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Innovation and unemployment are two economic elements related to each other that have been constantly analyzed in the
economic debates from the beginning of the 21st century. A classical question is whether innovation creates or destroys
jobs. The conventional approach contemplates innovation as a transformation instrument of an economy, resulting in
economic growth and jobs creation. Another approach points out to various mechanisms which can compensate the primary
effect of innovations and cause an ultimate effect of innovations on labour demand to be unclear. In view of the fact that
there are many different explanations about the impact of innovations on labour demand, this paper, after the analysis of
theoretical and empirical scientific literature in this field, provides an empirical analysis with unemployment as the
dependent variable. The authors use data from 28 European Union countries for the period of 1992–2016 and pursue to
research how technological innovations affect unemployment rate. There are two core independent variables – expenditure
on R&D (research and development) and number of patent applications – as the main proxies for technological innovations.
Control variables that affect unemployment are included to the model as well. The model was estimated using a dynamic
two-step System Generalized Method of Moments (GMM-SYS) of a panel data system. After the composition of 12 different
estimations of the model, the results suggest that, in some cases, technological innovations affect unemployment.
Keywords: Technological Change; Technological Innovations; Product Innovations; Process Innovations; Unemployment.
Introduction
For more than two centuries new technologies give a
positive impulse to the global economy. Each new wave of
technologies stimulates economic growth, creates favorable
conditions for the development of new business ideas and
increases productivity. New technologies can be described
as a driving force of globalization.
A question about destruction or creation of jobs, caused
by technological advances, has been analyzed even by
classical economists. For a long time the fear that new
technologies could reduce the number of workplaces has
been relevant in public policy. The main explanation of this
fear is that the impact of innovations on labour market is
unclear. Some compensatory effects which are able to offset
the primary impact of innovations and cause an ultimate
effect to be uncertain exist (Piva & Vivarelli, 2005).
The relevance of topic of the effect of technological
innovations on the labour market is based on the problems,
faced by the labour market in the course of technological
changes, leading to the manifestations of a new industrial
revolution. The researchers describe the impact of
innovations on employment, unemployment, labour
demand, wages and other labour market parameters in many
ways. Empirical researches in this field can be divided
according to the level of analysis: macro, sectoral and micro
level. It should be noted that most recent empirical
researches analyzing the link between innovation and labour
market parameters assess the micro level effect and there are

