spain −6.110 2.460 1.020 

MSd United Kingdom −6.300 −3.510 0.990 

Peters et al. (2017) Ta EU −64.522 −2.283 0.966 

Tb EU 3.931 −0.698 0.96 

Tc EU −21.702 −2.08 0.98 

Td EU 2.973 −0.359 0.98 

Dachs et al. (2016) MSa EU −22.334 −1.026 0.999 

MSb EU −21.032 −1.179 0.977 

MSaa EU −53.55 −2.813 0.995 

MSab EU −9.65 1.522 0.964 

MSac EU −20.328 −1.408 1.021 

MSad EU −0.632 0.568 0.993 

MSba EU −69.29 −1.613 0.972 

MSbb EU −39.935 −0.573 0.97 

MSbc EU −14.044 −1.921 0.997 

MSbd EU 3.554 −0.634 0.955 

Dachs et al. (2016) MSa EU −14.062 −1.970 1.011 

MSb EU −14.020 −1.970 1.011 

MSc EU −14.015 −1.973 1.011 

Pizarro (2013) MSa Spain −0.660 −3,57 0.900 

MSb Spain −4.280 −6.570 0.920 

MSc Spain 9.210 −2.610 0.950 

MSd Spain 11.610 −0.640 0.900 

MSe Spain −5.440 −3.730 0.900 

Leitner et al. (2011) MS EU 2.397 0.621 

Hall et al. (2008) MSa Italy −2.8 −1.22 0.95 

MSb Italy −2.98 −1.84 0.96 

MSc Italy −5.84 0.18 0.94 

Msd Italy 1.91 −1.15 1.07 

Notes: MS = Manufacturing Sector, SS = Services Sector. 

Harrison et al. (2014) , a = France, b = Germany, c = Spain, and d = United Kingdom; Peters et al. (2017) , a = Upturn, b = Boom, c = Downturn, 

and d = Recession; Dachs et al. (2016) , a = high-tech manufacturing, b = low-tech manufacturing. The second letter means a = Upturn, 

b = Boom, c = Downturn, and c = Recession; Dachs and Peters (2014) , a = Domestically owned group firms (DGF) and Foreign-owned firms 

(FOF), b = Foreign-owned EU firm (FOFEU) and Foreign-owned NON-EU firm (FOFNONEU), and c = Foreign-owned US firm (FOFUS) and 

Foreign-owned Rest of the World firm (FOFROW); Pizarro (2013) , a = 20 04–20 07, b = 20 05–20 08 c = 20 06–20 09, d = 2007–2010, e = Total; 

Hall et al. (2008) ; a = All years, b = 1995–1997, c = 1998–2000, d = 2001–2003. 
∗Means significant. 

Table 2a 

Descriptive statistics in percentage (triennial): product and process innovators, growth of employment and sales. Manufacturing firms (2004–2014). 

20 06–20 09 2007–2010 2008–2011 2009–2012 2010–2013 2011–2014 Total 

No. of firms 5427 5189 5000 4777 4569 3559 28,521 

Non-innovators (%) 21.60 20.99 36.18 41.80 43.34 31.33 32.12 

Process innovators only (%) 15.79 15.42 14.94 14.19 13.35 14.84 14.80 

Product innovators (%) 62.61 63.60 48.88 44.00 43.31 53.84 53.08 

Product innovators only (%) 14.94 14.47 16.00 15.64 16.57 21.33 16.22 

[Of which are product & process innovators] 47.67 49.12 32.88 28.37 26.75 32.51 36.86 

Employment growth (%) 

All firms −5.92 −9.69 −9.27 −5.30 −4.82 −1.14 −6.03 

Non-innovators (%) −11.90 −14.59 −14.45 −10.85 −10.69 −6.64 −11.52 

Process innovators only (%) −7.46 −11.16 −8.13 −2.26 −0.40 2.20 −4.54 

Product innovators (%) −3.49 −7.75 −5.81 −1.03 −0.36 1.07 −2.89 

Product innovators only (%) −8.19 −11.50 −8.42 −3.82 −2.80 −1.78 −6.09 

[Of which are product & process innovators] −2.01 −6.64 −4.54 0.52 1.15 2.94 −1.43 

