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PRODUCTIVITY IMPLICATIONS OF R&D, INNOVATION, AND CAPITAL ACCUMU-
LATION FOR INCUMBENTS AND ENTRANTS: THE CASE OF ESTONIA *

Jaan Masso! Amaresh K Tiwarit

Abstract

In this paper, using Estonian Community Innovation Survatadwe study the role of R&D,
capital accumulation, and innovation output on produttifor entrants and incumbents. We
find that the impact of R&D investment on labour productivgylarger for the entrants com-
pared to the incumbents. Entrants are found to be more piigdwend more heterogeneous
in their total factor productivity (TFP) than the incumbgnMoreover, entrants who innovate
are on average, in terms of TFP, 25% more productive thanrttrargs who do not, while the
corresponding figure for the incumbents is 7%. In additibms mostly the incumbents who
benefit from within-industry knowledge that is producedside their own firm. Finally, for
both entrants and incumbents, embodied technologicalgeht#imough capital accumulation is
found to be more effective in generating productivity growian R&D expenditure.
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1. Introduction

The importance of innovative activity by firms for securingppomic growth and welfare is
generally recognised and widely documented in the scieditiérature. Furthermore, there is
ample evidence linking innovation to firm-level produdiyvfor recent surveys, seéall et al,
201Q Hall, 2011 Mohnen and Hall2013. Firms investing in innovation do so to increase
their efficiency and improve the goods and services they.offhis increases their demand as
well as reduces their costs of production, which helps torawp their profits relative to their
competitors. However, we also know that returns to R&D vaopss time, sectors and countries
and that firms do not contribute uniformly to productivitydgoroductivity growth.

In this paper, we study the productivity implications of R&ihovation and capital accumula-
tion for two important groups of firms in the economy: entsaand incumbents. This study is
motivated by the large and growing literature on withintstty reallocation that shape indus-
try dynamics with implications for aggregate productivifyhe literature emphasizes selection
mechanisms, which characterise industries as collectibingns that are heterogeneous in their
productivity, and link firm productivity levels to their germance and survival in the indus-
try (Jovanovi¢ 1982 Hopenhayn1992 Ericson and Paked995 Asplund and Nocke2006.
This heterogeneity induces a selection effect, by whicHaeation of market shares to more
efficient producers, either through market share shiftsrmocumbents or through entry and
exit, drive aggregate productivity movements. Low produtst plants are less likely to survive
and thrive than their more efficient counterparts, creasielgction-driven aggregate (industry)
productivity increasés Deckeret al. (2014 document considerable heterogeneity in the con-
tributions entering firms make to growth and show that, ginéral size, more productive firms
grow faster than the less productive ones.

Much of the recent reallocation literature has been beempted by the decline in produc-
tivity growth and job reallocation coupled with rising iatrand inter-industry dispersion in
productivity during the last two decades in the major adedneconomies. While various ex-
planations for phenomena such as rising labour adjustnosts @and friction have been prof-
fered Oeckeret al, 2020, building on models of endogenous technological change]jeis
of firm-level innovation Klette and Kortum 2004 and incorporating major elements from the
reallocation literatureAcemogluet al. (2018 construct a model of firm innovation and growth

!Fosteret al. (2009, p. 395, point out that "in reality, however, the produityixsurvival link is a simplification.
Selection is on profitability, not productivity (though th&o are likely correlated). Productivity is only one of
several possible idiosyncratic factors that determinétgrdnowever, other idiosyncratic factors may affect svai
as well."
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that enables an examination of the forces that jointly dnvevation, productivity growth, and
reallocation.

In Acemogluet al. (2018, incumbents and entrants invest in R&D in order to improvero
(one of) a continuum of products. However, firms are heteregas (high and low types) in
their productivity in innovation. Firms that enter the meirlare disproportionately of high-
quality type but may become low-quality firms with a certa@nsition probability over time.
This heterogeneity introduces a selection effect, withcoomtant reallocation occurring with
the movement of R&D resources (skilled workers) from lesgieht innovators (struggling
incumbents) towards more efficient innovators (new firmd)eyffind that conventional R&D
subsidies to the incumbents may impede growth by slowingxdbw reallocation process from
incumbents to new entrants. To promote growth and welfaey, propose taxes on the continued
operation of incumbents combined with a small incumbent R&bsidy.

Lubczyk and Peter@020Q(LP hereafter) state that little scholarly research hasssed the dy-
namics studied imAcemogluet al. (2018 with firm level empirical applicationsLP compare
the role of R&D activity on productivity growth for entranégd incumbents in Germany, and
find that entrants experience significantly larger gainsnfinvestments in R&D than incum-
bents and that returns to R&D for entrants are consideraloiserheterogeneous than that for
incumbents.

Aghion and Jaraveg015, while reviewingAcemogluet al. (2018, point out that their model,
in which R&D investments interact with general equilibriusffects, does not incorporate
the notion of absorptive capacity and that it would be fulifior future research to do so.
Aghion and Jarave|2015, referring toCohen and Levintha]1989, state that R&D not only
creates new knowledge but also facilitates learning antilingi absorptive capacity. This is
particularly relevant for catching-up economies such aséntral and Eastern European (CEE)
countries, which lag behind the technological frontied arhere investing in absorptive capac-
ity through R&D and better education can improve the abilitinnovate and/or imitate leading
edge technologieg\ghion et al, 2011 Radosevic and YorykR018. Griffith et al.(2004 show
empirically that (a) R&D affects both the rate of innovatenmd technology transfers, and there-
fore failing to take into account R&D-based absorptive catyaesults in large underestimates
of the social rate of return to R&D, and (b) country-indusstriagging behind the productivity
frontier catch-up particularly fast if they invest heavity R&D. These also imply that many
of the policy recommendations iicemogluet al. (2018 for the US and the technologically
advanced economies may not be applicable for the CEE ceantri
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Parisiet al. (2009 show that fixed capital spending by Italian medium-low amd-tech firms
increases the likelihood of introducing a process innavatirhis, asParisiet al. (2009 argue,
suggests that physical capital stock, which is the resudtcetimulated investment implement-
ing different vintages of technologies, embodies techgiokd progress. Moreover, they show
that process innovation is magnified by spending on R&D, Wwisieggests that R&D spending
facilitates the absorption of innovations embodied in dgoods purchased by the firm. In
catching-up CEE economies (e.g. Estonia) — (a) which tergtder more due to the imitation
activities of the firms, (b) where a much higher share of firmesia medium-tech and low-
tech sectors, and (c) where firms are more likely to engagedoess innovation — one could
therefore expect capital stock accumulation to have sgamtfiproductivity implications.

