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Can Increasing the R&D Intensity Lower Unemployment
Rate? Case of Five Selected European Countries

Serhan CIFTCIGLU — Amin SOKHANVAR

Abstract

This paper empirically examines the short-term aong-term effects of
changes in R&D intensity on particularly the rateumemployment in addition
to economic growth for a sample of five Europeaantoes. Utilizing annual
data for the sample period of 1991 — 2017, twora#teve methodologies, namely
the ‘ARDL bounds testing’ and ‘PMG estimation’ amployed. The empirical
results have shown that there exists a long-ruati@hship between R&D, un-
employment rate, and economic growth in four offiv® countries investigated.
Furthermore, the results of panel data analysisehauggested that even though
in the long-run a given increase in R&D is liketylower the rate of unemploy-
ment (in the average country of the sample), irsti@t-run, it can have adverse
effects on unemployment. The paper argues that thegpirical results can be
taken as an evidence for the idea that even thdigldominant form of tech-
nological change is in the form of ‘new task creatiinstead of ‘automation’,
in the short-run new technologies may lead to amease in the rate of unem-
ployment due to the possible mismatch betweenkite required by the newly
created tasks (jobs) and the skills of the existingl of workers.

Keywords: R&D; unemployment rate, economic growth, technalalgorogress
JEL Classification: E24, J23, O00, 015, O38

Introduction

Since the seminal work of Solow (1957) which haggested that in the long-
-run, the main engine of sustained improvementpdn capita income is the
growth in productivity that results from technolcai progress, the economists
have been trying to better understand the posditlerminants of the rate of this
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progress. The original Solow model (also known es-classical growth model)
assumes that the rate of technological progresgagenously given. However,
the subsequent works by a new generation of ecaterhave shown how this
rate can be endogenously determined through alteenehannels such as pro-
duction process itself, and accumulation of respeditocks of physical capital
(through investment) and human capital (Romer, 1%8mer, 1990; Lucas,
1988). Some variants of this new line of work (Whitas been referred to as
New Growth Theory) have been based on the assumfiat the ‘process of
production of new knowledge’' (new technologieskimilar to that of produc-
tion of ordinary goods and services; in both caies,inputs to the production
process are capital and labor. Therefore, techrzabgrogress requires allocat-
ing relatively larger amounts of labor and captitathe sector specializing in the
production of new knowledge which, in practice, methe R&D (Research and
Development) sector. In the neo-classical growsioth, it is implicitly assumed
that technological progress improves the respegtigductivities of all types of
factors of production in a proportional manner. Ahdt’'s why in neo-classical
growth model the general increase in the produsssiof all inputs resulting
from a given improvement in technology is refertedas an improvement in
total factor productivity (TFP). This aspect of reassical growth models natu-
rally embodied the implicit assumption that teclogatal improvements are
neutral in terms of their productivity effects oiffetent types of inputs (such as
capital and labor). And this, in turn, suggestedt tander certain conditions
(such as competitive markets and constant returrseale), technological pro-
gress is expected to increase the demand for labibr land capital in similar
proportions. This property of standard growth medstems to have provided
the foundation of a somewhat optimistic outlookareling the long-term sus-
tainability of the improvements in living standaraisd the attainability of rela-
tively low rates of unemployment.

The optimistic view of technological progress ¢fii summarized above)
naturally explains (to a great extent) the mainivadion for ever growing focus
of public policymaking on R&D in the last few deead In particular, econo-
mists and policymakers have been attempting togdeand implement both
micro and macro-based policies to stimulate R&méf of not only private and
public sectors but also institutes of higher edocatAnd this is well justified in
light of the fact that there is a body of empiritedrature that has produced evi-
dence of R&D having positive effects on producyiaind output growth both at
micro (firm and industry) and macro (aggregate eowy) levels. We briefly
present the findings of some of this literatureha next section. However re-
cently some authors such as Sachs and KotlikoffZp0Acemoglu and Restrepo
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(2017; 2018a; 2018b; 2018c and 2018d) have stajtedtioning the positive
and optimistic outlook that both neoclassical aed growth theory-based models
have portrayed in terms of the impact of technaalimprovements on key
macro-parameters. Their works have suggested that technologies might
have adverse effects not only on unemployment acahne distribution but also
on economic growth. The main motivation of this nkme of theoretical re-
search seems to be the rising unemployment otcpéatly unskilled labor and the
corresponding increase in the degree of incomeurléy not only between the
owners of capital and labor but also between tlikedikand unskilled labor. The
main argument of this new line of research is tteaithat one of the main fac-
tors responsible for the rising unemployment amine inequality could be the
nature of the technological progress itself. Wes@né and discuss the key aspects
of this new line of theoretical research particylam terms of their assumptions
and predictions in some detail in the next sectidowever, it is worth to note
that the nature of technological progress is netahly possible source of rising
income inequality. Globalization in the form of ieased trade, capital flows,
and offshoring possibilities could have been plgyan important role in this
process (Grossman and Rossi-Hansberg, 280@y, Dorn and Hanson, 201L5