Sales growth (%) 

All firms −7.85 −13.23 −8.72 7.16 1.66 3.90 −2.85 

Non-innovators (%) −14.27 −20.70 −15.33 −1.77 −6.33 −1.93 −10.06 

Process innovators only (%) −6.63 −13.18 −6.79 13.96 9.61 9.51 1.08 

Product innovators (%) −5.95 −10.81 −4.46 13.41 7.16 5.69 0.84 

Old products −31.89 −36.45 −28.61 −13.27 −17.30 −20.21 −24.62 

New products 22.85 22.44 19.10 19.25 18.17 23.36 20.86 

Prices growth (%) 

All firms 6.8 4.8 4.2 6.7 4.9 1.4 4.8 

Non-innovators (%) 7.4 5.2 4.3 6.8 5.3 2.0 5.2 

Process innovators only (%) 7.3 5.2 4.5 6.8 5.2 1.4 5.1 

Product innovators (%) 6.6 4.8 4.4 7.3 5.1 1.3 4.9 

Product innovators only (%) 6.7 4.5 4.1 6.2 4.6 1.1 4.5 

[Of which are product & process innovators] 6.6 4.9 4.6 7.9 5.4 1.5 5.1 
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Table 3a 

The total effect of innovation on employment of manufacturing by sectors. 

Dependent variable: l-g1- π

Variables ols iv a iv b fe re reiv a reiv b 

d −0.135 ∗∗∗ −0.0352 −0.00684 −0.137 ∗∗ −0.142 ∗∗∗ −0.0497 −0.00505 

[0.0273] [0.0615] [0.0494] [0.0432] [0.0347] [0.0810] [0.0652] 

g2 0.587 ∗∗∗ 0.844 ∗∗∗ 0.917 ∗∗∗ 0.459 ∗∗∗ 0.521 ∗∗∗ 0.790 ∗∗∗ 0.912 ∗∗∗

[0.0333] [0.142] [0.107] [0.0554] [0.0470] [0.213] [0.162] 

islowtech 0.0223 0.111 0.138 ∗∗ −0.00243 0.0856 0.129 ∗

[0.0138] [0.0574] [0.0433] [0.0210] [0.0836] [0.0639] 

ismlowtech 0.0412 ∗∗ 0.094 0.127 ∗∗ 0.0236 0.0613 0.116 

[0.0140] [0.0582] [0.0439] [0.0211] [0.0847] [0.0649] 

ismhightech 0.0406 ∗∗ 0.0853 0.118 ∗∗ 0.0238 0.0624 0.113 

[0.0138] [0.0580] [0.0443] [0.0210] [0.0842] [0.0650] 

d ∗islowtech 0.0515 −0.0366 −0.0634 0.0823 0.0718 −0.00885 −0.05 

[0.0292] [0.0633] [0.0512] [0.0461] [0.0373] [0.0834] [0.0674] 

d ∗ismlowtech 0.0617 ∗ 0.00948 −0.0236 0.0688 0.0714 0.0428 −0.0101 

[0.0295] [0.0641] [0.0520] [0.0468] [0.0376] [0.0847] [0.0688] 

d ∗ismhightech 0.0257 −0.019 −0.0522 0.0397 0.0373 0.00486 −0.0437 

[0.0302] [0.0643] [0.0526] [0.0482] [0.0389] [0.0847] [0.0693] 

g2 ∗islowtech 0.226 ∗∗∗ 0.0135 −0.0533 0.361 ∗∗∗ 0.294 ∗∗∗ 0.084 −0.0238 

[0.0367] [0.149] [0.114] [0.0605] [0.0512] [0.221] [0.169] 

g2 ∗ismlowtech 0.159 ∗∗∗ 0.0939 0.00151 0.269 ∗∗∗ 0.214 ∗∗∗ 0.208 0.0508 

[0.0378] [0.153] [0.117] [0.0613] [0.0528] [0.228] [0.174] 

g ∗2ismhightech 0.152 ∗∗∗ 0.0713 −0.0172 0.226 ∗∗∗ 0.186 ∗∗∗ 0.126 −0.00924 

[0.0360] [0.149] [0.115] [0.0593] [0.0503] [0.221] [0.170] 

cons 0.0424 ∗∗ −0.0654 −0.0890 ∗ 0.0827 ∗∗∗ 0.0656 ∗∗∗ −0.054 −0.0912 

[0.0130] [0.0571] [0.0427] [0.00396] [0.0199] [0.0804] [0.0620] 