relatively few researches on the macro level. Also, it is
worth mentioning that macro level researches provide
ambiguous results about the impact of innovation on
(un)employment.
The object of the research: the impact of technological
innovations on unemployment.
The aim of this research: to assess the effect of
technological innovations on unemployment. It should be
noted that, in order to assess this effect, a unique dataset,
which covers 25 years period (1992–2016) and 28 European
Union countries is analyzed.
The problem of the research: how do technological
innovations affect unemployment?
Research methods: literature review, two-step System
Generalized Method of Moments (GMM-SYS).
This paper has three main novelties. First, the paper
examines research at macro level (it is rare in the field of the
analyzed phenomena). Second, the paper analyzes the effect
of both the number of patent applications per million
population (a measure of process innovations) and
expenditure on R&D (a measure of product innovations) on
unemployment (it is rare in the scientific literature). Third,
this research uses a modified form of the standard dynamic
panel model aiming to assess the effect of innovations on
unemployment taking into account different levels of
innovativeness of the European Union countries.
The following sections are covered in the paper:
theoretical analysis, research design, results, and conclusions.
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Theoretical Analysis of Technological Innovations
and their Impact on Labour Market Parameters
J. A. Schumpeter was the first who created the
contemporary conception of innovations in the 20th century,
characterizing this phenomenon as the core of economic
development which breaks the economy out of its static
regime and sets it on a dynamic path of fits and starts. This
phenomenon is called creative destruction (Schumpeter,
2008). As Schumpeter (2017) notices, technological
breakthroughs cannot be considered as innovations if they
do not stimulate the growth of net profit or economic. In the
20th century, J. A. Schumpeter emphasized technological
innovations in terms of market experiments and sought
significant changes that could fundamentally restructure
industries and markets (OECD/Eurostat, 2005).
OECD/Eurostat (2019) 2018 the Oslo Manual
distinguishes two types of innovations: product and business
process. Product innovations involve significant changes in
products or services (Gault, 2018). Business process
innovations are related to one or more new or significantly
improved business process functions (OECD/Eurostat,
2019). There is also a more general division of innovations
into: technological (associated with the use of ideas and
knowledge to achieve a commercially successful product,
process or service (Lithuanian Innovation Centre, 2012;
Schramm, 2017)) and non-technological (these are noncommercial innovations related to practical marketing or
operational changes in the organization (Lithuanian
Innovation Centre, 2012; Schramm, 2017)). It should also be
mentioned that there are other types of innovations
distinguished by scientists: marketing, socio-psychological,
organizational, evolutionary, etc. This paper focuses on
technological innovations, including product and process
innovations, because, as defined by Hoover (2012) and
Ramanauskiene (2010), technological innovations are two
types: product (related to the waves of new technologies)
and process (related to the emergence of new methods of
process of production organization) (Schramm, 2017).
Product innovations provide innovative products on a
market and a stimulated demand causes a positive link
between innovation and employment (Vivarelli, 2014;
Marcolin et al., 2016; etc.). Process innovations usually
replace labour with new mechanisms, equipments and
improve firms’ efficiency and productivity, leading to job
losses (Peters, 2004; Vivarelli, 2014; etc.). However, it should
be noted that there are different results of the researches about
the impact of process innovations: positive effects on
employment have been obtained (Greenhalgh et al., 2001;
Lachenmaier & Rottmann, 2011; etc.), negative (Van
Reenen, 1997; Dachs & Peters, 2014; Falk, 2015; etc.) or the
results have been insignificant (Hall et al., 2008; Harrison et
al., 2008). In addition, as Dachs & Peters (2014) argue, at firm
level, both product and process innovations can be related to
a lower demand for labour force. This factor can reduce
employment (called crowding out effect) or to lead to a higher
employment (called compensatory effect).
Moreover, Dachs & Peters (2014) distinguish additional
innovation effects on employment at sectoral or macro level.
Process innovations can affect employment in upstream
companies if they acquire new machines to enhance the
process of production. Indirect effect can emerge if an

innovative company increases its production – supplying
companies benefit from the growth of production and can
stimulate demand for labour. From the other side, competing
companies that don’t have possibility go along with new
technologies, can lose market share (loss of workplaces).
Product innovation can also lead to positive and negative
external factors for other companies in the same or another
industry. Product innovations create negative externalities if
an innovative company increases production at the expense
of existing products of other companies. At sectoral and
macro levels, these effects for available products need to be
considered (Dachs & Peters, 2014).
As Autor (2015) notices, technological changes don’t
affect a long-run increase in unemployment but they have an
impact on the types of workplaces. Based on this idea, some
people have a high, medium or low risk to be changed by
machines (Frey & Osborne, 2017). Loi (2015) states that
information and communication technologies affect
elimination of human workplaces, especially in the
middle-class jobs. The scientist mentioned the term of
humanistic fallacy, pursuing to describe the idea that the
replacement of people work by machines basically will mean
that people will have better jobs than their present
workplaces. Brynjolfsson & McAfee (2011) also mention the
idea about considerable changes made by computerization
and the authors notice that these changes can be very worthy.
Innovations can be understood as a creator of new knowledge
in the country, as an agent for potential spread of knowledge,
and as a factor to contribute a diffusion potential (KondratiukNierodzinska, 2016). Innovations are a key factor of social
and economic development. They are as an influential
process, giving opportunities to benefit for the whole society.
The commercialization of innovations is a fundamental
condition for the creation of competitiveness and the growth
of economy (Bracio & Szarucki, 2019). Bracio & Szarucki
(2019) mentioned that innovations and internationalization
are the factors that can affect company’s growth if they work
together.
Mokyr et al. (2015) distinguish two concerns: first, new
technologies can provoke a replacement of labour force with
machines (the result is technological unemployment);
second, there can be a concern about the moral aspects of
technological change for human prosperity (a routine nature
of work). Fuller (2019) talks about two possible
consequences of technological progress as well, but the
main attention is concentrated on different terms. According
to the author, in the short-term, many manual or low skill
jobs can be replaced by machinery; in the long-term, people
can gain special skills for tasks which cannot be performed
by machines.
Taking into account that the results of theoretical
literature reveal an ambiguous answer about the effect of
technological innovations on unemployment, more attention
should be paid to empirical analysis that can take into
consideration various kinds of innovations, their effect on
different labour market parameters, direct and indirect
effects, different methods for the evaluation of the effect and
other measures.
Empirical researches assessing the relationship between
technological change and labour market parameters can be
divided according to the level of analysis: macro, sectoral
and micro. It should be noted that most recent empirical
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researches analyzing the link between innovation and
employment assess the micro level effect and it can be
detected relatively few researches on the effect of macro
level technological innovations on labour market
parameters research. Vivarelli (2011) identifies three main
challenges in assessing the effect of innovations on
employment at the macro level: first, it is complicated to
measure innovations; second, the ultimate effect of
innovations on employment depends on different
institutional mechanisms; third, it is complicated to define
the ultimate effect of innovations on employment from the
moment employment is affected by many other factors, such
as labour market dynamics, the macroeconomic
environment, and etc. However, it should be noted, that
macro level researches have an advantage over micro and
sectoral level researches, because they examine the impact
on the economy as a whole. Sectoral level researches do not
assess the cross-sectoral indirect (compensatory) effect of