The possibility of technological changes (resgltirom R&D) having nega-
tive impact on unemployment and even economic drofilirough lowering
national saving rates) forms the main motivatiorthef present study. Blanchard
(2009) has argued that such concerns are notigasiih light of the positive
correlation between productivity growth and empleyinin the twentieth centu-
ry in advanced economies such as US and Japan.uydoas pointed out earlier
above, the recent socio-economic developmentsrimst®f persistence of high
unemployment of particularly unskilled labor as et growing income and
wealth inequality in the era of increased intensityR&D has prompted a new
line of research that has been particularly aimahgdentifying the conditions
under which technological changes can generate sofdwvorable outcomes.
The likelihood of negative outcomes seems to badrigf the nature of techno-
logical change is in the form of automation inste&task creation which is dis-
cussed in some detail in the next section.

In light of the points raised above, the preséumdysis an attempt to empiri-
cally investigate the relationship between R&D sty (proxied by the total
R&D expenditures as a percentage of GDP) and ureymant rate and eco-
nomic growth (both in the short-run and long-rumy) & sample of five European
countries. However, we note that the main focuswf paper is on R&D and
Unemployment nexus which is largely missing in moktthe past empirical
literature. The methodologies employed in our efogiranalysis are as follows:
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First, we apply the ARDL bounds testing approaclexamine the presence of
a long-run relationship between R&D, unemploymemd @conomic growth in
each country individually. Secondly, we use ARDLu{éregressive Distributed
Lag) approach to examine the nature of the dynaettionship between unem-
ployment rate and R&D for the panel of five cousdrimaking our sample over
the period of 1991 — 2017.

The rest of the paper is organized as follows: g section is particularly
devoted to the discussion of the main insights angdments of the recent theo-
retical literature in addition to the brief presaiun of the key findings of the
selected past empirical literature. The secondthind sections are the Data and
Methodology sections. The empirical results aresgméed and interpreted in the
fourth section. The last section concludes withieflsummary of the key find-
ings of the paper and their policy implications.

1. Literature Review

In this section, first, we present the key inssgbt the selected (particularly
recent) theoretical literature that primarily foedson the dynamic effects of
technological changes on unemployment, economiwtty;oand income distri-
bution. Then we briefly report the key findingsthé relevant empirical litera-
ture which have exclusively focused on investigatihe productivity and in-
come effects of increased R&D intensity without rek@ng unemployment —
R&D nexus.

One of the theoretical models that suggests keahature of the employment
effect of a given improvement in technology is likeo be ambiguous is that of
Blanchard (2009). Blanchard specifies a produdfimttion whereby the output
is produced using labor and the level of technoldgiermines the productivity
level of a unit of labor. This feature of the modetans that technological pro-
gress automatically leads to (labor) productivitpwgth. In this simple model,
the employment effects of productivity growth amabéguous; it depends on
whether or not the output growth (resulting frorgher productivity) is propor-
tionately bigger or smaller than productivity growitself. If it is bigger, then
employment increases. Otherwise, it decreasescBéad argues that the answer
in the short-run will critically depend on the soeirof productivity growth. If the
source of productivity growth is the general impétation of a new invention,
this is likely to increase not only the aggregatepdy at each price level but also
the aggregate demand for consumer and investmendtsdry making consumers
and firms more optimistic about future income. histcase, output and employ-
ment increase in the short-run. However, if thersewf productivity growth is
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the improvement in the efficiency of firms (in ugiexisting technologies) there
is no guarantee that aggregate demand will incréxsehe contrary, firms may
lay off some workers as they attempt to improvecificy. And this may lead to
workers’ pessimism about future income prospedcdifey to lower consumption
and higher savings. In Blanchard model, in the mnadierm, the natural rate of
unemployment is not affected by productivity groveid therefore by techno-
logical progress as long as workers have perfeesight in forming their expec-
tations of productivity growth. If the workers cartradjust their expectations
quickly to a given decrease in productivity growthe natural rate of unem-
ployment may increase. In contrast, when actualymtivity growth happens to
be higher than the expected productivity growtis thill lower the natural rate
of unemployment through the changes in the reabwaghe medium term.

The rising income inequality in the last few dezmdhas been the focus of
research by a number of authors such as Atkindoke®y and Saez (2011) and
Gordon (2009). It has been shown that the recerdeming of income inequality
has particularly two features; the falling shardatior income relative to that of
capital and the growing discrepancy between theestfawage income of highly
skilled labor and that of unskilled labor. As Saelmsl Kotlikoff (2012) suggest
these two aspects of growing income inequality f@yassociated with the ac-
celerated growth in brain machine power. In additi® may point out to the
possibility of the recent technological progresmgeskill-biased’; it is favoring
skilled labor.