Tests of endogeneity 8.620 11.043 

p -value 0.000 0.000 

Test of Sargan 6.904 18.405 6.735 14.357 

p -value 0.141 0.104 0.151 0.278 

First-Stage 0.020 0.035 430.95 612.33 

p -value 0.019 0.034 0.000 0.000 

N 37,871 37,871 37,871 37,871 37,871 37,871 37,871 

R-sq 0.368 0.35 0.349 0.291 

Standard errors in brackets ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. 

d Process innovation only. 

g2 Sales growth due to new products. 
a Instrument used is increased range. 
b Instruments used are increased range and clients as a source of information. 
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Table 4a 

The effects of innovation on high-skilled employment of manufacturing by sectors. 

Dependent variable: l-g1- π

Variables ols vi a vi b fe re reiv a reiv b 

D −0.0325 0.197 0.194 0.0198 −0.0292 0.222 0.197 

[0.0659] [0.156] [0.116] [0.0980] [0.0705] [0.185] [0.141] 

g2 0.762 ∗∗∗ 1.424 ∗∗∗ 1.415 ∗∗∗ 0.603 ∗∗∗ 0.715 ∗∗∗ 1.482 ∗∗ 1.399 ∗∗∗

[0.0557] [0.400] [0.292] [0.0914] [0.0686] [0.512] [0.380] 

islowtech 0.0517 0.273 0.279 ∗∗ 0.0298 0.281 0.265 

[0.0274] [0.145] [0.107] [0.0336] [0.183] [0.137] 

ismlowtech 0.115 ∗∗∗ 0.246 0.279 ∗∗ 0.103 ∗∗ 0.247 0.26 

[0.0283] [0.146] [0.108] [0.0347] [0.184] [0.138] 

ismhightech 0.0973 ∗∗∗ 0.262 0.270 ∗ 0.0879 ∗∗ 0.268 0.247 

[0.0267] [0.144] [0.107] [0.0329] [0.183] [0.138] 

d ∗islowtech −0.0335 −0.254 −0.260 ∗ −0.0698 −0.0311 −0.269 −0.257 

[0.0712] [0.162] [0.122] [0.105] [0.0768] [0.192] [0.148] 

d ∗ismlowtech −0.0585 −0.189 −0.222 −0.107 −0.059 −0.192 −0.207 

[0.0731] [0.163] [0.124] [0.110] [0.0793] [0.194] [0.150] 

d ∗ismhightech −0.0112 −0.177 −0.184 −0.0559 −0.00851 −0.182 −0.163 

[0.0745] [0.163] [0.125] [0.111] [0.0811] [0.194] [0.151] 

g2 ∗islowtech 0.116 −0.512 −0.541 0.320 ∗∗ 0.169 ∗ −0.541 −0.515 

[0.0655] [0.425] [0.317] [0.103] [0.0791] [0.541] [0.408] 

g2 ∗ismlowtech 0.0634 −0.139 −0.299 0.175 0.0906 −0.115 −0.227 

[0.0690] [0.439] [0.331] [0.106] [0.0811] [0.557] [0.425] 

g ∗2ismhightech 0.101 −0.333 −0.362 0.191 0.128 −0.344 −0.29 

[0.0633] [0.418] [0.313] [0.102] [0.0776] [0.533] [0.404] 

cons 0.125 ∗∗∗ −0.0918 −0.0917 0.207 ∗∗∗ 0.122 ∗∗∗ −0.119 −0.0972 

[0.0237] [0.139] [0.101] [0.00783] [0.0295] [0.177] [0.131] 

Tests of endogeneity 3.249 2.976 

p -value 0.011 0.018 

Test of Sargan 6.326 14.632 4.048 10.232 

p -value 0.176 0.262 0.400 0.596 

First-Stage 0.013 0.022 305.260 453.430 

p -value 0.012 0.020 0.000 0.000 

N 23,093 23,093 23,093 23,093 23,093 23,093 23,093 

R-sq 0.122 0.105 0.11 0.097 

Standard errors in brackets ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. 

d Process innovation only. 

g2 Sales growth due to new products. 
a Instrument used is increased range. 
b Instruments used are increased range and clients as a source of information. 
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Table 5a 

The effects of innovation on low-skilled employment of manufacturing by sectors. 