Now, in our data we find that less than 40% of the firm-years hmsitive R&D expenses,
but about 75% of the firm-years in the sample have innovatadttoduce at least one new
product in the market or a new process. This suggests thastonE more firms innovate
through the “doing, using and interacting” (DUI) mode of awation rather than “scientific
and technologically-based innovation" (STI) (skmseret al, 2007). Moreover, as argued in
Peterset al. (2017, while investments in R&D substantially increase the @atabty of realising
product or process innovations, R&D investment is neitheressary nor sufficient for firm
innovatiorf. Focusing on R&D alone will therefore give a partial picturfethe productivity
implications of innovative activities. We therefore, indiitbn to estimating the differential
productivity elasticity of own R&D for the entrants and thmeumbents, study the differential
productivity implications of technological innovations.

The main objectives, therefore, of our paper are the folow(i) Given that reallocation, partic-
ularly due to entry and exit, accounts for a large proportibproductivity growth Fosteret al,
2008 Syverson201]) and since this reallocation, both of production and R&Duitsp is to a
large extent due to productivity impacts of R&D and innowatundertaken by heterogeneous
incumbents and entrant&¢emogluet al, 2018, in this paper we study the productivity im-
plications of R&D and innovation for incumbents and entsan{ii) Given that catching-up
economies are more likely to grow by engaging in imitatiearhing activities, where R&D also
facilities building absorptive capacity, embodied tedogacal change through capital accumu-
lation is likely to have a significant productivity impact.e\iherefore compare the productivity
impact of capital accumulation and the same for R&D for bathugs of producers, entrants and

20n page 415Peterset al. (2017 write, “A firm with R&D investment might not realize any pradt or process
innovations, whereas another firm may realize one or botbvations, even without R&D investment. The latter
can result from luck, the effect of expenditures on R&D in there distant past even if the firm is not currently
investing, ideas that are brought to the firm by hiring exgrered workers or other spillover channels, or changes
in the production process that result from learning-byadavithout formal R&D investment.”

6
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incumbents. (iii) Our third objective is to compare the protivity growth impacts of R&D and
capital stock for Estonia, a catching-up country, to thoseR, who have undertaken a similar
analysis for Germany, a more technologically advanced trtguend understand the sources of
the difference in the impacts. This, we believe, will infobetter growth enhancing policies for
Estonia and the CEE countries.

In pursuance of the above objectives, we ask the followirgstjans: First, do entrants benefit
more from investing in their own R&D activities than incunmb&rms? Second, do we observe
a differential learning of entrants and incumbents — andwating and non-innovating firms
among them — from knowledge that is produced outside their finn boundaries? Third, do
entrants and incumbents learn differently through obsegrtine productivity of other firms in
close proximity. Fourth, are there differential impacts@thnological — product and process
— innovation on total factor productivity (TFP) for incumiie and entrants? To answer the
above questions, we use Estonian Community Innovationeyui®1S) data and balance sheet
information from Estonian Business Registry data.

To summarise our findings: first, we find that for both the ertgand the incumbents, investing
in own R&D significantly improves the productivity of labouSecond, entrants gain signifi-
cantly more from investing in R&D than the incumbents. Thitds mostly the incumbents who
benefit from within industry knowledge generated by othendirin close proximity. Fourth,
among incumbents, within industry regional R&D and produist spillover effects are higher
for non-innovating firms than for innovating ones. Fiftheathough incumbents, on average,
have higher labour productivity, the total factor produityi (TFP) for entrants is on average
higher. Also, entrants are more heterogeneous in their RRR incumbents. Sixth, the aver-
age difference in TFP between innovators and non-innosasamuch higher for entrants than
for incumbents. Seventh, we find robust evidence that ensldagichnological change through
capital accumulation is more effective in generating padighty growth than R&D expendi-
ture; moreover, the estimated elasticity with respect fotabis higher for Estonian incumbents
compared to German incumbents. Eighth, compared to the &efinms, Estonian firms have
a lower capacity to translate R&D into productivity gains.

The remainder of this paper is structured as follows. Se@iceviews related literature and in
section 3 we describe the data used for our study. In sectiae €xplain the empirical strategy
employed in the paper. In Section 5, we present and discasntipirical results, while section
6 draws concluding remarks.
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2. Literature Review

In subsection 2.1 we discuss some literature on the rektiprbetween firm age, innovation
and productivity, while in subsection 2.2 we review somevaht studies on innovation, reallo-
cation, and productivity growth for the CEE countries.

2.1. Innovation among Entrants and Incumbents

Among the large strand of literature on how different firmatciute to productivity and pro-
ductivity growth, many studies have examined how dynaméta/ben entrants and incumbents
impact aggregate productivity development, highlightimgh differential and interrelated ef-
fects. In this section, we review some literature on the vatiwe behaviour of the two groups
of firms.

Entrants and incumbents have been described as two diffeggoups of firms
(Berchicci and Tucgi2009 Lubczyk and Peter2020. Entrants wanting in experience, still
needing to learn about the economic environment in whick tperate. Incumbents, on the
other hand, have accumulated considerable experiencesindbmpetitive environment and
command well established capabilities. Entrants, howererseen as being more expeditious
than incumbents due to lack of structural inertia to reoiggtion, faster decision-making pro-
cesses, streamlined operations, and targeted innovafibese result in a timely response to
changing industry environments, and also make them moraegffiinnovators compared to
incumbents.

