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The Rise of Technology for the Future Labor Force

Gelecegin lIsgiicii Igin Teknolojinin Yiikseligii OECD
Ulkelerinde Teknoloji ve Igsizlik Arasindaki Baglanti

Oz: Bu makale, OECD iilkelerine odaklanarak teknolojinin issizlik
tzerindeki etkisini incelemektedir. Literatiirde teknolojik atilimlarin
istihdam {izerindeki gelecekteki etkileri hakkinda bir fikir birligi
olmadigt aciktir. Actk olan nokta, mevcut becerilerin gelecegin
meslekleriyle 6rtismeyecegi ve sirketlerin bir¢ok yeni beceriye ihtiyag
duyacagidir. Teknolojik gelismeler milyonlarca is yaratacak ancak yine
milyonlarca is bu slrecte yok olacaktir. Bu calismanin amaci,
teknolojinin istthdam tzerindeki etkisi ile ilgili olarak, literatiirde nicel
olarak oldukca yetersiz olan makro dlzeyde bir caligma ile
teknolojinin issizlik tzerindeki nihai etkisine isaret etmektir. Bu
calismada, 2005-2018 yullari icin 33 OECD iiyesi tilkede teknoloji ve
issizlik arasindaki iliski S-GMM tahmincisi ile analiz edilmistir. Panel
veri analizine gore GSYTH disindaki tiim kontrol degiskenlerinin
istatistiksel olarak anlamli oldugu goriilmektedir. Bagimsiz degisken,
teknolojiyi temsil eden IP5 patentleri istatistiksel olarak oldukga
anlamlidir ve bagimli degiskenle negatif bir korelasyona sahiptir.
Ampirik sonuglar, teknolojideki %1'lik bir artign issizligi %0,07
oraninda azalttugini géstermektedir.

Anahtar Kelimeler: 1§sizhk, Teknolojik Degisim, Otomasyon,
Inovasyon, Bolgesel Calismalar.

JEL Smiflandirmasi: L0, O3, J2.

Introduction

The increasing number of industrial robots in the production process has raised
concerns about its job-saving impact on employment. The age of Industry 4.0
brings smart technologies in every aspect of life, production, trade and services.
Robots are getting smarter day by day thanks to machine learning and artificial
intelligence. This technological revolution is highly different, profound and faster
than the previous ones. Integrated technologies feed each other and electronic
devices meet in a common network with the Internet of Things (I0T). In this way,
it is possible to operate the heater remotely or to start the washing of the ready-
made laundry in the machine before arriving at home. It becomes possible to store
the data obtained from the devices connected with the IoT in cloud technologies
and to access the information needed with big data. These technologies appear in
everyone's daily life in the form of Amazon Prime recommending movies that you
will like or Google Academic recommending articles that will interest you or
Google Ads recommending products you are considering buying.
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The momentum in recent technologies has increased concerns and interest
in the impact of innovation on unemployment. However, these concerns about the
effects of technology on jobs are not new. The teardown of machines by textile
workers in England in 1811 brought about the first debate that technology would
replace people in factories. Adam Smith remarked on increasing labor productivity,
the effect of the division of labor and specialization (Smith, 1776). Ricardo pointed
out the change in skill requirements caused by mechanization, and claimed that this
change would cause a mismatch of old skills with new jobs (Ricardo, 1817). In
addition to technological unemployment, this case would cause frictional and
structural-unemployment as well (Freeman and Soete). Karl Marx took a different
approach to mechanization and emphasized how the capitalist system benefited
from increasing efficiency in the production process (Bimber, 1990). The
renowned economist John Maynard Keynes warned about technological
unemployment in 1931 (Schwab, 2016).

Though the belief that machines replace manpower was dominant during
the very beginning of the mechanization period (Leontief, 1979), counter-views
took a new turn with improving technology. Schumpeter’s (1943) creative
destruction paradigm is one of the well-known representatives of these views.
Simply, in this creative destruction process, while technology is destroying the
older ones, it creates the new ones at the same time (Schumpeter, 1943).
Schumpeter (1939) pointed out the role of innovation in the production process
and described innovation as a change in this production function.

Although there is a wide range of empirical literature, there is no consensus
on the relationship between technology and unemployment (Yildirim, Yildirim,
Erdogan & Kantarci, 2020). To grasp this, it is vital to determine the two
competing effects technology exercises on employment. The first is the destruction
effect in which automation substitutes capital for labor and causes unemployment.
The second one is creative destruction in which the destruction effect is
accompanied by a capitalization effect and the increase in demand for new goods
and services leads to the creation of new jobs and industries (Schwab, 2016). To
determine the potential impact of technology on employment concerns developing
economies in particular to decide their labor strategies and sustainable employment
policies (Schwab, 2018). It is claimed that the impact of product innovation on
employment is positive while the impact is negative in process innovation in a
significant part of the firm-level and sector level studies.

The literature is so limited in the context of macro-level empirical analysis
on the relationship between technology and unemployment. This paper
contributes new empirical findings to fill the gap in the macro-level empirical
literature with a unique dataset covering OECD member countries. Using the
count of IP5 patents is also new in the literature dealing with the relationship
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between technology and unemployment. In this study, S-GMM method is used for
a dynamic panel analysis for the period between 2005 and 2018.

This paper consists of four main sections. Section 1 consists of a review of
previous empirical literature followed by the estimation methodology framework in
Section 2. Section 3 consists of econometric information followed by the
econometric results in Section 4, and conclusions and policy recommendations.

Previous Empirical Studies

Most of the empirical studies examining the impact of innovation on employment
are at the firm-level and sector-level. The common distinction of the tresults
differentiates based on the type of innovation as product innovation and process
innovation. Although there are some exceptions (e.g. Cirillo, Pianta & Nascia
2018), the effect of product innovation on employment is positive in most of the
firm-level studies (Dachs & Peters, 2014; Evangelista & Vezzani, 2011; Falk, 2015;
Hall, Lotti & Mairesse, 2008; Kwon, Park, Ohm & Yoo, 2015; Lachenmaier &
Rottman, 2011; Merikall, 2008). In other words, product innovation has an
increasing effect on employment (Dagli & Kosekahyaoglu, 2021b).