Dependent variable: l-g1- π

Variables ols vi a vi b fe re reiv a reiv b 

D −0.0807 ∗ −0.0754 −0.0435 −0.111 −0.0945 ∗ −0.119 −0.0862 

[0.0388] [0.0940] [0.0775] [0.0604] [0.0481] [0.115] [0.0970] 

g2 0.795 ∗∗∗ 0.811 ∗∗ 0.906 ∗∗∗ 0.681 ∗∗∗ 0.751 ∗∗∗ 0.678 ∗ 0.778 ∗∗

[0.0373] [0.256] [0.207] [0.0589] [0.0452] [0.330] [0.266] 

islowtech 0.0219 0.0415 0.0662 0.0042 −0.000676 0.0185 

[0.0185] [0.0884] [0.0713] [0.0235] [0.112] [0.0905] 

ismlowtech 0.0400 ∗ 0.0296 0.0601 0.0259 −0.024 0.00479 

[0.0186] [0.0886] [0.0714] [0.0236] [0.112] [0.0906] 

ismhightech 0.0484 ∗∗ 0.032 0.0632 0.0423 −0.00145 0.0283 

[0.0186] [0.0889] [0.0721] [0.0237] [0.112] [0.0914] 

d ∗islowtech 0.0198 0.0000932 −0.0245 0.0829 0.0453 0.0481 0.03 

[0.0408] [0.0956] [0.0791] [0.0633] [0.0505] [0.117] [0.0991] 

d ∗ismlowtech 0.0107 0.021 −0.00948 0.0643 0.0335 0.0819 0.0543 

[0.0413] [0.0959] [0.0795] [0.0639] [0.0509] [0.117] [0.0995] 

d ∗ismhightech −0.00804 0.00833 −0.0228 0.0158 0.00359 0.0459 0.0168 

[0.0419] [0.0965] [0.0803] [0.0662] [0.0525] [0.119] [0.101] 

g2 ∗islowtech 0.0776 −0.00443 −0.0661 0.215 ∗∗∗ 0.129 ∗∗ 0.112 0.0771 

[0.0409] [0.262] [0.213] [0.0648] [0.0498] [0.339] [0.274] 

g2 ∗ismlowtech 0.0134 0.0733 −0.0149 0.123 0.0542 0.254 0.175 

[0.0418] [0.264] [0.214] [0.0667] [0.0516] [0.341] [0.275] 

g ∗2ismhightech 0.02 0.0832 −0.00894 0.0561 0.034 0.179 0.0916 

[0.0410] [0.262] [0.214] [0.0657] [0.0505] [0.338] [0.275] 

cons 0.0459 ∗∗ 0.0697 0.0286 0.0820 ∗∗∗ 0.0610 ∗∗ 0.118 0.0661 

[0.0177] [0.0883] [0.0711] [0.00429] [0.0222] [0.111] [0.0898] 

Tests of endogeneity 1.199 1.396 

p -value 0.309 0.232 

Test of Sargan 5.040 9.074 2.971 6.491 

p -value 0.283 0.697 0.563 0.889 

Partial R-sq. 0.015 0.024 403.610 591.220 

Adj. Partial R-sq. 0.014 0.023 0.000 0.000 

N 27,603 27,603 27,603 27,603 27,603 27,603 27,603 

R-sq 0.332 0.33 0.329 0.267 

Standard errors in brackets ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. 

d Process innovation only. 

g2 Sales growth due to new products. 
a Instrument used is increased range. 
b Instruments used are increased range and clients as a source of information. 

Table 6a 

The effects of innovation on employment of manufacturing by sectors (Yt–3). 