In addition to the possibility of technological astges worsening income
distribution, some authors have even started senthie possibility of technolog-
ical progress exerting adverse effects on the gooé economic growth. For
example, Zuleta (2004; 2008 and 2012) have shownthohnological progress
can negatively affect capital accumulation and ougrowth in the long-run.
Another study that used an overlapping generatimsed model to show the
possibility of ‘immiserizing technological progréss that of Sachs and Kotlikoff
(2012). In their model, they assume that all thengpgenerations are ‘unskilled
labor’ who work with machines to produce ‘intermegdi products’ which, in
turn, are used together with ‘skilled labor’ (whe @ld generations) to produce
the final output. The authors show that under @geanditions, an improvement
in the efficiency of machines can lower output giftovin the long-run by ne-
gatively affecting saving rate and rates of accatioh of both physical and
human capital. The conditions that will increase ltkelihood of such a negative
outcome of technological progress are given ash'kigpstitutability of machines
and unskilled labor’, ‘low substitutability of immediate goods and skilled labor’
and ‘high share of skilled labor in the final outpu
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There are a number of authors who have been pgiotit that the process of
‘substitution of machines in place of labor’ haseatly started exerting adverse
effects on employment and wages in particularlyaaded economies such as
US. For example, Brynjolfsson and McAfee (2012)cMiels, Natraj and Van
Reenen (2014), Ford (2015) and Acemoglu and Res{@Qil7) have empirically
produced some evidence of how automation, robadiad, artificial intelligence
might have been affecting real wages and employwwiemiskilled and medium-
skilled labor negatively. However, Acemoglu and tRe®o (2017) suggest that
these observed (negative) effects do not refleetaluilibrium impact effects’
of new technologies, and the dynamic adjustmentvajes and employment
levels will continue into the future resulting iprebably) with less pessimistic
equilibrium outcomes in terms of employment andme distribution. This less
pessimistic view of authors is supported by thedigtens of the ‘task-based’
nature of the technology aspect of the model thexelbped and used as a basis
of their empirical analysis. In this model, robatsmpete against labor in the
production of a variety of tasks. The introductioihrobots to the production
process may affect employment and wages negatorefyositively depending
on the relative sizes of these opposing effecte Adgative effect of robots on
employment is due to the ‘direct displacement bbtaby robots. And the posi-
tive effect operates through the economy-wide esjoaary effects of higher
productivity (resulting from the use of robots) aggregate demand that stimu-
late the demand for labor. Authors’ estimates f& étonomy suggested that so
far, the negative impact of introduction of robots employment has been lim-
ited corresponding to a 0.18 — 0.34 percentageirsge@h the employment to
population ratio. But they argue that if the useaifots in US industry spreads
as expected, the future negative effects could lehrbigger.

In a subsequent paper, Acemoglu and Restrepo I2@Eeloped a concep-
tual framework which assumes that R&D may leadwo tifferent kinds of
technological progress. The first one is the ‘awtbom of existing tasks’ which
inevitably leads to substitution of machines incglaf labor and raises unem-
ployment and consequently lowers the share of laborcome. The second one
leads to introduction of new tasks in which labasta comparative advantage
and therefore leads to a decrease in unemployrepending on certain condi-
tions, it is possible for the R&D process to geteinavo types of innovations
simultaneously in such a way that the economy staysa stable balanced
growth and inequality remains stable in the long-r8tability in this model re-
sults from an important feature of the model: Th#omation technology which
raises unemployment leads to a reduction in thé aoproduction using labor
which, in turn, endogenously encourages R&D efftotsreate new tasks (that
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require labor). Whether or not the long-run equilitn will involve full automa-
tion critically depends on how low long-run rentate of capital is relative to
wages. When there is heterogeneity in skills aritedikdabor has a comparative
advantage in new tasks, this model predicts thexethwill be growing income
inequality between unskilled and skilled labor ésponse to automation at least
in the short and medium terms. In a follow-up paf@eemoglu and Restrepo,
2018a), the same authors build on their earlielkvioyr developing a task-based
model whereby the nature of automation itself canob two types; low-skill
automation vs. high-skill automation. In the caséow-skill automation, tech-
nological innovation is such that it leads to replaent of low-skilled labor by
capital. On the other hand, the second type ofmaation leads to replacement of
high-skilled labor. While the low-skill automatidgmcreases wage inequality, the
high-skill automation decreases it in the long-rtihe empirical results obtained
by Graetz and Michaels (2018) seem to lend suppdlte predictions associated
with low-skill automation. They have empirically ashn that investments in
industrial robots were associated with not onlytdagroductivity growth and
higher wages for high-skill labor, but also adveeseployment effects for low-
-skill and middle-skill labor.