technological change. Micro econometric researches can’t
completely evaluate indirect compensatory effects, that
occur not only at the company level, but also through inter
sectoral relationships.
It should be noted that macro level researches on the
effect of innovations on labour market parameters don’t
provide a clear answer: some of them prove a positive effect,
some – negative, and some of them present a non-significant
or unclear findings. Hence, these are the reasons to
investigate a macro level research: 1. only few macro level
researches; 2. no clear answer what effect technological
innovations have on unemployment; 3. no one of the macro
level researches used a modified form of dynamic panel
model. As this research analyses the effect of technological
innovations on unemployment at macro level, only
empirical analysis at this level are useful in revealing the
ways product and process innovations generate jobs or
destroy them (see Table 1).
Table 1

Macro Level Researches of the Effect of Innovations on Labour Market Parameters (1990–2016)
Author(s), year

Measurement instrument of innovations

Pini (1995)

Expenditure on R&D, patents
Number of patents according to applicability to
process and product innovations
Usage of computers, R&D intensity
Number of patents according to applicability to
process and product innovations
The growth level of process innovations
Density of robots
Number of industrial robots, ICT capital
Triadic patent families
ICT variables
Probability of job replacement due to
automation

Vivarelli (1995)
Berman & Machin (2000)
Simonetti et al. (2000)
Tancioni & Simonetti (2002)
Gorle & Clive (2011)
Kromann et al. (2011)
Feldmann (2013)
Evangelista et al. (2014)
Jensen & Koch (2015)
Gregory et al. (2016)

Computerization

Marcolin et al. (2016)
Matuzeviciute et al. (2017)

ICT-intensity, patents
Triadic patent families, expenditure on R&D

The information provided in Table 1 exposes that the
effect of innovations on labour market parameters from the
macro level empirical studies is not clear. Hence, empirical
analysis which proves the results obtained in different ways
is needed that can evaluate the effect of technological
innovations on one of the most important macroeconomic
indicator – unemployment.
Research Design
This research encompasses 28 European Union
countries. The research period is 1992–2016 (yearly data).
Empirical analysis is based on dynamic panel data
regression model. The method used in the research –
two-step system generalized method of moments
(GMM-SYS). The general form of dynamic panel data
model:
Yit = δYi,t−1 + α + βiXit + ciCit + μi + φt + eit,
here: Y denotes response variable; Y(−1) denotes lagged
response variable; the subscripts i and t represent,
respectively, cross-sectional unit and time period; α is a
constant; X is a core explanatory variable; C denotes a series
of control variables; μ denotes specific effects of
cross-sectional units; φ denotes time effects; δ, β, c are