Dependent variable: l-g1- π

Sector Variables ols vi a vi b Fe re reiv a reiv b 

High-tech d −0.135 ∗∗∗ −0.0507 −0.0189 −0.140 ∗∗ −0.143 ∗∗∗ −0.0697 −0.0207 

[0.0271] [0.0585] [0.0483] [0.0432] [0.0344] [0.0777] [0.0638] 

g2 0.593 ∗∗∗ 0.813 ∗∗∗ 0.895 ∗∗∗ 0.469 ∗∗∗ 0.531 ∗∗∗ 0.744 ∗∗∗ 0.883 ∗∗∗

[0.0326] [0.134] [0.104] [0.0550] [0.0461] [0.208] [0.160] 

cons 0.0424 ∗∗ −0.0654 −0.0890 ∗ 0.0884 ∗∗∗ 0.0654 ∗∗ −0.052 −0.091 

[0.0130] [0.0571] [0.0427] [0.0214] [0.0199] [0.0849] [0.0617] 

HighM-tech d −0.108 ∗∗∗ −0.0539 ∗∗ −0.0583 ∗∗ −0.0960 ∗∗∗ −0.103 ∗∗∗ −0.0449 −0.0489 ∗

[0.0130] [0.0186] [0.0181] [0.0212] [0.0177] [0.0244] [0.0234] 

g2 0.742 ∗∗∗ 0.915 ∗∗∗ 0.901 ∗∗∗ 0.688 ∗∗∗ 0.710 ∗∗∗ 0.916 ∗∗∗ 0.904 ∗∗∗

[0.0137] [0.0436] [0.0412] [0.0212] [0.0179] [0.0578] [0.0528] 

cons 0.0841 ∗∗∗ 0.022 0.0262 0.0996 ∗∗∗ 0.0914 ∗∗∗ 0.0176 0.0214 

[0.00500] [0.0144] [0.0137] [0.00678] [0.00667] [0.0186] [0.0171] 

LowM-tech d −0.0771 ∗∗∗ −0.0289 −0.0356 ∗ −0.0750 ∗∗∗ −0.0759 ∗∗∗ −0.0163 −0.0244 

[0.0111] [0.0181] [0.0164] [0.0178] [0.0142] [0.0243] [0.0223] 

g2 0.742 ∗∗∗ 0.936 ∗∗∗ 0.909 ∗∗∗ 0.722 ∗∗∗ 0.732 ∗∗∗ 0.976 ∗∗∗ 0.942 ∗∗∗

[0.0177] [0.0561] [0.0461] [0.0261] [0.0234] [0.0758] [0.0636] 

cons 0.0853 ∗∗∗ 0.0306 ∗ 0.0360 ∗∗ 0.0893 ∗∗∗ 0.0902 ∗∗∗ 0.0211 0.0276 

[0.00549] [0.0153] [0.0127] [0.00686] [0.00694] [0.0200] [0.0170] 

Low-tech d −0.0825 ∗∗∗ −0.0708 ∗∗∗ −0.0693 ∗∗∗ −0.0518 ∗∗ −0.0672 ∗∗∗ −0.0536 ∗ −0.0498 ∗∗

[0.0104] [0.0153] [0.0139] [0.0160] [0.0138] [0.0213] [0.0188] 

g2 0.813 ∗∗∗ 0.859 ∗∗∗ 0.865 ∗∗∗ 0.822 ∗∗∗ 0.817 ∗∗∗ 0.883 ∗∗∗ 0.899 ∗∗∗

[0.0155] [0.0442] [0.0382] [0.0244] [0.0204] [0.0660] [0.0537] 

cons 0.0638 ∗∗∗ 0.0491 ∗∗∗ 0.0484 ∗∗∗ 0.0575 ∗∗∗ 0.0621 ∗∗∗ 0.0406 ∗ 0.0388 ∗∗

[0.00492] [0.0117] [0.0102] [0.00625] [0.00667] [0.0167] [0.0137] 

Standard errors in brackets ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. 

d Process innovation only. 

g2 Sales growth due to new products. 
a Instrument used is increased range. 
b Instruments used are increased range and clients as a source of information. 
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Table 7a 

The effects of innovation on high-skilled employment of manufacturing by sectors. 