In a relatively more recent paper, which is areegton of Acemoglu and
Restrepo (2016), Zeira (1998) and Acemoglu and A(®20611), Acemoglu and
Restrepo (2018c) develop a framework whereby thenaation and thus artifi-
cial intelligence and robotics replace workersdaks that they previously per-
formed. Automation exerts a strong downward pressar employment and
wages through this ‘displacement effect’. Howewbg authors point out that
there are countervailing forces in the adjustmentess that may increase the
demand for labor. One of these forces is the ‘petdity effect’ generated by
the falling costs of producing in automated tagkss is likely to be expansion-
ary for the economy and increase the demand far lmbnon-automated tasks.
In addition, capital accumulation caused by autommawill also increase the
demand for labor. Authors argue that a more couatiang force that is likely to
increase the labor demand is the ‘creation of remkd in which labor has com-
parative advantages. In relation to this lattempdhe authors suggest that one
of the challenges that economies can face as tEghnprogresses is the ‘poten-
tial mismatch between the skill requirements of rieghnologies and tasks, and
the skills of workforce’. Such a mismatch is likeéty slow down the adjustment
of labor demand to technological improvements #ratparticularly in the form
of automation, artificial intelligence, and creatiof new tasks. And this could
result in a situation that can be characterizeteasessive automation’ which
may be responsible for the recent slowdown in pcady growth in US de-
spite the increased R&D efforts.
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It is highly critical to recognize that in conttas standard approaches (which
assume that technological progress is ‘factor-audimg that leads to an in-
creased demand for labor), this new ‘task-basedoapp’ allows for the possi-
bility of technological progress exerting adversieas on employment (Ace-
moglu and Restrepo, 2018c). And again, interestitige past empirical litera-
ture has almost exclusively reported positive éffexd increased R&D intensity
on productivity (in terms of labor productivity ®FP (total factor productivity))
and output growth. It is also worth to note that thng-term aggregate employ-
ment effects of R&D intensity have not been thaufoof most of the past empiri-
cal literature. Usually, the differences in theutesof the past literature on R&D
and productivity (or output) nexus have been iatreh to the relative size of the
estimated effects. These differences seem to teafiedifferences in the metho-
dologies, samples and the sample periods of tleeudad.

Some of the studies that have utilized cross-@eaatifirm and industry data
and found positive output elasticity of R&D intetysinclude Mc Morrow and
Roéger (2009), Hall, Mairesse and Mohnen (2010), &sa and Wang (2005).
On the other hand, examples of studies that utiltame-series data (at firm and
industry level) which reported similar positive put effects include Verspagen
(1995) and Griliches and Mairesse (1984). And Caa ldelpman (1995) and
Lichtenberg (1992) are only two of the studies theate utilized aggregate data
and reported positive effects of R&D on TFP andgagrita output.

The earlier theoretical work by Griliches (1973)daTerleckyj (1974) had
assumed that R&D activities play a critical rolarimproving productivity growth.
The implicit assumption of these early studies seémbe the assumption of
a linear relationship between the two variables.

However, some of the recent empirical studies fsaxgested that this rela-
tionship might be non-linear. For example, Kanad Sitiverstovs (2017), utiliz-
ing two firm-level data sets for OECD countries édwund out that the impact
of R&D investment on firm productivity is differemit different levels of R&D
intensity: the productivity elasticity being high@gower) at higher (lower) levels
of R&D intensity. The findings of Coccia (2018) whas investigated the opti-
mal R&D investment (and corporate tax) rates that emaximize the labor
productivity suggested that beyond certain optitheg¢shold levels of R&D in-
tensity the labor productivity begins to declingyadn, this finding suggests that
the relationship between R&D intensity and produtytj output and employ-
ment is possibly involving a relatively more compldynamics than standard
models of growth would predict.

Another study that has produced interesting irtsigbgarding the non-linea-
rity (and therefore complexity) of the relationstiptween productivity growth
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and R&D intensity is that of Wakelin (2001). Usitige data for 170 UK firms
the estimation of a Cobb-Douglas type of producfionction has shown not
only that productivity growth is positively affeckdoy R&D intensity but also
the rate of return on R&D is higher for ‘innovatiidms’ than ‘non-innovative
firms’. In other words, the levels of (historicalaccumulated) stocks of know-
ledge capital have been positively affecting thegniimde of the productivity
improvements that might result from a given inceeesR&D effort. This firm-
level finding yields important insights regardingw similar increases in R&D
intensity could have differential effects on protikity, output, and employment
depending on the available stock of knowledge aehjiteach country.