Labour market
parameter
Employment

Positive
X

Employment

X

Employment, wages

X

Employment

X

Employment
Employment
Employment
Unemployment
Employment

X
X
X
X

Unclear
X

X

X
X

Employment
Labour force
demand
Employment
Unemployment

Impact
Negative

X

X
X
X
X

parameters that indicate the effect of the right-hand side
variables on response variable; e is the error term
(Lachenmaier & Rottmann, 2011).
This form is modified pursuing to reflect the level of
innovativeness:
Yit = δYi,t−1 + α + βiXit + γiX2it + ciCit + μi + φt + eit,
where X2 shows that the effect of innovations on
unemployment may be non-linear.
Two core independent variables of the research are
R&D expenditure (% of gross domestic product; reflects
product innovations; rd) and number of patent applications
(per million population; reflects process innovations; pat).
The dependent variable of the research is unemployment
(% of total labour force; unem). Also, this research
distinguishes variables that have an effect on unemployment
and that will be used as control variables in the research:
 Collective bargaining coverage (a part of employees
who have the right to bargain; cbc). This indicator shows
what effect collective bargaining has on employment
(OECD/Eurostat, 2005). In 1988 Calmfors & Driffill
provided an argument which relates collective bargaining
and unemployment (national level): people who make a
decision about wage setting, take into consideration
“broader interests” and internalize the effects of salary
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growth and taxes that are needed for unemployment benefits
funding (Jimeno & Thomas, 2011). According to Feldmann
(2013), if a rate of collective bargaining coverage is high, it
is highly possible that it will affect an increase in
unemployment.
 Consumer price index, CPI (2010 = 100; cpi), is
called as the main measure of inflation. Traditionally the
relationship between inflation and unemployment has an
inverse form, named the Phillips curve. Recent research by
Malikane & Mokoka (2014) proved that when inflation
increases, unemployment decreases.
 Foreign direct investment, FDI (inward stocks of
FDI (% of GDP), fdi_inw; outward stocks of FDI (% of
GDP), fdi_out). According to Lipsey et al. (2010), net
inward investment reduces unemployment and net outward
investment can have different influence. As Muhd Irpan et
al. (2016) notice, both inward and outward foreign direct
investments lower unemployment rate in developing
countries. As O. Blanchard mentioned in 2011, high
unemployment rates’ countries are attractive for foreign
investors because of these reasons: first, many of workers
and, second, high possibility to find a proper worker who
would work with a lower wage (Strat et al., 2015).
 Gross domestic product, GDP (GDP per capita;
gdp). As Meidani & Zabihi (2011) emphasize, the link
between GDP and unemployment is usually negative.
According to the Okun's law, in order to reach a one
percentage point decrease in unemployment rate per year,
real GDP should increase about two percentage points faster
than the rate of potential GDP growth over that year (Misini
& Badivuku-Pantina, 2017).
 Gross fixed capital formation (% of GDP; gfcf). This
indicator reflects purchases and establishment of assets by
manufacturers for their own usage, minus disposals of
produced fixed assets (OECD, 2019). This variable is used
to measure capital since the demand for labour is affected
by capital either through a substitution effect (more capital
is used instead of workers) or through a complementarity
effect (more capital is needed in association with additional
workers) (Marcolin et al., 2016).
 Import (% of GDP, imp) and export (% of GDP, exp).
New growth theory sees international trade as a major
source of international technology (Grossman & Helpman,
1994). The spread of international technology can stimulate
innovation activity, possibly influencing competition in
patents (Halmenschlager, 2006). In addition, these
indicators have an immediate effect on unemployment: from
one point of view, rising import can increase unemployment
in industrialized countries because of intensified
competition with developing countries for low salaries;
from the other point of view, globalization can cause a better
international division of labour by increasing employment
(Grossmann & Rossi-Hansberg, 2008).
 Public unemployment spending (% of GDP; bnf).
This indicator is described as money paid for people to
offset unemployment (OECD, 2017). Research by Nickell
et al. (2005) proved the fact that unemployment spending
increases unemployment. As Moffitt (2014) finds,
unemployment benefits increase unemployment in a
country and unemployed people are encouraged to stay
unemployed for longer.