On the contrary, the vast majority of empirical studies at the firm level
confirm the negative effect of process innovation on employment (Dachs &
Peters, 2014; Falk, 2015; Kwon et al., 2015; Yang & Lin, 2008). The results are
likewise at sector-level studies (Aubert-Tarby, Escobar & Rayna, 2017; Bogliacino
& Pianta, 2010; Cirillo, Pianta & Nascia, 2018; Greenan & Guellec, 2000; Huo &
Feng, 2010; Merikill, 2008; Peters, 2005; Piva & Vivarelli, 2018).

There are remarkably few studies at the macro level that address the impact
of technology on employment. Moreover, in most macro-level studies, the
relationship between technology and unemployment is uncertain/unclear (Sinclair,
1981; Simonetti, Taylor & Vivarelli, 2000; Tancioni & Simonetti, 2002). While
some studies find the variables as unrelated (Evangelista, Guerrieri & Meliciani,
2014; Matuzeviciute, Butkus & Karaliute, 2017), some of them conclude that
technology can affect employment in both directions (e.g. Sinclair, 1981). Vivarelli
(1995) found that the employment effect is negative for Italy and positive for the
USA. Simonetti, Taylor & Vivarelli (2000) claim that the effect can be
compensated in the long term.

The recent literature published for the last three years is also rich for the
effects of technology on employment. Recent econometric research of Felice,
Lamperti & Piscitello (2021) shows an overall positive relationship between
additive manufacturing technologies and employment at the industry level
According to the authors, this effect is caused due to both market expansion and
complementarity between labor and additive manufacturing technologies. Avom,
Dadegnon, & Igue (2021) revealed that technological development creates more
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employment than displacements in West African countries. According to Dottori
(2021), no harmful impact on total employment was available in Italy caused by the
effects of robots from the early 1990s up to 2016. Basol & Yalcin (2021) found
that the digital economy and society index (DESI) positively affects labor market
indicators and it increases the employment rate and decreases the long-term
unemployment rate in EU countries.

The panel threshold model of Yildirim et al. (2020) shows that technological
development increases the unemployment rate for the period of 1998-2015 in EU
countries. Bordot (2022) found that a 10% increase in the stock of industrial
robots is associated with a 0.42-point increase in the unemployment rate in OECD
countries between the years 2005 and 2017. The findings of Dauth, Findeisen,
Suedekum & Woessner (2021) indicate that automation is related to more stable
employment and the new tasks that emerged with automation are of higher quality
than the previous ones. According to Katz, Callorda & Jung (2021), the empirical
estimates suggest that jobs lost to automation seem to match the jobs being
created in Chile. Jongwanich, Kohpaiboon & Obashi (2022) find that the impact of
technological progress in Thailand on employment is limited, but it affects the
reallocation of workers between skilled and unskilled jobs. Foronda & Beverinotti
(2021) find no evidence of a displacement effect due to process innovation in
Bolivia.

A study investigating China’s labor market based on a panel data of 283
prefectural-level cities from 2010 to 2017 by Du & Wei (2021) shows that massive
adoption of robots is a significant driving force raising the unemployment rate
while there is a reverse change in the longer period. According to Domini et al.
(2021), automation spikes are linked to an increase in firms’ contemporaneous net
employment growth rate in the French manufacturing industry. Damioli, Van Roy
& Vertesy (2021) found that Al technologies generate an extra-positive effect on
companies’ labor productivity in a wide sample covering 5257 companies. Madese
& Wyrwich (2021) examined the relationship between innovation and employment
in Nigeria and find a positive relationship between process innovation and
employment growth among manufacturing and services firms.

This paper is different from the literature for a few reasons. Firstly, it uses
IP5 family patent counts which is very rare in empirical studies, secondly, it covers
33 OECD member countries and lastly it has a very unique and up to date dataset
covering 2005 to 2008.

Estimation Method

In this paper, a model with a dynamic panel data, which allows for the inclusion of a
lagged dependent as explanatory variables in the econometric analysis has been used.
However, in the context of dynamic panel data models, the inclusion of a lagged
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dependent would cause heterogeneity. Moreover, the fact that the lagged dependent
variable is correlated with unobserved effects in the model would also violate an
important assumption in the case of using the random effects model (Baltagi, 2005,
p. 135-139). So, using the least-squares method and random-effects models will be
out of the alternative since the basic econometric assumptions.

Although it is possible to deal with unobserved heterogeneity by applying the within
transformation in fixed-effects models, Nickell (1981) draws attention that it would
generate estimates which are inconsistent as the number of "individuals" tends to
infinity if the number of periods is kept fixed. Therefore, it is necessary to ensure
that the unit and time dimensions of the panel are compatible to avoid Nickell’s bias.

There are a few alternative methods to eliminate the effects and the
inconsistency caused by the correlation of individual time averages and errors in
dynamic models. Anderson & Hsiao (1982) estimator, Arellano & Bond (1991) the
generalized method of moments (GMM) estimator, Arellano & Bover (1995)/
Blundell & Bond (1998) the system generalized method of moments estimator (S-
GMM), and Keane & Runkle (1992) estimator are common methods which used
for dynamic models.

The GMM estimator suggested by Anderson & Hsiao (1981) and Arellano
& Bond (1991) uses all of the lagged variables as instrument variables to fulfill all
moment conditions. In the GMM method, which consists of two steps, firstly, the
first difference model is transformed with instrumental variables, and in the second
step, this transformed model is estimated by the generalized least squares method
(Tatoglu, 2018, p. 129).