However, entrants are often financially constrained, andsting a large part of the limited
resource endowment in R&D activities, which are inherenttgertain, and can pose a signif-
icant business risk. Lack of experience and limited expentnay create further complications
for the innovation process, especially when unforeseeugistances arise. On the other hand,
however, entry is envisaged as the way in which firms exploesvilue of new ideas in an
uncertain context, and that entry, the likelihood of suajiand subsequent conditional growth
are determined by barriers to survivAldretsch 1995 Huergo and Jaumandrg2004). In this
framework, entry is innovative and occurs at a higher ratheaistart of an industryK(lepper,
19969 when uncertainty is high; the likelihood of survival is lewthe higher the risk; and
the growth from successful innovation is higher the highertarriers to survival. Successful
innovation, therefore, is likely to result in substantillative productivity growth for newly es-
tablished enterprises. Given that most young firms are ssaticessful innovation can often

8
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disproportionately spur growth and contribute to subshiricreases in employment, revenue
and future profitability KHaltiwangeret al, 2013. Therefore, one would expect the impact of
R&D spending on productivity to be volatile to some extentriew entrants.

Incumbents, having survived through time and particip&iader in the market, and have many
factors working in their favour as far as innovative actiig concerned. First, even though
incumbents often lack the organisational agility of smadled younger competitors, they may
compensate for this with resources — such as financial ankietinag capabilities — and innova-
tion capacity built over timeBerchicci and Tucgi2009. Moreover, an incumbent can build on
its existing infrastructure even as existing business egpee and infrastructure may enable the
incumbent to pursue more ambitious R&D projects. Also, tkgegience of having conducted
successful innovation in the past increases the likelihaiofliture innovation Peters 2009
Raymondet al, 2010 and may help such organisations to achieve higher levedffiofency in
carrying out their R&D activitiesl(66f and Johanssg2014).

The nature of innovations, too, is often different for theotgroups of producers. Since in-
cumbents would like to safeguard their profits from the dithbd products and production
technologies in place, their innovative activity is theref more often of an rather incremental
nature, whereas young firms, in order to create higher gquatiiducts and overtake product
lines previously operated by incumbents, are more inclioegkploit new ideas and engage in
radical innovation Acemoglu and Caa2015. Besides, radical innovation often entails costly
organisational restructuring, which may deter incumb&ais undertaking radical innovation
(Berchicci and Tuc¢i2009.

2.2. Relevant Studies on Innovation and Reallocation in CEE Countries

While there are many studies on innovation, reallocatiowl, groductivity growth for the US
and Western European countries, there are only a few as @eratsal and East European (CEE)
countries are concerned. Studies on productivity growthtdiselection and reallocation for the
CEE countries are bylassoet al. (2004 andBartelsmaret al. (2013. Massoet al. (2004 find
that newly formed firms had a higher survival rate than incenty, and that the reallocation
of production factors, especially due to the exit of low protivity units, contributed to the
productivity growth.Bartelsmaret al. (2013 find that, although the covariance between firm-
size and productivity, a measure of resource misallocaisdow in Eastern Europe, it has been
increasing substantially over the last couple of decades.

9
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Masso and Vahtg008 point out that to sustain initial growth rates during trenition period
in CEE countries, which was based on initial capital accuatioth and imitation of technologies
applied elsewhere, these countries will need to rely irgsnggly on their own innovation. Due to
their attempts to establish knowledge-based economiesoandrease business R&D, there is
growing interest in studying the relationship between wratmn, productivity and growth in the
CEE countries. Among the few studies that have studied tayativity response to R&D while
comparing Estonia to developed OECD countries is ond.iiky et al. (2014, who estimate
elasticities using industry level data to conclude that R&Zestments play a relatively limited
role in determining the productivity and efficiency levefskstonian industriesLacaseet al.
(2017, studying the technological capabilities of CEE econahiased on patent data, find that
the CEE economies reduced their technological activitrastetally after 1990, and that the
recovery of CEE economies with respect to technologicahb#gipies is unfolding very slowly.
They find that CEE countries innovate in less dynamic teagiodl sectors and contribute only
to a limited number of fields with growing technological opjpmities.

Recent studies, such &unoet al. (2019, find that while R&D intensity has been effective
in closing the distance to the productivity frontier, R&D leedded in purchased equipment
and machinery have played an important role in reducing i$tankce.Filippetti and Peyrache
(2019, studying the role of the technology gap in explaining labperoductivity differences in
211 European regions over the years 1995-2007, find thatilgdvoductivity growth is driven
by capital accumulation and technical change, and thatggitey behind regions, productivity
growth is mainly driven by capital accumulation.

3. Data and Variables: Definitions and Description

In order to study the link between innovation and produgtisimong entrants and incumbents
and how they benefit from knowledge spillovers among themuseeseven waves of the Esto-
nian Community Innovation Survey (CIS) (CIS2006, C1S200852010, C1S2012, C1S2014,

CIS2016, and CI1S2018), which is a survey about innovatidivides in Estonian enterprises.

The survey adheres to the Oslo Manual, which provides guieefor the definition, classifica-

tion, and measurement of innovation (OECD, 1992; 1997; 20UBe questionnaire is sent to
firms via mail and participation in the survey is voluntaryidXo cost reasons, starting in 1998,
the full questionnaire is only sent out every second yeall foms in the full sample.

A combination of a census and a stratified random samplingesl o collect the CIS data.
A census of large enterprises, and a stratified random sdmpsmall and medium sized en-
terprises from the population is used to construct the deitdos every survey. The stratum

10
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variables are the economic activity classification (NACE(l ghe size of each enterprise. The
target population includes all legally independent firntated in Estonia that have ten or more
employee& The sample is updated every two years to account for exitimg, newly founded
firms, and firms that developed to satisfy the selectionrizitaf the sample.