 Tax wedge on labour cost (% of total labour costs;
tax). This indicator is calculated as labour costs that
employer suffers minus the net payment for worker – an
additional burden for companies. If tax wedge increases,
then labour costs that companies suffer grow and thus it
indirectly affects unemployment (Separovic, 2009). As
Nickell (1997) notices, the impact of tax wedge on
unemployment is related to who bears the tax burden.
 Trade union density (a part of employees who are
members of trade union; tud). This indicator is expressed as
the percentage of labour force belonging to trade unions. As
Ashley & Jones (1996) suggest, the density effect increases
as unemployment increases. Baccaro & Rei (2007) state that
trade union density can have an effect on unemployment in
two different ways: first, increased average salaries; second,
compressed wage structure. Blanchard & Wolfers (2000)
revealed that the higher trade union density the higher
unemployment.
 Wage bargaining coordination (wbc). This indicator
can gain values from 1 to 5:
1: decomposed negotiations for wage;
2: composite negotiations at industry and company
level, weak government coordination;
3: centralized bargaining (negotiation guidelines);
4: centralized bargaining (wage norms);
5: centralized bargaining (maximum or minimum
wage) (Visser, 2019).
Since this variable can gain meanings from 1 to 5,
dummy variables must be used. According to the theory of
econometrics, the number of dummy variables should be 4
(if there are n categories, then there should be (n – 1) dummy
variables) but because there are many control variables in
this research, the number of dummy variables will be
reduced to 3.
Flanagan (1999) states that coordination of wage
bargaining affects decrease in unemployment because this
indicator is related to lower real wage than in a case of
uncoordinated bargaining. Saint-Paul (2004) notices that a
positive link between bargaining coordination and
unemployment might be possible as well.
The hypotheses of this research based on the literature
review:
H1: the effect of process innovations on unemployment
is positive.
This hypothesis is raised according to Pianta (2000) and
Diaconu (2011) who proved that process innovations
increase demand and stimulate production and income
growth and employment. H1 hypothesis will be accepted if
the number of patent applications variable will be
statistically significant and positive in at least (not less than)
half cases of the model.
H2: the effect of product innovations on unemployment
is negative.
This hypothesis is based on the theoretical attitudes of
researchers and the obtained research results. An example is
Vivarelli (2011) who argued that product innovations’
impact on employment is positive. H2 hypothesis will be
accepted if expenditure on R&D variable will be statistically
significant and negative in at least half cases of the model.
H3: countries' level of innovativeness has an impact on
unemployment.
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This hypothesis is based on the assumption that there
may be different effects of innovations on unemployment in
the countries with different levels of innovativeness. As
Acemoglu (2003) and Piva (2003) mentioned, in developing
countries technological change is usually imported from
developed countries. Hence, the level of innovativeness may
have different effects on unemployment rates. H3 hypothesis
will be accepted if squared main independent variables will
be statistically significant in at least half cases of the model.
H4: the effect of gross fixed capital formation on
unemployment is negative.
This hypothesis is based on the idea that more capital is
related to additional workers (Marcolin et al., 2016). H4
hypothesis will be accepted if gross fixed capital formation
(% of GDP) variable will be negative and statistically
significant in at least half of the cases of the model.
This methodology is new in the field of analyzing the
effect of innovations on unemployment. It enables to
compare the results with the previous research and evaluate
the aspect of innovativeness.
Results
The descriptive statistics of the research variables are
provided in Table 2. Outliers have been removed from the
dataset.
Table 2
Descriptive Statistics of the Research Variables
Variable

Mean

Median

St.Dev.

Min

Max

unem
pat
rd
fdi_inw
fdi_out
gdp
wbc
cbc

9,221
227,900
1,396
78,000
52,170
25855
2,706
65,460

8,165
103,000
1,220
31,520
14,860
24138
2,000
70,700

4,498
236,100
0,833
211,500
131,000
14491
1,286
26,450

1,800
7,000
0,200
0,587
0,003
4497
1,000
7,100

27,470
1069,000
3,910
1812,000
1013,000
102500
5,000
100,000

Variable

Mean

Median

St.Dev.