One of the critical issues relating to the R&Doetf$ of individual firms or
industries is the idea that their efforts may iadily have beneficial effects for
others which are primarily expressed as ‘spill-oeffiects’ on the growth of
productivity and value-added of other firms anduistties (or even countries).
As pointed out by a number of authors this kindspill-over effects of R&D
efforts are likely to play a critical role in thegeess of economic growth (Grili-
ches, 1991; 1998; Griffith, Redding and Van Renr99Q4 and Badinger and
Egger, 2016). This insight can (at least to a aedatent) be taken as a reminder
of the importance of working with aggregate maatadin addition to microda-
ta) to capture the overall effects of R&D actiwstien the macroeconomic per-
formance of an economy in terms of not only pronhitgtand output growth but
also unemployment. And in conjunction with thigdatpoint, the growing focus
of the recent theoretical work on the effects ofIR& unemployment (in addi-
tion to output and productivity) forms the fundarsmmotivation of the main
empirical focus of the present study.

2. Data

The annual data used in this study include: 1cdtgage growth of GDP per
capita (GDPG); 2. Unemployment as a percentageotai tabor force (UE);
3. Inflation rate (INF); 4. Intramural R&D expendlie as a percentage of GDP
(RD). This measure of R&D is also referred to a&[Rintensity’.

The first three series are obtained from the WBddk databaskThe Intra-
mural R&D expenditure is obtained from EuroSiat Million units of national
currency and divided by GDP (current local currennif) to calculate RD series
for each country.

! <https://data.worldbank.org/>.
2 <https:/lec.europa.eu/eurostat/data/database>.
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These four variables are available for 11 Europeamntries covering the
period 1991 — 2017. Because the long-run analysighis study is based on
ARDL model, the maximum order of integration of theries for each country
has to be one. In other words, GDPG, UE, and Rldhoe either 1(0) or I(1).
Phillips-Perron unit-root test has been employethis step to check the station-
arity of different variables for different countieand the integration orders ob-
tained are illustrated in Table 1. Only in five @fitLl1 countries, this condition is
satisfied. Hence, our sample of countries is r&sii to Austria, Italy, Nether-
lands, Romania, and UK. It is worth to mention tHdterent countries might
have different rates of return on R&D investment.

Table 1

The Order of Integration and Optimal Number of Lags for Different Countries
Country RD GDPG UE INF
Austria 1(0) 1(0) I(1) I(1)
Italy I(1) 1(0) I(1) 1(0)
Netherlands 1(1) 1(1) I(1) I(1)
Romania I(1) 1(0) 1(1) 1(0)
United Kingdom I(1) 1(0) 1(1) 1(1)

Source:Authors.

3. Methodology

In order to examine Economic growth- UnemploymeR&D expenditure
nexus in different countries of our sample, the AREbunds Test is used in this
study to check the long-relationship between thizseespectively. In addition,
Panel ARDL and Pooled Mean Group (PMG) estimatimnused to study the
dynamics of the interactions between these vasainlean average country of
our sample.

3.1. ARDL Model

ARDL as a method of studying cointegrating andglonn relationships
among variables is a standard least-squares ragresmtaining the lags of both
independent and dependent variables as regref?esarin and Shin, 1998).
Traditional methods of studying cointegrating rielaships, such as Johansen’s
(1995), Engle and Granger (1987), Dynamic OLS,ulyfViodified OLS require
all variables to be 1(1), but ARDL method can belaa regardless of whether
the variables are 1(1) or 1(0). This method ha® @sme other advantages over
other methods: 1. symmetry in the number of lagisers not required in the
ARDL method; each variable can have its own lagyien2. this method is
applicable even if the sample size is small. &vibids endogeneity and serial
correlation problems.
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3.1.1. ARDL Bounds Testing

Pesaran, Shin and Smith (2001) suggest an apptoaelst whether there is
a long-run (level) relationship between the varablThis test is based on the
joint F-statistic for cointegration analysis, am@ result is determined based on
equation 1.

p q r
AUE, =D, +> D,AUE_ +Y D,;ARD, +> D,AGDPG, + D UE,+
i=1 i=0 i=0

- (1)
+ DSRQ—l + DGGDPG—1+ g’(

The null hypothesis of no long-run relationshipween the variables in
equation (1) is specified b, :D, =D;=D4=0.

For each significance level, two sets of critiz@lues are presented by
Pesaran, Shin and Smith (2001). THesét is derived on the assumption that all
variables in the model are I(1), while th¥ get assumes that variables are 1(0).
If the calculated F-statistic exceeds the valuéhefcritical bounds, the null hy-
pothesisHy is rejected and the variables are cointegratedhdf calculated
F-statistic is less than lower bound, the null higpsisH, is not rejected and the
variables are not cointegrated. A critical valuéwsen upper and lower bound
indicates an inconclusive result.

3.1.2. Panel ARDL and PMG Estimation

The PMG estimator of Pesaran, Shin and Smith (1889ARDL models is
popular in panel settings especially for the pamgtk a large number of time-
series observations and a small number of crog®msatunits, because alterna-
tive GMM estimators are not appropriate in thosirggs. In this method, the
cointegration form of the simple ARDL model is takand adopted for a panel
setting by allowing the cointegrating terms, shrart-coefficients, and intercepts
to differ across cross-sections.