Firm balance sheet information containing profit and losseshents was obtained from the
Estonian Business Registry, which is a census data. Whgpessible, the missing information
in the Business Registry data was obtained from EKOMAR, Wwiscsurvey data and has more
detailed information from balance sheets. While the BussiiRegistry data has been maintained
since 1993, two years after Estonia’s independence, theNEXK®survey was launched in 2003.

In our empirical analysis, entrant status depends on firmexgeants are defined as firms that are
new to the market and have been active for eight or less yehitg incumbents are established
firms that have been active for more than eight years. Them® itheoretical basis for our
definition of an entrant; we, as raag and Versloq2007), follow "apparent conventions"” for
grouping young firms, whose age in the literature has ranged three to ten years, and old
firms in defining entrants and incumbents.

One of the key variables from the CIS surveys used for ouryaisis the R&D expenditure of
firms. However, as non-innovative firms in the CIS data areregtired to report their R&D
expenses, we do not observe R&D expenditure for the nonvative firms, which are firms
that have not innovated any product or process or that havmfioished innovative activities.
The CIS questionnaire, however, allows us to distinguigtveen "potentially” innovative firms
and firms that do not intend to engage in R&D among the nonviative firms (se&avignag
2008. This distinction is made on the basis of firm responses eogtiestion on factors that
might have thwarted their R&D and innovative activities. Bassify non-innovative firms who
face such factors as potentially innovative, whereas noovating firms that do not face any
of these factors are classified as firms that do not intenddagmin R&D activities. For these
non-innovators that do not wish to engage in R&D activitiesan be safely assumed that they
have no R&D expenses.

Since we do not observe the R&D expenditure of potentiatpirative firms, we drop such firms
from our analysis. However, non-innovative firms that dowisth to engage in R&D activities
are retained. This, as discussed in the next section, aftovws to estimate the spillover effects

3In our data, however, there are more than two per cent firmgleservations for which the number of employ-
ees was less than ten. This could be due to firms altering ¢fmsis between the time they were selected for the
survey and the time they responded to the CIS questionnasedoon previous information on size.

11
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of external knowledge stock as well as productivity for firmigh no R&D expenditure and to
use the information on the product and process innovatiail éfms; firms that have and that
do not have R&D expenses.

After removing firms for whom the required balance sheetrmiation was missing and drop-
ping potential innovators among the non-innovative firrhs, éstimation sample comprised of
5,302 (4,573 incumbents and 729 entrants) firm-year obsengfrom 2,154 firms. The min-

imum number of observations per firm is 1, the maximum, 7, &edaverage number is about
2.5 years. In other words, we have an unbalanced panel fgpuipose of empirical analysis.
There are many reasons why this is so: (1) not all firms aredszd in every CIS wave, (2) there
is entry and exit, and (3) balance sheet information can lssing for firms in CIS the surveys.
However, in the Estonian CIS, there is still quite a big caprbf the firms between the different
waves.

Estonian firms are relatively young, where the average ageombents is 17 years, while that
of entrants is 6 years. The definitions of the other variabkedl in our analysis are stated in
Tablel and descriptive statistics of the variables in the estiomedample are presented in Table
2 and Tables.

We use two different types of labour productivity measuseswa main dependent variables and
performance outcomes: revenue productivity and valueagdoductivity. The former is the
ratio of sales to the number of employees, and the latteeisdtio of value-added, the difference
between sales revenues and the value of intermediate jnptite number of employees. Value-
added intends to measure the value in revenue that the firgemesated in excess of pre-made
inputs which the firm has procured from other sources.

In order to convert the book value of the gross capital statk its replacement value, we use
the perpetual inventory method describe®alinger and Summe(4983 whenever data in the
Business Registry and EKOMAR data is continuous betweeB 206@d 2018. According to this
method, the replacement value of the capital stock is equalet book value of fixed assets for
the first year the firm appears in the data. For the subseqaarg,first, the useful life of capital
goods,L;, at timet is calculated as:

I - GKi 1+ 1
'~ "DEPR, ’

whereGK;_ is the reported value of gross property, plant, and equipmetimet — 1, I, is
the investment in the same for the periodind D E PR, is the reported depreciation. Thép

12
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is averaged over time to obtaify which is then used in the following formula to obtain the
replacement value of the capital stock of a firm in industry

pk
Kt :<Kt—1k—t + It) (1 - 2/L),

t—1

wherept is the deflator for industry;. The second term represents the amount of capital stock
that depreciates each year and is based on the assumptiesdhamic depreciation is a double
declining balance. For new firms and for existing firms thatesgy again after a gap in later time
periods in the data, the book value of the capital stock itiiteeyear is taken as the replacement
value. However, for existing firms that after a gap reappedater years, this method will not
yield as good an estimate of the replacement value as forrthe for whom a long, continuous
time-series is available.

While not all innovative firms have positive R&D expenditutiee percentage of firms, incum-
bents and entrants, investing in R&D as well as the amoumsiad in R&D have generally
increased over the years. The majority of the firms, about,78%he estimation sample are
innovative. Among the innovative firms, the percentage abirators, or firms that innovated
a product or process or both, are quite high; that is, theme e innovative firms that did

not invent a new product or process and had unfinished inivevattivities. Also, about 7% of

firms that have positive R&D expenditure did not introducg aew product or process.

From Table4, as well as from the summary statistics, we can see that ththegincumbents
have on average significantly higher labour productivéygér capital stocks, higher investment
and more employees, no systemic differences in the inn@/aghaviour — propensity to invest
in R&D, R&D expenditure, or propensity to innovate — wereridibetween the incumbents and
entrants.

In our analysis we include a dummy for north Estonia, whidtesavalue 1 if the company is
located in Harju county. Harju county is the biggest of altdésan counties in terms of pop-
ulation and economic activity, and includes the nationgiteh city, Tallinn. The rational for
including this dummy is that firms located in Harju county,igthqualifies as the economic hub
of Estonia, are likely to be better networked with implicas for productivity due to agglom-
eration. We find that a significantly higher proportion ofrants are based in northern Estdnia
(see Table).