Min

Max

cpi
tud
bnf
tax
imp
exp
gfcf

83,280
33,610
1,335
37,550
52,620
53,520
22,200

86,310
27,680
1,000
39,300
45,430
44,970
21,880

22,860
21,040
0,985
8,460
27,910
32,330
4,092

0,241
1,000
0,000
11,600
17,410
14,050
5,388

114,900
93,900
5,4000
51,400
187,500
222,700
37,360

The coefficient of correlation between three pairs of
variables is high, therefore, in order to estimate the model
for robustness check, these variables are included separately
to the model. In total, 12 estimations are performed. Table 3
presents the results of estimations I–VI. All estimations
passed Sargan and AR(2) tests and it means that instruments
are valid and the results are not influenced by second-order
serial correlation.
II and IV estimations in Table 3 suggest that product
innovations (rd) have an impact on unemployment. These
estimations show a negative correlation (the more product
innovations the lower the rate of unemployment). This
statement can be based on the results of the research of
Vivarelli (2015) who proved that expenditure for R&D is
related to the development of new job places and thus has a
negative correlation with unemployment.
Two control variables are statistically significant in all
estimations presented in Table 3:
 Public unemployment spending variable has a
negative effect (positive sign near coefficient) – it increases
unemployment. The result can be based on the statements
provided by Nickell et al. (2005) and Moffitt (2014).
 Gross fixed capital formation has a positive effect
(negative sign near coefficient): it decreases unemployment
and has a complementarity effect – more capital is needed
in association with additional workers.
Other control variables of the model are statistically
insignificant or the effect on unemployment is statistically
significant only in one or few of the cases.
Table 3

Estimation Results with a Core rd Independent Variable
Regressors
l_unem(-1)
const
l_rd
sq_l_rd
l_bnf
l_tax
l_gfcf
l_tud
l_cbc
l_fdi_inw

I

II

III

IV

V

VI

0,5883***
(0,0000)
2,9256
(0,3462)
−0,1739
(0,2081)
0,0419
(0,6182)
0,1237*
(0,0604)
0,4269
(0,1840)
−0,6874**
(0,0144)
−0,0742
(0,3432)
−0,0721
(0,5293)
0,0750
(0,1397)

0,5282***
(0,0000)
1,3293
(0,5383)
−0,2080***
(0,0001)
0,0218
(0,7386)
0,1500***
(0,0051)
0,3267
(0,1624)
−0,4441**
(0,0408)
−0,0880
(0,3547)
−0,0484
(0,6828)
0,0675
(0,1085)

0,5806***
(0,0000)
2,7714
(0,3757)
−0,1782
(0,1891)
0,0519
(0,5445)
0,1217*
(0,0710)
0,4663
(0,1611)
−0,7549**
(0,0109)
−0,0683
(0,3891)
−0,0784
(0,4732)
0,0751
(0,1100)

0,5175***
(0,0000)
1,3512
(0,5350)
−0,2078***
(0,0001)
0,0307
(0,6377)
0,1571***
(0,0049)
0,3613
(0,1052)
−0,5146**
(0,0253)
−0,0864
(0,3539)
−0,0542
(0,6494)
0,0645*
(0,0903)

0,5562***
(0,0000)
−0,4744
(0,8323)
−0,2610
(0,1189)
0,0304
(0,7445)
0,1454***
(0,0007)
0,6393
(0,1129)
−0,5902***
(0,0062)
0,0046
(0,9579)
−0,0760
(0,5641)

0,5562***
(0,0000)
−0,4801
(0,8282)
−0,2652
(0,1134)
0,0312
(0,7409)
0,1462***
(0,0008)
0,6526
(0,1043)
−0,6065***
(0,0087)
0,0043
(0,9607)
−0,0726
(0,5971)

0,0010
(0,9852)

0,0010
(0,9863)

l_fdi_out
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Regressors

I

l_gdp

−0,0770
(0,6874)

l_cpi
l_imp

−0,1095
(0,3758)

II

III

0,1375
(0,3797)
−0,1419
(0,1441)
−0,1019
(0,3274)
−0,0149
(0,9305)
−0,0018
(0,9843)
0,0806
(0,4363)
–1,6413
(0,1007)
18,1651
(1,0000)
28
321

l_exp
wbc_1
wbc_2
wbc_3
Error AR(2) test
Sargan
over-identification test
Number of countries
Number of observations

−0,0147
(0,9302)
−0,0117
(0,8971)
0,0732
(0,4964)
–1,6311
(0,1029)
18,5969
(1,0000)
28
321

IV

V

VI

0,1407
(0,3463)

0,2701
(0,1264)

0,2619
(0,1497)
0,0041
(0,9533)

−0,1153
(0,1282)
0,0856
(0,5707)
0,0191
(0,7803)
0,1327**
(0,0355)

−0,0044
(0,9313)
0,0825
(0,5502)
0,0704
(0,2457)
0,1239*
(0,0591)
–1,7243
(0,0847)

−0,0569
(0,7692)