Equation 2 shows the ARDL model considered in shigly for a panel of
five countries of our sample:

q r p
UEit=H+zJJj RD, +252 INF; ; +z/|1 UE; +¢& (2)
i=0 i=0 i=1
Equation 3 shows the error-correction equation:

AUE, =g (UE, -6 -6, RR -6, IN )~ S4,ARR, -
- 3)
25 AINF  +
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where

by =t @ === A)

d; and o, are ARDL short-run coefficients; and 8, are long-run coeffi-
cients, & is white noise error term indicates the Sidifference,@ is the
speed of adjustment and should be significant aghtive. Actually,g indi-

cates how quickly the system returns to its long-eguilibrium. Finding the
coefficients in equations 2 and 3 reveals the eatdirelationships between the
variables in an average country of our sample.

Before estimating the above-mentioned regresdios, stationarity of the
variables is checked by the panel unit-root tesbduced by Im, Pesaran and
Shin (2003). Akaike information criterion is empéad/to determine the optimal
number of lags of dependent and independent vasdainl the ARDL model.
A maximum number of five lags is selected for @tigbles.

4. Empirical Results

In this section, we first present the empiricaulés obtained from the appli-
cation of ARDL based methodologies to investigdte kbong-run relationship
between RD, UE and GDPG for each country indiviljuahd between RD and
UE (collectively) for the panel of the five coumtsi making up our sample. And
then we attempt to underline, interpret and distisseconomic meaning of the
critical aspects of these results in the last phitiis section.

4.1. ARDL Bounds Testing Results

The results of PP unit root test for different ories of our sample are pre-
sented in Table 1. According to this table, the imaxn order of integration of
variables in our sample is one, which indicatesaghygropriateness of application
of ARDL model for our sample of countries.

The results of the ARDL Bounds test for differenuntries are presented in
Table 2.

F-statistic is greater the upper bound in the ads®ur countries, and the
Null Hypothesis of ‘No long-run relationships ekist rejected at 1% signifi-
cance level in the case of Austria, Netherlandd, Ramania. This Null Hypo-
thesis is rejected at 10% significance level in ¢hse of Italy. These results
indicate that there is a long-run relationship lesw UE, GDPG, and RD in all
countries of our sample except UK.
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Table 2

ARDL Bounds Tests Results

Country Significance 10 Bound 11 Bound F-statistic Cointegration
0.10 4.19 5.06

Austria 0.05 4.87 5.85 10.78*+* Yes
0.01 6.34 7.52
0.10 217 3.19

Italy 0.05 2.72 3.83 3.59* Yes
0.01 3.88 5.30
0.10 217 3.19

Netherlands 0.05 2.72 3.83 11.31%* Yes
0.01 3.88 5.30
0.10 4.19 5.06

Romania 0.05 4.87 5.85 15.67*** Yes
0.01 6.34 7.52
0.10 217 3.19

UK 0.05 2.72 3.83 1.36 No
0.01 3.88 5.30

Note *** ** and * denote significance at 1%, 5%, ad@% levels respectively.

Source:Authors.

4.2. PMG Estimation Results

PMG Estimation is used in this step to examineréh&tionship between UE
and RD for a panel of five countries of our sami is selected as a control
variable in this regression. The panel unit-rost shows that all three variables
are I(1). We analyze UE as a function of RD ancestigate the long-run and

short-run dynamic estimated coefficients preseméddble 3.

Table 3

Long-run and Short-run Elasticity Estimates

Dependent Variable:A(UE)

Variable | Coefficient | t-Statistic | P-value
Long-run Equation
RD | —4.1756*** | —2.8992 | 0.0050
Short-run Equation
ECT(-1) —0.8033*** —2.7824 0.0070
A(UE(-1)) 0.4759%** 3.4499 0.0010
A(UE(-2)) 0.1642 0.6975 0.4878
A(UE(-3)) 0.3257*** 5.0261 0.0000
A(UE(-4)) 0.2216 1.4436 0.1534
A(RD) 3.7300** 2.3113 0.0238
A(RD(-1)) 2.5258** 2.4543 0.0166
A(RD(-2)) 2.3364 1.1858 0.2398
A(RD(-3)) 3.2752% 2.5656 0.0125
A(RD(-4)) 1.5500 0.7366 0.4639
INF 0.0033 0.0212 0.9831
C 8.1927*** 3.2604 0.0017
@TREND 0.1038 0.8207 0.4146

Note *** ** and * denote significance at 1%, 5%, ad@% levels respectively.

Source:Authors.
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Using the Akaike information criterion (AIC), ARD&,5) is selected as the
best model. Figure 1 illustrates AIC calculated ddferent models with differ-
ent numbers of lags. The less AIC estimator, tigadr the quality of the model.

Figure 1
Akaike Information Criteria (top 20 models)
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It is worth to mention that in our PMG estimatid®D and INF have been
considered as dynamic and fixed regressors resp8ctiTherefore, INF, inter-
cept (C), and @TREND are not a part of the longralationship.