“However, we cannot be 100% sure of firm location, as some coi@paan operate in a location different from
where they are registered, and many companies can opessedral locations, e.g. firms in the retail business.
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The external knowledge capitdl,,, is intended to capture knowledge spillovers among firms. In
our empirical analysis, we differentiate between diffétgpes of spillovers: First, intra-industry
and inter-industry R&D spillovers to measure to what ext@mttants and incumbents differ in
their capacity to benefit from R&D knowledge that is avaitatd the firm within and outside
its own industry. Secondly, instead of measuring knowlech@tal using R&D, we measure
intra- and inter-industry regional spillovers using protiuty directly. Productivity spillovers
take place when firms become more productive simply by b&iogtéd near other firms. These
spillovers can take many forms, including shared ideasahmtelogies, thick local labour mar-
kets, or intermediate input linkageAudretsch 1998 Javorcik 2004 Storper and Venables
2004.

The measure of the intra-industry knowledge capital of finmindustry . (based on two digit
NACE Rev. 2 codes) in perlolds the weighted sum of R&D expenditures per employee of other
firms inindustryk, > ., ww Lf , WhereRz;; is the R&D expenditure of firmj, L, is the number

of employees employed by the firm, and the weighy;, is the inverse of the geographical
distance between the capital of the county in which firie located and capital of the county
in which firm j belonging to the same industr, is located; if firm; happens to be in the
same county them,; is taken as 1. Given that firms also learn through observindumtivity
directly, analogously, a measure of intra-industry praigitg in period is obtained by taking a
weighted mean of the labour productivity of all other firmsdmging to the same industry and
time period.

The measure of the inter-industry knowledge of firnm industry &k (NACE two digit) in pe-
riod ¢ is the Weighted sum of R&D expenditures per employee of firmsther industries,
Zl# Z Wy Ll , Where, again, the weight,; is the inverse of the geographical distance be-
tween the capltal of the county in which firms located and the capital of the county in which
firm j belonging to a different industry, is located. A measure of inter-industry productivity in
time periodt is obtained similarly by taking a weighted mean of the lagaductivity of all
firms belonging to other industries and in the same time gderio

In Table4 we can see that entrants on average are based in or closedns/egunties with
significantly higher average productivity; the differeat®Id for both within and across industry
comparisons. However, there appears no significant difterdoetween the entrants and the
incumbents in choosing locations where more intra-inguskternal knowledge is available.
Here, we would like to note that even at this broader definibbindustry (NACE two digit),
about 2% of the firm-year observations had zero intra-inglikstowledge flows. This is because
a relatively smaller number of firms, about 32%, in the estiomesample invested in R&D.
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Table 1. Variable Definitions

Variable Unit | Definition

Entrant 1/0 | 1 for firm-year observations for which the firm is at
most 8 years old

Incumbent 1/0 | 1 for firm-year observations for which the firm is
older than 8 years

Revenue Productivity log | Labor productivity measured as revenue divided by
the number of employees in year

Value-Added Productivity| log Labour productivity measured as value-added divided
by the number of employees in year

Capital log | Stock of fixed tangible assets in yeatalculated us-
ing the perpetual inventory method.

Employees log Number of employees in yeai(in headcounts)

Material log | Expenses for material and other intermediate inputs
in yeart

R&D Expenditure log | Research and development expenses ingear

Innovative 1/0 | 1 if the firm introduced new products or processes to
the market and/or have unfinished innovation

Innovator 1/0 | 1if the firm introduced new products or processes to
the market

Intra-industry R&D log | Weighted sum of R&D expenditures by other firms in
the same two digit NACE code and year

Inter-industry R&D log | Weighted sum of R&D expenditures by other firms in
the same year with a different two digit NACE code

Intra-industry Productivity log | Weighted mean of labor productivity of other firms in
the same two digit NACE code and year

Inter-industry Productivity log | Weighted mean of labor productivity of other firms in
the same year with a different two digit NACE code

Year dummies 1/0 | Set of indicator variables for the year of observation

Industry dummies 1/0 | Set of indicator variables for belonging to a two digit
NACE (Rev. 2) industry

Firm age integer| Age variable counting years since a firm took up eco-
nomic activity

North 1/0 | 1 if the firm is located in Harju County including

Tallinn
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4. Empirical Strategy

For firmj = 1,...,J and timet = 1,...,T, we observe revenué&’(;), labour (,;), capital
(K:), material inputs §/;,), R&D expensesR;;), which can also be zero, and’ (), which is
some measure of external knowledge capital.

Now, while a measure of R&D capital stock would be preferreca innovation input, we are
unable to estimate the knowledge capital from the past R&i2egitures using the perpetual in-
ventory method. This is because CIS surveys are conductedevery two years and, secondly,
we do not have a balanced panel data. Instead, followirggponet al. (1998, Mairesseet al.
(20095 and more recentl)Raymondet al. (2015 andBaumann and Kritiko$2016), we proxy
knowledge capital using current R&D expenditufg,. This proxy is based on the implicit as-
sumption that firm R&D investments are strongly correlagead(roughly proportional) to their
R&D capital stock measure, and that R&D engagement andsitygpersists over time.

The Cobb-Douglas production function wh&r, > 0 is

o Pl 17 Pk Pm DPPr [Pe Wit+E€j5t
Y =CoL& K- ME™ R ESe

K' Pk M ®m R Pr
— O, Lertertemter [ 22t gt Zut e pwitTeit 4.1

wheree“it*<it is firm j and timet specific unobserved productivity in the model. The payt,
is the total factor productivity, which is observed by thenfir but not by the econometricians,
ande;, is an ex-post shock. Dividing both sides by, in (4.1) and taking the logarithm, we get

Yjt =%o + <Pl+ljt + @Rk + OmMmie + ©pr i+ Peljr + Wi + €y, (4.2)

wherey;, is the natural log of revenue productivity;” = ¢, + ¢ + ©m + @ — 1; the lower-
. M Rt

case symbols;;;, m;., rj;, ande;;, on the RHS represent natural logs ot ?ﬂf T andE;,

respectively; andin(Cy) = ¢o.