Arellano & Bover (1995) showed that orthogonal deviations give more
efficient results as an alternative to taking first differences using the Helmert
transform. Arellano & Bover (1995) and Blundell & Bond (1998) improved the
original model by making the additional assumption that the first differences of
instrumental variables are uncorrelated with fixed effects. The S-GMM method is a
two-equation system, original and transformed (Roodman, 2009b, p. 86-87). S-
GMM provides increased efficiency by using more instrumental variables.

The classical model for a dynamic model is as follows (Hsiao, 2003, p. 69).

Yie = YVie-1 + B8 %+ + A+ U, i=1,..,N, t=1..7T, (1

In this model, yit represents dependent variable and yi,t—1 represents the
lags of it, xit is a K X 1 vector of explanatory variables, 8 is a K x 1 vector of
constants, @; and At are the (unobserved) individual and time-specific effects,
which are assumed to stay constant for given i over t and for given t over i,
respectively; and represents the effects of those unobserved variables that vary
overiand t.
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According to Roodman (2009b, p. 86), S-GMM is designed for situations
with

“1) Small T, large N panels, meaning few time periods and many
individuals; 2) a linear functional relationship; 3) one left-hand-side
variable that is dynamic, depending on its own past realizations; 4)
independent variables that are not strictly exogenous, meaning they
are correlated with past and possibly current realizations of the error;
5) fixed individual effects; and ©6) heteroskedasticity and
autocorrelation within individuals but not across them.”

Roodman (2009b, p. 128-129) suggests including time dummies, to use
orthogonal deviations in panels with gaps, to mind and report the instrument
count in GMM estimator. Asymptotic variance calculations and Monte Carlo
simulations have shown that S-GMM provides more efficient results than GMM
(Blundell & Bond, 1998, p. 116). Due to N and T dimensions of the dataset of this
paper and other econometric assumptions in dynamic panel data, S-GMM has
been chosen as the estimation method.

3. Dataset, Variables and Econometric Model

The dataset of this paper covers OECD member countries for the period between
2005 and 2018. Due to the data limitations of data, the coverage of the analysis
includes only 33 members of OECD. These OECD member countries are
Australia, Austria, Belgium, Canada, Sweden, Chile, Colombia, Czech Republic,
Germany, Spain, Finland, France, United Kingdom, Greece, Hungary, Ireland,
Iceland, Israel, Italy, Japan, Republic of Korea, Lithuania, Luxembourg, Latvia,
Netherlands, Norway, New Zealand, Poland, Portugal, Slovak Republic, Slovenia,
Switzerland and the United States of America. The dataset of the variables has
been obtained from OECD Data and OECD Stat statistics. The list of the
variables and expected correlations are shown in Table 1.
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Table 1. Variables and Expected Correlation

Variable Source Expected
Correlation
) ()
Dependent Unemployment Rate OECD Data X X
Independent IP5 Patents OECD Stat
GDP (Gross Domestic Product) OECD Data X
Public Unemployment Spending OECD Data X
Control Inflation (Consumer Price Index) OECD Data X X
FDI (Inward) OECD Data X
Long-term Interest Rates OECD Data X

This study follows Feldmann (2013), Matuzeviciute et al. (2017) and Dagli &
Kosekahyaoglu (2021a) in determining the variables included in this analysis and
creating the model. The empirical model specification is given as:

Inwj, =ay+ fyinu;, .y + B, Ing; e + B3 Ins; + By Inci o + B Infi, + B Ini; o +

By Inp; . + &, (2)

Where lnu is the natural logarithm of the unemployment rate, Ing is the
natural logarithm of the gross domestic product, US dollars per capita (current
PPPs), Ins is the natural logarithm of the public unemployment spending in the
percentage of GDP, Inc is the natural logarithm of the inflation measured by
consumer price index (CPI), Inf is the natural logarithm of the foreign direct
investment (FDI) inward flows as a share of GDP, Ini is the natural logarithm of
the long-term interest rates refer to government bonds maturing in ten years, lnp is
the natural logarithm of the count of all IP5 patents by country, and & is the error
term. Descriptive statistics of the dataset is in Table 2.
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Table 2. Descriptive statistics

Variable Mean Std. Dev.  Min. Max.
Unemployment Rate 1.940478 0.4571109  0.8183104 3.313883
GDP 10.43139 0.4315707  9.039784 11.66548
Inflation (CPI) 0.6357827 0.9407725  -4.790736 2.793154
Interest Rates 3.77899 2.570749 -0.362 22.4975
FDI (Inward) 0.8715566 1.209196 -5.418353 4.897791
Public Unemployment -0.6216012 0.9524514  -5.5214061 1.275083
Spending

IP5 Patents 6.364103 2.248646 1.880914 11.11284

In this study, which analyzes the impact of technology on unemployment,
the unemployment rate is used as the dependent variable and the count of IP5
patents is used as the technology variable. In the selection of patent classification,
the IP5 patent family has been chosen to provide a comparison with the data of all
countries within the scope of the analysis and to be free from technical,
geographical or national legislation differences.

“IP5 patent families refer to patents that have been filed in at least
two IP offices worldwide, one of which among the Five IP offices
(namely the European Patent Office, the Japan Patent Office, the
Korean Intellectual Property Office, the US Patent and Trademark
Office and the State Intellectual Property Office of the People
Republic of China)” (OECD, 2022).

In the dynamic empirical model of this paper, gross domestic product
(GDP), public unemployment spending, consumer price index (CPI), foreign
direct investments (FDI) flows (inward), and long-term interest rates are used as
control variables.