0,0925
(0,5138)
0,0140
(0,8302)
0,1253**
(0,0345)
–1,4515 (0,1466)
13,9578 (1,0000)
28
321

–1,4686 (0,1419)

0,0819
(0,5544)
0,0708
(0,2399)
0,1238*
(0,0702)
–1,7394 (0,0820)

13,8165 (1,0000)

15,7766 (1,0000)

15,8386 (1,0000)

28
321

28
320

28
320

Note: all variables are logged. All estimations are two step GMM-SYS. z-scores are presented in parentheses of estimates. *, **, *** indicate
significance at the 10, 5 and 1 percent level, respectively. p-value of AR(2) and Sargan tests is presented in parentheses. The program used for estimations
is GRETL.

Table 4 provides the results of estimations VII–XII. All
estimations passed Sargan and AR(2) tests and it means that
instruments are valid and the results are not influenced by
second-order serial correlation. All estimations in Table 4
suggest that process innovations (pat) don’t have a
statistically significant effect on unemployment. The result
can be based on the results of the research of Pini (1995) and

Simonetti et al. (2000) who didn’t find any evidence about
the impact of process innovations on unemployment.
There are only three control variables – public
unemployment spending (bnf), gross fixed capital formation
(gfcf) and wage bargaining coordination (wbc_3) – that are
statistically significant in one or two of six estimations each.
Table 4

Estimation Results with a Core pat Independent Variable
Regressors
l_unem(-1)
const
l_pat
sq_l_pat
l_bnf
l_tax
l_gfcf
l_tud
l_cbc
l_fdi_inw

VII
0,5995***
(0,0000)
2,1061
(0,3624)
0,0453
(0,9229)
−0,0143
(0,7472)
0,1377*
(0,0690)
0,1304
(0,3588)
−0,3889
(0,1050)
−0,0620
(0,3862)
0,0196
(0,8258)
0,0484
(0,2351)

VIII
0,6132***
(0,0001)
2,0651
(0,2800)
−0,1285
(0,8168)
0,0024
(0,9644)
0,1333
(0,1150)
0,0859
(0,6274)
−0,3776
(0,1656)
−0,0569
(0,5364)
0,0226
(0,8225)
0,0188
(0,6297)

IX
0,5981***
(0,0001)
2,1992
(0,3443)
0,0629
(0,8934)
−0,0157
(0,7237)
0,1391*
(0,0799)
0,1197
(0,4313)
−0,4097*
(0,0990)
−0,0685
(0,3788)
0,0169
(0,8490)
0,0379
(0,2921)

X
0,6312***
(0,0001)
1,5147
(0,4560)
−0,0873
(0,8684)
−0,0012
(0,9816)
0,1167
(0,1730)
0,1176
(0,5837)
−0,3923
(0,1439)
−0,0445
(0,6717)
0,0324
(0,7694)
0,0074
(0,8267)

XI
0,6686***
(0,0000)
0,4094
(0,8471)
0,1164
(0,7994)
−0,0192
(0,6590)
0,0917
(0,1769)
0,1208
(0,5045)
−0,4663
(0,1093)
−0,0284
(0,7525)
0,0831
(0,4905)

XII
0,6571***
(0,0000)
0,5980
(0,7772)
0,0313
(0,9481)
−0,0107
(0,8145)
0,1014
(0,1159)
0,1196
(0,5078)
−0,4643
(0,1007)
−0,0292
(0,7403)
0,0807
(0,5042)

−0,0325
(0,2160)

−0,0333
(0,2138)

0,1105
(0,6783)

0,1964
(0,4323)

0,2039
(0,4122)
0,0386
(0,6540)

−0,0105
(0,9016)
0,1304
(0,5088)
0,0158
(0,7249)
0,1603

0,0354
(0,6028)
0,1063
(0,5350)
0,0221
(0,6045)
0,1095

l_fdi_out
l_gdp

−0,0259
(0,8644)

l_cpi
l_imp

−0,0582
(0,5472)

−0,0326
(0,8386)
0,0678
(0,7914)
−0,0372
(0,7285)

l_exp
wbc_1
wbc_2
wbc_3

0,1258
(0,4536)
0,0030
(0,9494)
0,1837*

0,1426
(0,4733)
0,0128
(0,7890)
0,1773

−0,0296
(0,6889)
0,1092
(0,5077)
−0,0094
(0,8451)
0,1846
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0,1210
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0,0277
(0,5347)
0,1181
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Regressors
Error AR(2) test
Sargan over-identification
test
Number of countries
Number of observations