As discussed in the section on data, not all firms, innovatingtherwise, have positive R&D

expenditure. We nonetheless keep such firms in our analysta/b reasons. First, this allows
us to estimate the spillover effects of external knowledg@tal for firms that do not engage in
R&D. Second, as discussed below, we are able to use the iafamon product and/or process
innovation, even in firms that do not have positive R&D ex@gsn$o endogenise the evolution
of w;; and assess the implications of innovation on total factodpctivity.
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The production function when R&D capitaky;, is equal to zero is given by

K. 9 M. o0
Yje = Ao Tkt on (—Jt> (—Jt) Effeeiter, (4.3)
L) \ Ty

Again dividing both sides by.;, in (4.3) and taking the logarithm, we get

Yo = ao + ) i + ok + Onmie + 02+ wji + €1, (4.4)
wherep!t = ) + o) + % — 1 andag = In(Ay).
As can be seen from ed4.¢) and eq. 4.4), we allow the coefficients of the input variables for

firms that engage in R&D and firms that do not to be different. dAle estimate4.2) and ¢.4)
by pooling the data and estimating the following equation:

Yjt =Po + D?t(ao — o + ) e + ok + @ome)

+ (1= DY) (0 L + rkje + emmie + @rrje) + Qe + wje + €1, (4.5)

whereD?t iIs a dummy variable that takes the value 1 when R&D experalituzero.

An equivalent of 4.5 wheny;, is the value-added productivitys given by

Yjt =Bo + D?t(ao — Bo+ B L + BRke)
+ (1= D) (B Lt + Brkje + Brrje) + Be€je + wie + €5¢, (4.6)

Here, the intermediate inputy;;, does not enter the log transform of the value-added pramtuct
functiorf. The termgw;,;, again, is the anticipated productivity shock, which isesled by the
firms but not by the econometricians ajglis an ex-post shock.

We estimate equatior (5) using random effects (RE), fixed effects (FE) and the cadfidirac-
tion method inOlley and Pake§1999 (OP), while equation4.6) is estimated using the control
function method imAckerberget al. (2015(ACF). The random effects estimator makes a strong

SWith a slight abuse of notation, we denote log transformsatie-added productivity and revenue productivity

by y.
5The value-added production function in log terms 4n6f can be derived from the following gross-output
Leontief production function, where material input is pogjional to output:

Yje = min{ BoLl! KiF Ry Bl et B, M, Ye*when Ry > 0.

This implies that value-added;; — Mj;, can be written a3, — M;; = (1 — ﬁ)BoLngﬁka[Eﬁe ewittest

whenR;; > 0. Similarly, whenR;;, = 0, we haveyY;, — M;; = (1— B%)AOLffKﬁgEftgewﬂﬂﬂ. ScalingK;; and
Rj; by Lj;, then dividing throughout by.;;, and then taking logarithm of the value-added productiorcfions
whenR;; > 0 and whenR;; = 0 and combining the two as irt(5), we get eq. 4.6).
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assumption that the productivity shocks in equatiémi)(are time invariant;; = w;) and are
independent of other covariates in the equation. This esthat input choices are made inde-
pendently of the firm’s fixed productivity level. Under thissamption pooled random-effects
is an unbiased estimator. However, a violation of this aggions leads to inconsistent results.
The fixed-effect estimator relaxes the assumption thaitteinvariantv; is independent of the
other covariates in the equation.

The unobserved productivity shocks;,, that are known to the firm when it makes its input
choices, however, are likely to vary with time and are caeted withw;,. To resolve the is-
sue of endogeneitypP(OP) andLevinsohn and Petrii2003 (LePe) have developed "control
function" approaches, which involve the use of economioyéo derive a "proxy" for the an-
ticipated shock productivityy;,, by assuming that they can be inverted out from certain firm
inputs if the firm has adjusted these optimally in responsbéa;, it observed.

Given certain limitations of th©Ps andLePés method, among them chiefly the problem of
"functional dependenceACF developed yet another control function approach. The prabl
of functional dependence iACF refers to the problem of the non-identification of the labour
coefficient in ¢.5)’. ACF's method differs crucially from_LePeand OP in the timing of the
investment and input decisions and the kind of control fimmcor proxy for the anticipated
shock,w;,. Also, in ACF a value-added production function is estimated.

Below we state the main identifying assumption©iRandACF.

Assumption 1 (Information Set) The firm’s information set#@tZ;;, includes current and past
productivity shockqw;, }:_, but does not include future productivity shodks;,}>>, . The
transitory shocks , satisfyE{e¢;;|Z;;} = 0.

Assumption 2 (Productivity Evolution) Productivity shocks or the unebged heterogeneity
evolve according to the first order Markov Process, iéw; ;+1|Z;¢) = p(wj11|w;i), where the
distribution,p(w; ++1|w;:), which is stochastically increasing in;, is known to the firm.

In the above assumption, the evolution of a firm’s produttiis exogenousGriliches(1979
points out that while R&D affects output, R&D is determineatibby past output and the expec-
tations of future output. And thus past R&D efforts and inaitian output affect the evolution

’ACF show that under the data generating proces3frandLePg labour is a deterministic function of the set
of variables that need to be non-parametrically conditibiéence, these variables are conditioned, and there is no
variation in labour left to identify the labour coefficient.
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of productivity, w;;, andw;, and expectations ab;,., affect the endogenous choice £f;.
We therefore, in a manner similar @oraszelski and Jaumandré013(DJ) andPeterset al.
(2017, endogenise productivity evolution by making depend on a measure of innovation out-
put; more specifically, productivity;,, is modelled to evolve according to a controlled Markov
processp(w;:|w;—1, L, 1j+—1), wherel;, is an indicator variable that takes the value 1 if firm
j innovated at least one product or process in pefipHere the assumption is that, too, is a
result of R&D efforts in the past.