According to the economics literature, the value of inward direct investments
is expected to reduce the unemployment rate (Abor & Harvey, 2008; Chang, 2007;
Sharma & Cardenas, 2019). Therefore, a negative correlation between the
unemployment rate and FDI is expected in the analysis. Okun's (1962) law predicts
the relationship between the unemployment rate and GDP. That predicts a roughly
2% increase in output for every 1% reduction in the unemployment rate. Previous
empirical studies confirm the inverse relationship between these variables (Adanu,
2005; Kangashatju, Tavera & Nijkamp, 2012; Lee, 2000; Pierdzioc, Rilke &
Stadtmann, 2011; Sogner, 2001; Ségner & Stiassny, 2002).
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OECD (2022) defines public unemployment spending as “expenditure on
cash benefits for people to compensate for unemployment”. Public unemployment
spending is expected to boost unemployment (Fraile & Ferrer, 2005; Nickell,
Nunziata & Ochel, 2005). Inflation measured by the consumer price index (CPI) is
defined as “the change in the prices of a basket of goods and services that are
typically purchased by specific groups of households” (OECD, 2022). The Phillips
curve named after William Phillips (1958) is an economic concept stating that
corresponding rates of rising in wages have an inverse relationship with
unemployment. In a modified version of the Philips curve, Samuelson & Solow
(1960) hypothesize an inverse relationship between rates of unemployment and
inflation.

Empirical Results

The S-GMM one-step and two-step estimation results are shown in Table 3 which
was obtained with the “xtabond2” command developed by Roodman (2009b). In
dynamic panel data analysis, uncorrected two-step standard errors are unreliable.
For this reason, it is applied finite-sample correction suggested by Windmeijer
(2005) to obtain robust standard errors. The standard errors in Table 3 are robust
standard errors. In addition, "orthogonal deviations" proposed by Arellano &
Bover (1995) are used instead of first differences to reduce data loss caused by the
first difference method. In this method, instead of the difference of the previous
period from the current period, the difference of the average of all future values of
the variable is used (Tatoglu, 2018, p. 130).
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Table 3. S-GMM One Step and Two Step Estimation Results

ONE-STEP TWO-STEP

Variable S-GMM S-GMM Expected Result
L.Unemployment 0.705%** 0.714%+* +/- v
GDP 0.274 0.251 - X
Inflation (CPI) -0.028*** -0.035%+* +/- v
Interest Rates 0.020%** 0.021#%* + v
FDI (Inward) -0.059%F* -0.0607%+* - v
Unemp. Spending 0.103%** 0.089** + v
IP5 Patents -0.077%F* -0.071#%x +/- v
Constant 0.827 0.792

Number of Groups 33 33

Number of Instruments 31 31

Year Dummies Yes Yes

F Statistic 8439.33 929.68

AR (2) p-value 0.052 0.065

Hansen Statistic p-value 0.311 0.311

*k p<0.01, ** p<0.05, * p<0.1

According to panel data analysis, it is seen that all the control variables but
GDP are statistically significant. The independent variable, IP5 patents
representing technology is statistically highly significant (p value= 0,01) and has a
negative correlation with the dependent variable. In other words, it is seen that a
1% increase in technology reduces unemployment by 0.07%. This empirical
finding shows that, contrary to the general prejudice, technology has a small but
positive effect on unemployment.

The relationship of GDP, which is used as a control variable, with
unemployment is not statistically significant. The relationship between the CPI,
which is used as an inflation indicator, and the unemployment rate is negative and
statistically significant at the 1% significance level. According to the findings, a 1%
increase in CPI reduces the unemployment rate by 0.035%. The long-term interest
rates have the expected sign (+) and are statistically significant at the 1%
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significance level, and a 1% increase in the long-term interest rates increase the
unemployment rate by 0.021%. The relationship between FDI inflows and the
unemployment rate is negative, consistent with the literature, it is statistically
significant at the 1% significance level, and a 1% increase in FDI reduces the
unemployment rate by 0.06%. Public unemployment expenditure is statistically
significant at the 1% significance level, and a 1% increase in public unemployment
expenditures increases the unemployment rate by 0.089%.

For the estimators to be accepted as stable and reliable, it is necessary to test
the validity of the instrumental variables and the second-order autocorrelation test
(Arellano and Bond, 1991; Arellano & Bover, 1995; Blundell & Bond, 1998). The
Hansen (1982) J and Sargan (1958) tests are commonly recommended for testing
over-identifying restrictions (Arellano, 2003, p. 193; Roodman, 2009a, p. 141;
2009b, p. 97). The null hypothesis is not rejected in the Hansen ] test. That means
over-identifying restrictions are valid and variables are exogenous. In addition, the
results are close to the ideal values suggested by Roodman (2009b) in the Hansen |
test (p-value: 0.31). There must be no second-order autocorrelation in GMM
analysis (Mileva, 2007, p. 7). The autocorrelation test confirms that there is no
second-order autocorrelation (AR2 p= 0.07). In addition, the F statistic used in the
analysis is also significant and confirms that the econometric model is significant as
a whole.

Conclusions and Policy Recommendations

Today, technology is growing faster than ever before and has an exponential effect.
The change in production structures and the nature of the business with the
impact of technology brings along some concerns. One of the most discussed of
these concerns is the impact of technology on unemployment. This debate, which
has its roots in the 1930s, has flared up again today with the impact of unique
technologies such as artificial intelligence and the internet of things.

On the one hand, the automation process causes robots to replace workers,
but on the other hand, more efficient markets emerge with cost reduction due to
increased efficiency. However, with the effect of increasing productivity, many new
sectors and new jobs are emerging. This contributes to a substantial compensation
mechanism for job losses. Thanks to the compensation mechanisms that emerge
with the process that Schumpeter calls creative destruction, new job opportunities
emerge instead of lost ones. The center of the debate is whether job losses or
newly created jobs will dominate. The focus of this discussion will be to point out
the ultimate impact of technology on unemployment. Obviously, there is no
consensus in the literature about the future impacts of technological breakthroughs
on employment. The clear point is that the current skills will not match the
occupations of the future and the companies will need many new skills.
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Technological advances will create millions of jobs but the other millions of jobs
will disappear in this process. New forms of work such as digital labor or remote
teleworking diversify the labor life and the labor terminology.