Dependent variable: l-g1- π

Sector Variables ols vi a vi b Fe re reiv a reiv b 

High-tech d −0.0392 0.176 0.177 0.00531 −0.0392 0.176 0.18 

[0.0655] [0.152] [0.114] [0.0979] [0.0675] [0.162] [0.134] 

g2 0.769 ∗∗∗ 1.395 ∗∗∗ 1.398 ∗∗∗ 0.625 ∗∗∗ 0.747 ∗∗∗ 1.395 ∗∗ 1.396 ∗∗∗

[0.0555] [0.391] [0.291] [0.0900] [0.0648] [0.430] [0.364] 

cons 0.125 ∗∗∗ −0.0918 −0.0917 0.159 ∗∗∗ 0.124 ∗∗∗ −0.0918 −0.0971 

[0.0238] [0.139] [0.101] [0.0329] [0.0283] [0.154] [0.128] 

HighM-tech d −0.0426 0.0209 0.0104 −0.0352 −0.0377 0.0402 0.029 

[0.0347] [0.0483] [0.0464] [0.0529] [0.0393] [0.0567] [0.0535] 

g2 0.863 ∗∗∗ 1.087 ∗∗∗ 1.050 ∗∗∗ 0.792 ∗∗∗ 0.847 ∗∗∗ 1.133 ∗∗∗ 1.092 ∗∗∗

[0.0302] [0.126] [0.116] [0.0449] [0.0358] [0.156] [0.139] 

cons 0.225 ∗∗∗ 0.159 ∗∗∗ 0.168 ∗∗∗ 0.238 ∗∗∗ 0.215 ∗∗∗ 0.130 ∗∗ 0.140 ∗∗∗

[0.0122] [0.0368] [0.0342] [0.0137] [0.0145] [0.0456] [0.0411] 

LowM-tech d −0.0937 ∗∗ 0.00297 −0.0342 −0.0934 −0.0918 ∗ 0.0236 −0.0181 

[0.0320] [0.0501] [0.0467] [0.0493] [0.0371] [0.0587] [0.0544] 

g2 0.823 ∗∗∗ 1.270 ∗∗∗ 1.098 ∗∗∗ 0.772 ∗∗∗ 0.799 ∗∗∗ 1.349 ∗∗∗ 1.149 ∗∗∗

[0.0409] [0.185] [0.160] [0.0539] [0.0436] [0.229] [0.197] 

cons 0.254 ∗∗∗ 0.143 ∗∗∗ 0.178 ∗∗∗ 0.243 ∗∗∗ 0.226 ∗∗∗ 0.117 ∗ 0.149 ∗∗∗

[0.0161] [0.0415] [0.0362] [0.0144] [0.0186] [0.0497] [0.0435] 

Low-tech d −0.0623 ∗ −0.0528 −0.0608 −0.0436 −0.0546 −0.0363 −0.0523 

[0.0271] [0.0452] [0.0408] [0.0376] [0.0305] [0.0551] [0.0485] 

g2 0.884 ∗∗∗ 0.923 ∗∗∗ 0.890 ∗∗∗ 0.934 ∗∗∗ 0.895 ∗∗∗ 0.974 ∗∗∗ 0.906 ∗∗∗

[0.0345] [0.149] [0.127] [0.0489] [0.0396] [0.194] [0.160] 

cons 0.177 ∗∗∗ 0.169 ∗∗∗ 0.176 ∗∗∗ 0.154 ∗∗∗ 0.145 ∗∗∗ 0.129 ∗∗ 0.144 ∗∗∗

[0.0136] [0.0370] [0.0319] [0.0129] [0.0163] [0.0472] [0.0394] 

Standard errors in brackets ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. 

d Process innovation only. 

g2 Sales growth due to new products. 
a Instrument used is increased range. 
b Instruments used are increased range and clients as a source of information. 

Table 8a 

The effects of innovation on low-skilled employment of manufacturing by sectors. 