The Markovian assumption implies that

Wit = E(wjt|wj,t—1, Ij,t> Ij,t—l) + fjt = g(wj,t—la ]j,u Ij,t—l) + fjt- (4-7)

In the above, productivityw;, in periodt has been decomposed into expected productivity,
g(wji—1, 1+, 1;4—1), and a random shock;,. While the conditional expectation functia.)
depends on the already attained productivity_, andl;, I; 1, {;; does not. The residua;,

by construction is mean independentgf,_, and/;,, I ,_1; we, in addition, assume complete
independence. As discusseddd, the productivity innovatiors;,, represents the uncertainties
that are naturally linked to productivity and the uncertigisinherent in the innovation process
such as degree of applicability and success in implementailhe two step control function
procedure proposed iACF is employed to estimate the conditional expectation fumcsi(.)
non-parametrically along with the parameters of the prtdadunctior?.

Assumption 3 (Timing of Input Choices) Firms accumulate capital accagito:
kit = K(Kji—1,54-1),

where investment;,_, is chosen in period — 1. In OP, labour inputi;, is non-dynamic and
chosen at, whereas inACF, labour input/;; has potential dynamic implications and is chosen
at periodt, periodt — 1, or periodt — b (with0 < b < 1).

Assumption 4 (Scalar Unobservable) IOP, firm investment decisions are given by:

ijt = ft(kjta Tjty Ljt, th)- (4-8)

8DJendogenise productivity evolution by including a measdiR&D investmentp(w;|w;.¢—1, Rj+—1), while
in Peterset al. (2017 productivity evolves ag(wj:|w;.«—1, dji, z;1), wherez;, andd;, are discrete variables equal
to 1 if the firmj realises a process or product innovation in ytesnd O otherwise.

SWe use the STATA's "prodest" command, which has been deeelbgRovigatti and Mollisi(2019, to imple-
ment the control function methods @P and inACF. The endogenous() option, when using prodest to implement
the method ilPACF, allows users to specify one or more variables that endagayaffect the dynamics of produc-
tivity, w; ;.
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wherei;; is the log of investment by firphin timet and z;, is the set of other state variables,
which, for example, include measures of external knowletig&CF, firm intermediate input
demand is given by:

mg = ft(ljt, k?jt, Tjty Ljt, wjt)- (4-9)

Assumption 5 (strict monotonicity) INOP investment in4.8) is strictly increasing inv;;, and
in ACF, intermediate inputs in4(.9) is strictly increasing inv;;.

Given the above assumptions, a proxy fgf in OP is obtained by inverting the investment
demand in 4.8), wi; = f, ' (kje, 7js, 21, 1), While in ACF, the proxy is obtained by inverting
the intermediate input demand i0.9), wj: = f; " (Ljs, kji, Tje, Tje, Mjt)-

5. Results

In the following, we compare the impact of investing in im&r innovation on productivity
among entrants and incumbents and also how they benefit fnowlkdge spillovers. First, in
subsection 5.1, we estimate the production function in g#gg@.5) and @.6), focusing on the
average rate of return to internal R&D investments for theugrof entrants and incumbents.
We next augment the production function by adding externalkedge capital in subsection
5.2. This allows us to study the differential learning ofrants and incumbents from knowledge
that is produced outside its own firm boundaries. In subsedi3, we estimate the impact
of product and process innovation on total factor produtgtifior the two group of producers,
incumbents and entrants. Finally, in subsection 5.4, wepasenour estimated elasticities of
productivity with respect to internal R&D and capital stowkh those estimated ibP, who
have undertaken a similar analysis for Germany.

5.1. Average Returns to Own R&D and Capital Accumulation for Entrants and
Incumbents

Using the empirical framework outlined in sectidywe first study how the productivity effects

of (1) innovation effort as proxied by R&D expenditure ang ¢apital accumulation differ
between entrants and incumbent firms. Tabteports the results of RE and FE regressions of
the production function in4.5). As can be seen from the table, the FE estimates, especially
for entrants, have large standard errors. This is mostylikecause there is little within-firm
variation in our panel data: 35% of the incumbents are olesHnst once and 22% are observed
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twice, while the corresponding figures for the entrants & and 24%. Given that the fixed-
effects model only makes use of within-panel variations ijuite likely that FE estimates turn
out to be poor, and accordingly we rely less on the FE estsriateur interpretation.

In Table5, we also display the results of estimating equatiémm)(using the methodology in
OP and equation4.6) using the method iACF. The dependent variable when employing the
methodology inOP is revenue productivity. Since identification in tA€F model is limited

to value-added production functions, we use value-addeduativity as the dependent vari-
able. Since irOP a proxy forw,, is obtained by inverting the investment demand4r8)( and
because for many firm-year observations investments in figséts were zero, the number of
observations when employing tki® methodology is lower.

Due to the log-linear specification, the resulting coeffitseof the input variables can be in-
terpreted as elasticities. We find that the productivitgitity of R&D expenditures is signif-
icantly positive for both entrants and incumbents. Howgwaraverage, entrants benefit more
from investing an additional 1% in R&D than incumbents: tifeedence in the magnitude of the
output elasticity of R&D expenditures for entrants and m&ents is relatively the same across
all methods: FE, REQP, andACF. These results are consistent with the theoretical argtimen
that young firms that do not have a well established produttgio on the market benefit more
from investing in R&D because R&D enables them to develop peyducts and catch up with
incumbents. Furthermore, during this period, they are nmuokned to exploit new ideas and
invest in radical innovation which in turn may lead to higpeoductivity gains.

We also find that both incumbents and entrants seem to exgeriarger productivity gains from
additional capital inflow than R&D expenditure. Also, amdhg incumbents the average elas-
ticity of non-R&D performing firms was found to be marginaliigher than those with positive
R&D, though the difference was found to be significant onlyleslemploying theACF method.
These results suggest that, as far as Estonia is concernmedecage "embodied technological
change" through capital accumulation has been more efésictigenerating productivity growth
(Castellanit al, 2019.