In the empirical part of the study, the data set covering the OECD countries
for the years 2005-2018 is used and the relationship between technology and
unemployment is analyzed with a dynamic panel data analysis. In the econometric
analysis, Arellano & Bover/ Blundell & Bond’s “S-GMM” method one-step and
two-step estimators are used. The independent variable, IP5 patents representing
technology is statistically highly significant and has a negative correlation with the
dependent variable. In other words, it is seen that a 1% increase in technology
reduces unemployment by 0.07%. This empirical finding shows that, contrary to
the general prejudice, technology has a small but positive effect on unemployment.

For now, it seems impossible to predict with certainty the future impact of
technology on unemployment. However, history is a good sign which shows that
the human workforce adapts to changing conditions and continues to find new
jobs in the changing and emerging business world with technology. In the light of
the findings of this paper and related literature, it is evaluated that there is no room
for great technology-based concern in terms of unemployment. The nature of
occupations and business models are changing by automation. Brynjolfsson &
McAfee (2014) advise employees to learn to compete with machines instead of
competing against machines.

For future studies, it is recommended to analyze the relationship between
technology and unemployment with different technology variables. These variables
could be a different international patent classification, the number of industrial
robots or the global innovation index. In addition, it is also recommended to
conduct studies on the social effects of technology in the economy. The empirical
studies on skill-biased and routine-biased technological change and job polarization
also could make a significant contribution to the literature.

Genisletilmis Ozet

Endustri 4.0 ¢agt yasamin, Uretimin, ticaretin ve hizmetlerin her alaninda akill
teknolojileri  beraberinde getirmektedir. Makine Ogrenimi ve yapay zeka
teknolojileri sayesinde endiistriyel robotlar her gecen giin daha akilli hale
gelmektedir. Guntmizde teknoloji her zamankinden daha hizli ve Gstel bir etkiye
sahip olarak biyiimektedir.. Teknolojinin etkisiyle iretim yapilarinin, isin ve
isgiicinin dogasinin degismesi ise bazt endiseleri de beraberinde getirmektedir. Bu
endiseler icerisinde en ¢ok tartisilanlardan biri teknolojinin issizlik tzerindeki
etkisidir. 1930'lu yillara dayanan bu tartisma, gintimiizde yapay zeka teknolojileti ve
nesnelerin interneti gibi benzersiz teknolojilerin de etkisiyle yeniden alevlenmis ve
farklt boyut almistir.
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Bu calisma, OECD ilkelerine odaklanarak gelisen teknolojinin igsizlik
tzerindeki etkisini incelemektedir. Literatirde teknolojik atiimlarin istithdam
tzerindeki gelecek etkileri hakkinda bir fikir birligi olmadig1 actktir. Acik olan nokta
ise mevcut becerilerin gelecegin meslekleriyle Ortismeyecegi ve sitketlerin ve
kurumlarin  bircok yeni beceriye ihtiya¢ duyacagidir. Teknolojik gelismeler
milyonlarca is yaratacak ancak yine milyonlarca is bu siirecte yok olacaktir. Bu
calismanin amaci, teknolojinin istthdam tzerindeki etkisi ile ilgili olarak, literatiirde
nicel olarak oldukea yetersiz olan makro diizeyde bir ¢alisma ile teknolojinin issizlik
tzerindeki nihai etkisine isaret etmektir. Bu ¢alisma birka¢ nedenden dolayt mevecut
literatiirden farkhidir. Birincisi, ampirik calismalarda ¢ok nadir gorillen IP5 ailesi
patent sayilarint kullanmakta, ikincisi veri seti 33 OECD fyesi tlkeyi kapsamakta ve
son olarak 2005-2008 ydlarin1 kapsayan 6zglin ve giincel bir veri seti
kullanmaktadir.

Literatiirde hali hazirda mevcut calismalardan, firma dizeyinde ve sektor
diizeyinde yapian calismalarin 6nemli bir bélimiinde tUrtn yeniliginin istthdam
tzerindeki etkisinin olumlu, siire¢ yeniliginin etkisinin ise olumsuz oldugu
gorilmektedir. Literatlr, teknoloji ve issizlik arasindaki iliski tzerine makro
diizeyde ampirik analiz baglaminda ise ¢ok sinirlidir. Bu makale, OECD iye
tilkelerini kapsayan benzersiz bir veri seti ile makro diizeyde ampirik literatiirdeki
bu boslugu doldurmak icin yeni ampirik bulgulara katki sunmayr amaclamaktadir.

Bu calismada, ekonometrik analize agiklayict degiskenler olarak gecikmeli bir
bagimlinin dahil edilmesini saglayan dinamik panel veri igeren bir model
kullanilmistir. Calismanin ampirik kisminda 2005-2018 yillart icin OECD iilkelerini
kapsayan veri seti kullanimis ve teknoloiji ile issizlik arasindaki iligki dinamik panel
veti ile analiz edilmistir. Ekonometrik analizde Arellano & Bover/ Blundell &
Bond'un “S-GMM” yontemi bir asamali ve iki asamali tahmin edicileri
kullanilmistir.

Verilerin sturhiliklart nedeniyle, analizin kapsami OECD'nin tim tyeletini
degil, sadece 33 uyesini icermektedir. Calismaya dahil edilen OECD tiyesi tlkeler:
Avustralya, Avusturya, Belcika, Kanada, Isvec, Sili, Kolombiya, Cek Cumbhuriyeti,
Almanya, Ispanya, Finlandiya, Fransa, Birlesik Krallik, Yunanistan, Macaristan,
Itlanda, 1zlanda, Istail, 1talya, Japonya, Kore Cumbhuriyeti, Litvanya, Liksemburg,
Letonya, Hollanda, Norveg, Yeni Zelanda, Polonya, Portekiz, Slovak Cumhuriyeti,
Slovenya, Isvicre ve Amerika Birlesik Devletleri’dir. Degiskenlerin veri seti OECD
Data ve OECD Statistics veri bankasindan elde edilmistir.