The coefficient of ECT(-1) is —0.8033 which isrsigcant at 1% level. This
coefficient indicates an 80% speed of adjustménmhdans any deviation in the
system from long-run equilibrium level is correct®d80% after one year.

The Jarque-Bera test is employed for residualndistics. The null hypothesis
is “residuals are normally distributed”. The obtinJarque-Bera statistics equal
to 0.62 and the p-value equal to 0.73 indicate ttiate is no normality problem
in the ARDL model presented in Table 3.

Actually, in the above-mentioned analysis, we hiawestigated both long-
-run and short-run relationships between UE andf&®Tan average country in
our sample by applying PMG approach to the estomabf an augmented ver-
sion of the Phillips-curve equation for the paniebor sample of five countries.
We assume that in the long-run, the UE is deterdhinethe rate of technologi-
cal progress which is proxied by the level of RDour model. In the short-run,
in addition to (current) inflation (INF), laggedluas of UE and RD are allowed
to affect the current level of UE. The insightstloé recent theoretical literature
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(that we briefly summarized in the first two sen8p suggest that the short-run
and even long-run effects of technological progmssunemployment can be
favorable or unfavorable depending on certain factBarticularly, if the nature
of technological progress is largely in the form ‘task-creation’ rather than
‘automation’ (or artificial intelligence and robe$) an increase in R&D can
lower the (natural) rate of unemployment. Otherwisean raise the rate of un-
employment. But, even if the nature of the techgiolal change is dominated by
‘task-creation’ in the short-run, unemployment adifi increase if the skills re-
guired by the newly created tasks do not matctskiiles of the available work-
force. On the other hand, the basic hypothesishdfifs-curve equation is the
idea that inflation rate and unemployment rateiaversely related especially in
the short-run; higher inflation is expected to lesawiated with lower unem-
ployment in the presence of some kind of rigidifieshe adjustment of nominal
wages. But, in the long-run, it is assumed thdaiith rate has no impact on the
rate of unemployment.

The results of the panel estimation of the moaglaned above have been
reported in Tabe 3. We underline the most imporéaspects of these estimation
results below but leave their economic interpretatind discussion to the last
part of this section:

a) In the long-run, a higher RD is highly likely to hesociated with lower UE.

b) The fact that the estimated coefficients of twdhe lagged values of RD
are positive and significant suggests that in thartsrun (and possibly even in
the medium term) a given increase in RD can raise U

¢) The estimated coefficient of (the contemporanetB)is statistically in-
significant suggesting that inflation is not coateld with UE.

d) In the short-run, the estimated coefficients oft fexyged) values of UE
are positively associated with current UE. Thisvehahe persistence of unem-
ployment over time.

4.3. Interpretation and Discussion

The main findings of the statistical results preed in the first part of this
section are stated and briefly discussed below:

a) In the long-run, there exists a long-run equilibrivelationship between
the three variables, namely RD, UE and GDPG foc@lhtries with the exception
of UK. This is an important finding that might bekén as strong statistical evi-
dence of possible favorable effects of increadiegR&D intensity on the process
of economic growth and unemployment in the long-rufour of the countries
investigated. One possible interpretation of thisuit is that not only the expan-
sionary effects operating through productivity imgements but also ‘new tasks
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(jobs) creation’ nature of the technological pragréresulting from additional
R&D efforts) could be playing a role in this retaiship in these four countries
(Austria, Italy, Netherlands, and Romania) in tegl term. The peculiar result for
UK points out to the fact that the relationshipwmtn the nature of technological
changes resulting from R&D, economic growth, andmployment is likely to be
more complicated particularly for advanced econsnaie suggested by some of
the recent theoretical literature discussed earlithe ‘literature review’ section.

b) The application of PMG estimation methodology ke tpanel of five
countries (for a framework that is an augmentedivarof Phillips curve rela-
tionship between unemployment and inflation rate$ produced evidence of
a negative relationship between R&D and unemploymete in the long-run.
However, the fact that some of the estimated del@g®ged) effects of R&D on
UE turned out to be significantly positive, suggistt in the short-run, a given
increase in R&D (in the average country of our sajnpould possibly be exert-
ing adverse effects on unemployment. Some of thasgble factors that might
(at least partly) be contributing to these oppokitey-run and short-run effects
of R&D on unemployment are as follows: i) The doamhaspect of technologi-
cal change resulting from R&D efforts is possibtythe form of (new) ‘task-
creation’ rather than automation and artificiakifigence which usually entails
replacement of labor by machines. This could bemgortant contributing factor
to the unemployment lowering effect of R&D in tleng-run. ii) This favorable
effect of R&D on unemployment in the long-run coaldo be due to the possi-
bility of expansionary effects of a given increasdRk&D (operating through the
productivity improvements resulted from new teclogiés) and could be more
than offsetting their adverse (displacement) effect labor. iii) In the short-run
(and possibly even in the medium run) technologicgdrovements (generated
by increased R&D efforts) seem to be leading terapiorary increase in the rate
of unemployment. This could be due to the ‘mismatetween the skills re-
quired by ‘newly created tasks (jobs)’ by new tembgies and the skills of the
available workforce which is a phenomenon that Ib@sn pointed out by the
recent literature as presented in the ‘literatergew’ section.