Dependent variable: l-g1- π

Sector Variables ols vi a vi b fe re reiv a reiv b 

High-tech d −0.0781 ∗ −0.0645 −0.0345 −0.106 −0.0945 −0.106 −0.0795 

[0.0392] [0.0929] [0.0772] [0.0610] [0.0499] [0.113] [0.0977] 

g2 0.795 ∗∗∗ 0.836 ∗∗∗ 0.925 ∗∗∗ 0.671 ∗∗∗ 0.735 ∗∗∗ 0.704 ∗ 0.786 ∗∗

[0.0371] [0.252] [0.206] [0.0584] [0.0460] [0.326] [0.270] 

cons 0.0459 ∗∗ 0.0697 0.0286 0.0784 ∗∗∗ 0.0654 ∗∗ 0.109 0.0789 

[0.0177] [0.0883] [0.0711] [0.0212] [0.0229] [0.108] [0.0950] 

HighM-tech d −0.0890 ∗∗∗ −0.0677 ∗∗ −0.0671 ∗∗ −0.0953 ∗∗∗ −0.0909 ∗∗∗ −0.0731 ∗ −0.0698 ∗

[0.0157] [0.0222] [0.0216] [0.0270] [0.0208] [0.0288] [0.0278] 

g2 0.815 ∗∗∗ 0.892 ∗∗∗ 0.895 ∗∗∗ 0.736 ∗∗∗ 0.790 ∗∗∗ 0.858 ∗∗∗ 0.870 ∗∗∗

[0.0171] [0.0588] [0.0560] [0.0289] [0.0221] [0.0748] [0.0691] 

cons 0.0965 ∗∗∗ 0.0718 ∗∗∗ 0.0680 ∗∗∗ 0.113 ∗∗∗ 0.104 ∗∗∗ 0.0774 ∗∗∗ 0.0698 ∗∗∗

[0.00642] [0.0171] [0.0164] [0.00818] [0.00835] [0.0215] [0.0200] 

LowM-tech d −0.0725 ∗∗∗ −0.0572 ∗∗ −0.0568 ∗∗ −0.0517 ∗ −0.0657 ∗∗∗ −0.0431 −0.0409 

[0.0142] [0.0198] [0.0184] [0.0206] [0.0161] [0.0239] [0.0224] 

g2 0.808 ∗∗∗ 0.881 ∗∗∗ 0.884 ∗∗∗ 0.799 ∗∗∗ 0.804 ∗∗∗ 0.919 ∗∗∗ 0.929 ∗∗∗

[0.0191] [0.0660] [0.0547] [0.0311] [0.0247] [0.0846] [0.0700] 

cons 0.0992 ∗∗∗ 0.0718 ∗∗∗ 0.0669 ∗∗∗ 0.0804 ∗∗∗ 0.0893 ∗∗∗ 0.0633 ∗∗∗ 0.0564 ∗∗∗

[0.00670] [0.0153] [0.0131] [0.00704] [0.00817] [0.0189] [0.0162] 

Low-tech d −0.0573 ∗∗∗ −0.0720 ∗∗∗ −0.0638 ∗∗∗ −0.0179 −0.0416 ∗∗ −0.0633 ∗∗ −0.0452 ∗

[0.0125] [0.0180] [0.0167] [0.0184] [0.0150] [0.0238] [0.0214] 

g2 0.877 ∗∗∗ 0.810 ∗∗∗ 0.848 ∗∗∗ 0.910 ∗∗∗ 0.889 ∗∗∗ 0.796 ∗∗∗ 0.878 ∗∗∗

[0.0168] [0.0575] [0.0504] [0.0269] [0.0210] [0.0852] [0.0701] 

cons 0.0678 ∗∗∗ 0.0814 ∗∗∗ 0.0708 ∗∗∗ 0.0506 ∗∗∗ 0.0642 ∗∗∗ 0.0790 ∗∗∗ 0.0589 ∗∗∗

[0.00598] [0.0136] [0.0120] [0.00652] [0.00788] [0.0192] [0.0161] 

Standard errors in brackets ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. 

d Process innovation only. 

g2 Sales growth due to new products. 
a Instrument used is increased range. 
b Instruments used are increased range and clients as a source of information. 
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