Teknolojinin igsizlik Gzerindeki etkisinin analiz edildigi bu ¢alismada, bagimh
degisken olarak issizlik orani, teknoloji degiskeni olarak ise IP5 patent sayilatt
kullanilmistir.  Patent siniflandirmasinin  segiminde IP5  patent ailesi, analiz
kapsamindaki tim ilkelerin verileriyle karsilastirma saglayacak ve teknik, cografi
ve/ veya ulusal mevzuat farkliliklarindan uzak olacak sekilde secilmistir. Bagimsiz
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degisken olan ve teknolojiyi temsil eden IP5 patent sayilari istatistiksel olarak
oldukca anlamli ve bagimli degisken ile negatif bir korelasyona sahip olarak
gorilmektedir. Diger bir deyisle, teknolojideki %1'lik bir artisin issizligi %0,07
oraninda azalttig1 gorilmektedir. Bu ampirik bulgu, genel 6nyarginin aksine
teknolojinin issizlik tizerinde kic¢lik ama olumlu bir etkisi oldugunu gostermektedir.

Otomasyon siireci bir yandan robotlarin insan is¢ilerin yerini almasina neden
olurken diger yandan artan verimlilik nedeniyle maliyetlerin diismesiyle daha
verimli pazatlar ortaya c¢ikmaktadir. Artan verimliligin de etkisiyle bircok yeni
sekt6r ve yeni isler ortaya ¢tkmaktadir. Bu durum 6ztnde is kayiplart icin 6nemli
bir telafi mekanizmasina katkida bulunmaktadir. Schumpeter'in yaratici yikim
dedigi stirecle birlikte ortaya ¢ikan telafi mekanizmalart sayesinde kaybedilenler
yerine yeni is firsatlart ortaya ctkmaktadir. Teknolojik gelismeler milyonlarca is
yaratacak ama yine milyonlatrca is de bu stirecte yok olacaktir. Tartismanin merkezi
ise, bu strecte is kayiplarinin mi yoksa yeni yaratilan islerin mi hakim olacagina
iliskindir. Bu tartismanin odak noktast da teknolojinin issizlik tzerindeki nihai
etkisine isaret etmek olacaktir. Mevcut literatiirde teknolojik yeniliklerin isglict
tzerindeki etkileri hakkinda bir fikir birligi olusmamustir.

Mevcut imkanlar dahilinde teknolojinin issizlik tizerindeki gelecek etkisini
kesin olarak tahmin etmek imkansiz gérinmektedir. Ancak yakin tarihimiz insan
isgticiniin degisen kosullara uyum sagladigint ve teknoloji ile birlikte degisen ve
gelisen is diinyasinda yeni isler bulmaya devam ettigini gisteren iyi bir isaret olarak
karsimiza ¢ikmaktadir. Bu makalenin bulgulan ve ilgili literatir 1s1ginda teknolojik
yenilikler — kaynakli  issizlik yoniinden buyik kaygilara yer olmadigt
degerlendirilmektedir. Bu makale dért ana bélimden olusmaktadir. Bolim 1,
onceki ampitik literatiiriin gézden gecirilmesini ve ardindan Bolim 2'deki tahmin
metodolojisi ¢ercevesini icermektedir. Bolim 3, ekonometrik bilgileri, ardindan
Bolim 4 ckonometrik sonuglardan ve takiben sonu¢ ve politika Snerilerinden
olusmaktadir.

Beyan

“The Rise of Technology for the Future Labor Force: The Nexus between
Technology and Unemployment in OECD Countries” baghgiyla derginize
gonderdigim ve yayimna kabul edilen galismamin yazim siirecinde herhangi bir
kurum ya da kisi ile ¢tkar catigmam olmamustir.

2789



The Rise of Technology for the Future Labor Force

REFERENCES:

Abor, J., & Harvey, S. K. (2008). Foreign direct investment and employment: Host
country experience. Macroeconomics and Finance in Emerging Market Economies,
1(2), 213-225.

Adanu, K. (2005). A cross-province comparison of Okun's coefficient for Canada.
Applied Economies, 37(5), 561-570.

Anderson, T. W., & Hsiao, C. (1981). Estimation of dynamic models with error
components. Journal of the American Statistical Association, 76, 598-600.

Anderson, T. W., & Hsiao, C. (1982). Formulation and estimation of dynamic
models u-using panel data. Journal of Econometrics, 18, 47-82.

Arellano, M. (2003). Panel data econometrics. Oxford: Oxford University Press.

Arellano, M., & Bond, S. (1991). Some tests of specification for panel data: monte
carlo evidence and an application to employment equations. Review of Econonsic
Studies, 58, 277-297.

Arellano, M., & Bover, O. (1995). Another look at the instrumental variables
estimation of error component models. Journal of Econometrics, 68, 29-51.
Aubert-Tarby, C., Escobar, O. R., & Rayna, T. (2017). The impact of technological
change on employment: the case of press digitisation. Technological Forecasting

& Social Change, 128, 36-45.

Avom, D., Dadegnon, A. K., & Igue, C. B. (2021). Does digitalization promote net
job creation? Empirical evidence from WAEMU countties. Telecommunications
Poligy, 45(8), 102215.

Baltagi, B. H. (2005). Econometric analysis of panel data. New York, NY: John Wiley &
Sons Inc.

Basol, O., & Yal¢in, E. C. (2021). How does the digital economy and society index
(DESI) affect labor market indicators in EU countries? Human Systems
Management, 40(4), 503-512.

Bimber, B. (1990). Karl Marx and the three faces of technological determinism, Socia/
Studies of Science, 20(2), 333-351.