VII
(0,0695)
–1,6339
(0,1023)
18,4015
(1,0000)
28
311

VIII
(0,1577)
–1,7142
(0,0865)
19,7075
(1,0000)
28
311

IX
(0,1023)
–1,7077
(0,0877)
19,3138
(1,0000)
28
311

X
(0,1777)
–1,8223 (0,0684)
20,1485 (1,0000)
28
311

XI
(0,1861)
–1,9523 (0,0509)
19,8063 (1,0000)
28
310

XII
(0,1692)
–1,9224
(0,0546)
19,8696
(1,0000)
28
310

Note: all variables are logged. All estimations are two step GMM-SYS. z-scores are presented in parentheses of estimates. *, **, *** indicates
significance at the 10, 5 and 1 percent level, respectively. p-value of AR(2) and Sargan tests is presented in parentheses. The program used for estimations
is GRETL.

In general, some (less than half) of the presented
estimations suggest that product innovations, measured by
expenditure on R&D, have a statistically significant and
positive effect (negative correlation) on unemployment but
there is no evidence about the impact of process
innovations, measured by the number of patent applications,
on unemployment. For this reason, H1 and H2 hypotheses of
this research are rejected. There is no evidence about the
effect of innovativeness, hence, H3 hypothesis is rejected as
well. There are two main control variables that have an
effect on unemployment: gross fixed capital formation (in
all cases it decreases unemployment, i.e. it has a
complementarity effect – more capital means more
additional labour force) and public unemployment spending
(in all cases it increases unemployment, i.e. more benefits
people can get, more likely they are encouraged to stay
unemployed for longer). Regarding to this, H4 hypothesis is
accepted.
Conclusions
The answer about the link between technological
innovations and unemployment both from theoretical and
empirical studies is ambiguous. Theoretical analysis reveals
different mechanisms that have different effects at macro,
micro, and sectoral levels. These effects are not always
direct. There are indirect effects that are linked to
compensation mechanisms. Empirical studies also provide
different results about the impact of product and process
innovations on unemployment. Hence, the aim of
this research is to evaluate the effect of technological
innovations on unemployment introducing three novelties:
macro level analysis, two core independent variables, and a
modified form of the standard dynamic panel data model.
The latter novelty is related to the inclusion of squared core
independent variables to the model, pursuing to reflect the
idea about innovativeness. Using GMM-SYS, authors
perform 12 estimations of the model and provide the result
that in some cases the link between product innovation and
unemployment is statistically significant while the link

between process innovation and unemployment is not
statistically significant. The hypotheses about the positive
impact of process innovations (H1) and the negative impact
of product innovations (H2) on unemployment are rejected
since the results are statistically significant in less than half
cases of the model. There is no evidence about the effect of
innovativeness, hence, H3 hypothesis about the impact of
countries' level of innovativeness on unemployment is
rejected as well. Two main control variables – public
unemployment spending and gross fixed capital formation –
have a statistically significant effect on unemployment in
many cases of the model. Hence, H4 hypothesis about the
negative effect of gross fixed capital formation on
unemployment is accepted. Other control variables don’t
have or almost (only 1 or 2 cases from 12 cases are
statistically significant) don’t have a statistically significant
impact on unemployment.
This research implements few new ideas of the
methodology, includes 12 control variables and proves the
results about the effect of technological innovations on
unemployment in a new way.
The results of this research are mostly important at
macro level and could be as a guide for people making
decisions in countries. Also, these results are relevant at
micro level since companies can gain competitive market
and be leaders in innovations which is an important factor
to stay in a market.
The limitation of this research can be the measurement
of unemployment as it is a broad and very important macro
level variable and it is difficult to capture the effects of
technological innovations.
Further studies could analyze unemployment by types
(long-term, structural, and/or other types) for more detailed
analysis or by different levels of education to implement the
idea of skill-biased technological change. Also, future studies
could include other controls, such as public debt, employment
protection legislation index and others, to include lagged core
independent variables in order to capture a lagged effect on
unemployment or to choose different measurement
instruments of product and process innovations.
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