Conclusions

This study contributes to the existing literatwigout the macroeconomic
effects of R&D intensity particularly by focusing dts relationship with unem-
ployment in addition to economic growth in a sangdléive European countries.
And this has been largely motivated by the insigitthe recent theoretical lite-
rature on ‘technological progress- unemploymentaginod nexus. This new line
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of research itself seems to be motivated by thegianemployment of particu-
larly unskilled labor, worsening of income and wieatlistribution, and even
falling productivity growth in certain advanced aomies despite the increases
in R&D intensities in the last decade. One of treminsights of this emerging
new research is the possibility of technologicalgoess leading to higher rates
of unemployment, worsening of income distributiamd even lower rates of
economic growth through lower rates of nationalirsgs under certain condi-
tions (Sachs and Kotlikoff, 2012Buch a pessimistic scenario has been shown to
be more likely particularly if the nature of teclhwmgical change resulting from
R&D activities is largely in the form of ‘automaticand atrtificial intelligence’.
Even if the nature of technological improvementkaigely in the form of ‘task-
creation’ which generates new jobs (tasks) for latblee dynamic adjustment to
a new long-run equilibrium can be painful particlyavhen the skills required
by the newly created tasks do not match the séflihe existing workforce. In
this case in the short-run (or even medium runheesk-based technological
changes could raise the rate of unemploynj@oemoglu and Restrepo, 2018d).

The empirical results of the present study (basedRDL bounds testing)
have suggested that there exists a long-run rakttip between R&D, unem-
ployment rate, and economic growth (GDP growth) ffmur of the countries
(namely Austria, Netherlands, Italy, and Romamagstigated. For UK no such
long-run relationship has been found.

Two of the most critical findings of the empiricabrk carried out in this
study are obtained from the ARDL based panel regrasof unemployment
based on a modified version of Phillips curve kafdequation which hypothe-
sized that while in the short-run inflation caneatf unemployment, in the long-
run, the only determinant of unemployment is R&DeTestimation results have
shown that in the long-run an increase in R&D kelly to be associated with
lower rates of unemployment. However, in the shant- some of the lagged
effects of R&D have been found to be correlatechvhitgher rates of unem-
ployment for the average country in our sample.séhiwvo results (together)
seem to suggest that the nature of technologicahgd resulting from R&D
activities has been probably largely in the forntagk-creation’ instead of ‘auto-
mation and artificial intelligence’. But possiblyuel to the ‘mismatch between
the skills required by the newly created tasksgjodnd the skills of available
workforce in these countries, technological progresght be causing some
temporary increase in the rate of unemployment.

In light of the main findings of the present stualyd other relevant recent
research summarized in the first two sections,ntian policy insights of this
empirical study can be listed as follows: a) Pupliticymakers should be more
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aware of the adverse effects of certain forms ofitelogical changes such as
automation and artificial intelligence on employrmemd income distribution.
And in this regard they can find welfare improvilegdesign incentive programs
and policies that may aim at fine-tuning the batabetween the R&D efforts
that focus on introducing ‘automation, artificiatelligence and smart machines’
type of innovations as opposed to those that priynocus on innovations that
will largely create ‘ new tasks and jobs’. b) Eviéthe nature of technological
change happens to be in the form of ‘task-creatibis obvious that there is
a need for improving the skill levels (stock of hamcapital) of the existing
workforce regularly so as to match the skills thdit be required by the new
technologies. However, this requires a much broaddrdeeper coordination of
public sector, private sector, institutes of higkeducation (and other research
centers), and labor markets (trade unions). Thisrlpoint is particularly moti-
vated by the critigues of Gummeson (2014) who hgsea that the ongoing
innovation activities by the private firms or otive may not be necessarily
generating additional socio-economic value to th@esy. Future research attempt-
ing to understand the conditions under which fifimsl profit-maximizing to
direct their R&D efforts to generate automationtesk creation kind of techno-
logies can offer valuable insights to the policyetak Policymakers can attempt to
design incentive programs (such as low-cost investroredits and tax breaks)
to firms and other institutions involved in R&D as to encourage them to gene-
rate new technologies that are relatively moreha torm of ‘task-creation’.
Joint initiatives of local and central governmentish private firms and labor
unions in terms of ‘labor training programs’ foaugion the provision of new
skills (required by upcoming new technologies)he workforce can potentially
lower the unemployment rate even in the short-run.
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