Blundell, R., & Bond, S. (1998). Initial conditions and moment restrictions in
dynamic panel data models. Journal of Econometrics, 87, 115-143.

Bogliacino, F., & Pianta, M. (2010). Innovation and employment: A reinvestigation
using revised Pavitt classes. Research Policy, 39, 799-809.

Bordot, F. (2022). Artificial intelligence, robots and unemployment: Evidence from
OECD countties. Journal of Innovation Economics Management, 37(1), 117-138.

Brynjolfsson, E., & McAfee, A. (2014). The second machine age: Work, progress,
and prosperity in a time of brilliant technologies. New York, NY: W.W.
Norton.

2790



The Rise of Technology for the Future Labor Force

Chang, S. C. (2007). The interactions among foreign direct investment, economic
growth, degree of openness and unemployment in Taiwan. Applied Economics,
39(13), 1647-1661.

Cirillo, V., Pianta, M., & Nascia, L. (2018). Technology and occupations in business
cycles. Sustainability, 10(463), 1-25. doi.org/10.3390/su10020463

Dachs, B., & Peters, B. (2014). Innovation, employment growth, and foreign
ownership of firms. Research Policy, 43(1), 214-232.

Dagli, 1., & Késekahyaoglu, L. (2021a). Bilim ve teknoloji politikalari baglaminda
teknoloji-issizlik iliskisi: Ampirik bir inceleme. Yagar Universitesi E-Dergisi,
16(63), 1237-1255. doi: 10.19168 /jyasar.911828

Dagly, 1., & Késekahyaoglu, L. (2021b). Will destructive destruction beat creative
destruction? Does the rising of technology favor the future of humanity? In B.
Seleuk, S. Unal, Y. L. Mert (Ed.), Academic Studies in Social Sciences (pp. 231-
253), Izmir: Duvar Yaymevi.

Damioli, G., Van Roy, V., & Vertesy, D. (2021). The impact of artificial intelligence
on labor productivity. Eurasian Business Review, 11(1), 1-25.

Dauth, W., Findeisen, S., Suedekum, J., & Woessner, N. (2021). The adjustment of labor
markets to robots. Journal of the Enropean Economic Association, 19(6), 3104-3153.

Domini, G., Grazzi, M., Moschella, D., & Treibich, T. (2021). Threats and
opporttunities in the digital era: automation spikes and employment dynamics.
Research Poliey, 50(7), 104137.

Dottori, D. (2021). Robots and employment: evidence from ltaly. Economia Politica,
38(2), 739-795.

Du, Y., & Wei, X. (2021). Technological change and unemployment: evidence from
China. Applied Economics Letters, DOI: 10.1080/13504851.2021.1896666.
Evangelista, R., & Vezzani, A. (2011). The impact of technological and
organizational innovations on employment in Buropean firms. Industrial and

Conporate Change, 21(4), 871-899.

Evangelista, R., Guerrieri, P., & Meliciani, V. (2014). The economic impact of digital
technologies in Europe. Economics of Innovation and New Technology, 23(8), 802—824.

Falk, M. (2015). Employment effects of technological and organizational
innovations: evidence based on linked firm-level data for Austtia. Jahrbiicher
Fiir Nationalikonomie Und Statistife, 235(3), 268-285

Feldmann, H. (2013). Technological unemployment in industrial countties. Journal of
Evolutionary Economics, 23, 1099-1126.

Felice, G., Lamperti, F., & Piscitello, L. (2021). The employment implications of
additive manufacturing. Industry and Innovation,
https://doi.org/10.1080/13662716.2021.1967730

Foronda, C., & Beverinotti, J. (2021). Effects of innovation on employment: An analysis
at the firm level in Bolivia (No. 11626). Inter-American Development Bank.

2791



The Rise of Technology for the Future Labor Force

Fraile, M., & Ferrer, M. (2005). Explaining the determinants of public support for
cuts in unemployment benefits spending across OECD countties. International
Sociology, 20(4), 459-481.

Freeman, C. & Soete, L. (1997). The economics of industrial revolution, MIT Press.

Greenan, N., & Guellec, D. (2000). Technological Innovation and Employment
Reallocation. Labor, 14(4), 547-590.

Hall, B. H., Lotti, F., & Mairesse, J. (2008). Employment, innovation, and
productivity: evidence from Italian microdata. Industrial and Corporate Change,
17(4), 813-839.

Hansen, L. P. (1982). Large sample properties of generalized method of moments
estimators. Econometrica, 50, 1029-1054.

Hsiao, C. (2003). Analysis of panel data, Cambridge: Cambridge University Press.

Huo, J., & Feng, H. (2010). The political economy of technological innovation and
employment. Comparative Political Studies, 43(3), 329-352.

Jongwanich, J., Kohpaiboon, A., & Obashi, A. (2022). Technological advancement,
import penetration and labor markets: Evidence from Thailand. World
Development, 151, 105746.

Kangasharju, A., Tavera, C., & Nijkamp, P. (2012). Regional growth and
unemployment: The validity of Okun’s law for the Finnish regions. Spatia/
Economic Analysis, 7(3), 381-395.

Katz, R., Callorda, F., & Jung, J. (2021). The impact of automation on employment
and its social implications: evidence from Chile. Economics of Innovation and New
Technology, DOI: 10.1080/10438599.2021.1991798.

Keane, M. P., & Runkle, D. E. (1992). On the estimation of panel-data models with
serial correlation when instruments are not strictly exogenous. Journal of
Business and Economic Statistics, 10, 1-9.

Kwon, S. J., Patk, E., Ohm, J. Y., & Yoo, K. (2015). Innovation activities and the
creation of new employment: An empirical assessment of South Korea’s
manufacturing industry. Social Science Information, 54(3), 354-368.

Lachenmaier, S., & Rottmann H. (2011). Effects of innovation on employment: A
dynamic panel analysis. International Journal of Industrial Organization, 29, 210-220.

Lee, J. (2000). The robustness of Okun’s law: Evidence from OECD countties.
Journal of Macroeconomics, 22(2), 331-356.

Leontief, W. (1979). Is technological unemployment inevitable?, Challenge, 22(4), 48-50.

Matuzeviciute, K., Butkus, M., & Karaliute, A. (2017). Do technological innovations
affect unemployment? Some empirical evidence from European countries.
Economies, 5(48), 1-19.

Medase, S. K., & Wyrwich, M. (2021). The role of innovation for employment
growth among firms in developing countries: Evidence from Nigeria. African
Journal of Science, Technology, Innovation and Development, 1-10.

2792



The Rise of Technology for the Future Labor Force

Merikdll, J. (2008). The impact of innovation on employment: Firm- and industry-
level evidence from Estonia. Ees# Pank Bank of Estonia, Working Paper Series,
1/2008.

Mileva, E. (2007). Using Arellano-Bond dynamic panel GMM estimators in Stata, New
York: Fordham University.

Nickell, S. (1981). Biases in dynamic models with fixed effects. Econometrica, 49, 1417-
1426.

Nickell, S., Nunziata, L., & Ochel, W. (2005). Unemployment in the OECD since
the 1960s. What do we know? The Economic Jonrnal, 115 (500), 1-27.

OECD (2022). Patents by technology. https://stats.oecd.org/Index.aspxrDataSetCode
=PATS_IPC (retrieved November 11, 2021).

Okun, A. (1962). Potential GNP: Its measurement and significance. Proceedings of the
Business and Economic Statistics Section of the American Statistical Association, 7(1),
89-104.

Peters, B. (2005). Employment effects of different innovation activities:
Microeconometric evidence. ZEW-Centre for Eurgpean Economic Research,
Discussion Paper 04-073.

Phillips, A. W. (1958). The relationship between unemployment and the rate of
change of money wage rates in the United Kingdom 1861-1957. Economica,
25, 283-299.

Pierdzioch, C., Riilke, J.C., & Stadtmann, G. (2011). Do professional economists’
forecasts reflect Okun’s law? Some evidence for the G7 countries. Applied
Economies, 43(11), 1365-1373.

Piva, M., & Vivarelli, M. (2018). Is innovation destroying jobs? Firm-level evidence
trom the BU. Sustainability, 10(1279), 1-16.

Ricardo, D. (1817). The principles of political economy & taxation, Kitchener, 3rd. Edition,
1821, Canada: Batoche Books

Roodman, D. M. (20092). A note on the theme of too many instruments. Oxford
Bulletin of Economics and Statistics, 71, 135—158.

Roodman, D. M. (2009b). How to do xtabond2: An introduction to “Difference”
and “System” GMM in Stata. The Stata Journal, 9(1), 86-136.

Samuelson, P. A., & Solow R. M. (1960). Analytical aspects of anti-inflation policy.
American Economic Review, 50, 177-94.

Sargan, J. D. (1958). The estimation of economic relationships using instrumental
variables. Econometrica, 26, 393-415.

Schumpeter, J. A. (1943). Capitalism, socialism and democracy, 2003, New York: Harper
Collins. ISBN 0-203-26611-0

Schumpeter, J.A. (1939). Business cycles: A theoretical, historical, and statistical analysis of the
capitalist process, (Ed.Rendigs Fels) ,New York and London : McGraw-Hill, 1964.

2793



The Rise of Technology for the Future Labor Force

Schwab, K. (2016). The fourth industrial revolution. Currency. Switzerland: World
Economic Forum.

Schwab, K. (2018). Shaping the future of the fourth industrial revolution. New York: World
Economic Forum.

Sharma, A., & Cardenas, O. (2019). The labor market effects of FDI: A panel data
evidence from Mexico. lnternational Economic Journal, 1-17.

Simonetti, R., Taylor, K., & Vivarelli, M. (2000). Modelling the employment impact of
innovation. In M. Pianta and M. Vivarelli (Eds.), The employment impact of
innovation: evidence and policy (pp. 26-46), Routledge.

Sinclair, P. J. N. (1981). When will technical progress destroy jobs? Oxf. Econ. Pap.,
31, 1-18.

Smith, A. (17706). An inguiry into the nature and causes of the wealth of nations, (Edited with
an Introduction, Notes, Marginal Summary and an Enlarged Index by Edwin
Cannan), London: Methuen. 1904.

Ségner, L. (2001). Okun's law does the Austrian unemployment—GDP relationship
exhibit structural breaks? Empirical Economics, 26, 553-564.

Ségner, L., & Stiassny, A. (2002). An analysis on the structural stability of Okun’s
law-a cross-country study. Applied Economics, 34(14), 1775-1787.

Tancioni, M., & Simonetti, R. (2002). A macroeconometric model for the analysis of
the impact of technological change and trade on employment. Journal of
Interdisciplinary Economics, 13, 185-221.

Tatoglu, Y. F. (2018). Ileri panel veri ekonometrisi: Stata mygulamals. Istanbul: Beta
Yayincilik.

Vivarelli, M. (1995). The economics of technology and employment: Theory and empirical evidence,
Lyme: Edward Elgar.

Windmeijer, F. (2005). A Finite sample correction for the variance of linear efficient
two-step GMM estimators. Journal of Econometrics, 126, 25-51.

Yang, C-H., & Lin, C-H.A. (2008). Developing employment effects of innovations:
microeconometric evidence from Taiwan. Developing Economies, 46, 109-134.

Yildirim, D. C., Yildirim, S., Erdogan, S., & Kantarci, T. (2020). Innovation-
unemployment nexus: The case of EU countries. International Journal of Finance
& Economics. https:/ /doi.org/10.1002/ijfe.2209

2794