The results in Tabl® suggest that both entrants and incumbents experience ginatugains
from material inflow. We find that the estimates @f = ¢; + vr + ¢m + - — 1 and
et = o + ) + % — 1, which are the coefficients of log(Employeeg) — D°) and
log(Employees) D° respectively in the revenue production functidrd], are significantly neg-
ative for the incumbents. The negative estimatesgofand ¢}, however, do not imply that
productivity is decreasing for incumbents with additioaaiployment; it only suggests that the
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cumulative share of some of the inputs is less than 1. In arga&paet of regressions, which
we do not report here due to lack of space, we estimated tle@uevproduction function when

output and inputs were not scaled by number of employeeshelsetregressions we found the
share of employment;; andy?, to be quite high.

As far as age is concerned, it can be revealed fron©fRestimates that there is some evidence
that among all entrants, the older ones are more produciies. suggests learning effects for
the entrants in terms of productivity improvements withrgnadditional year the firm survives
on the market. However, the negative and significant coefftcof firm age for incumbents
indicates that these learning effects associated with fgenkeecome much smaller and phase
out in later stages of firm life.

The RE estimates and the control function estimates sugjggstirms located in northern Es-
tonia, which is the economic hub of the nation, are more prode; this suggests that firms in
northern Estonia benefit from a positive agglomerationceffd he control function estimates
also suggest that firms, especially entrants, are more ptiwduf they do not invest in R&D.
This result, however, is not robust across specificatiodshaethods.

Finally, we would like to point out that the difference beemethe estimated elasticities with
respect to employment, capital and material inputs for tR®Rerforming and non-R&D per-
forming firms did not turn out to be significant; the only extep being estimated elasticity
with respect to capital for incumbents while employing &@F method. Consequently, in the
rest of the paper we estimate common coefficients for the timguts.

5.2. Spillover Effects

As knowledge created in one firm or organisation spreadsgditian to using the internally
generated stock created by investing in R&D, firms use eateknowledge developed and
held by other firms. Knowledge spillovers are thus likely ffeet firm-level innovation and
labour productivity. Simple examples of such spilloverdule firms benefiting from informal
knowledge spillovers, especially if they happen to opeiratectors with higher average R&D
spending. Firms also learn directly from knowledge sp#éi®when partnering with customers,
suppliers, or entities with whom they share a supply chapeeially if the collaboration is to
foster innovation. Besides, firms also learn from compigiteho provide a visible performance
benchmark in market competition.
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These spillover effects are highly relevant for both firms @olicy makers, as they point to
situations where the benefits of accumulating knowledgenanfom result in performance and
productivity gains in a larger agglomeration or group of 8trfurther resulting in a sub-optimal
low level of R&D from a social point of view. Therefore, a keueagtion related to the pro-
ductivity effects of innovation is the degree to which a fenminovation impacts other firms’
performances.

In this section, we examine the productivity benefits thataert and incumbent firms gain from
geographic proximity to external knowledge capital of eitfirms inside or outside of their
own core industry (intra- versus inter-industrial spikos). In the following three subsections,
we focus on different types of external knowledge capitalhild/subsection 5.2.1 measures
spillovers using the sum of R&D expenditures of other firmudsection 5.2.2 measures knowl-
edge spillovers using the average productivity of otherdirm

Inter- and Intra-Industrial R&D Spillovers

External knowledge may serve as an important learning resoas it may complement the
internal knowledge at the disposal of the firm, in particiflaxternal knowledge originates from
different knowledge sources or is the result of alternagttempts at solving common technical
challengesAudretsch and Belitskk020Q. Research on knowledge spillovers at the micro-level,
however, finds that the different mechanisms through whpdtosers occur are indeed localised
to a large extent (se®udretsch 1998 Storper and Venable2004 Pondset al,, 2010. Besides
the importance of local labour markets and spin-off dynapstudies have emphasized the role
of networking between individuals and between organirgtias a mechanism for knowledge
spillovers that takes place at the regional level. For eash then, we define external knowledge
capital as the accumulation of knowledge that is generatedher firms that are geographically
close to the focal firm.

Since knowledge spillovers can take place both within adéen industries, we further differ-
entiate the group of other firms into those firms that are wittrid those that are outside of the
focal firm’s own industry, and accordingly construct measuof inter- and intra-industry knowl-
edge capital (see sectidrfor the definition of the two). These measures of externahktedge
capital are then added to the production functions in eqoatf}.5) and @.6). To test if there is
differential impact of knowledge spillover for innovatiagd non-innovating firms, we interact
the measures with two binary variables: one that takes theeiaif the firm is innovating and
zero otherwise, and the other that takes the value 1 if thei$imon-innovating and zero other-
wise. Tabl& illustrates the estimated results using these measuressshal knowledge capital
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in the productivity functions. For the purpose of expositilm the table we include the coeffi-
cient estimates of only the knowledge related variablesrsiown R&D expense as a measure
of internally generated knowledge stock and measures efreattknowledge generated within
and between industries. For the variables whose coeffiegithates have not been displayed,
the coefficient estimates are almost the same as the estimafable5.

Now, what we find in our data is that the average R&D expenditurd average labour pro-
ductivity of firms is higher in counties/regions where thisra higher concentration (number of
firms/geographical area of the county) of firms. Moreoverfiwe that there is a positive corre-
lation between entrants’ R&D expenses (productivity) dreldverage R&D expenses (produc-
tivity) of other firms situated in the same region. It therefseems that location is not random
but a deliberate choice made by the firms. It is therefore ewable that a positive correlation
between firm productivity is partly determined by high protiity entrants establishing them-
selves geographically close to the already productivenrznts. In other words, measures of
external knowledge capital, through endogenous choicedaation, and firm total factor pro-
ductivity, w,,, are correlated. The endogeneity of measures of extermatlkdge capital is
accounted for by treating measures of external knowledg#atabe they based on R&D ex-
penses or labour productivity, and a dummy for north Estasiatate variables when using the
OPandACF methods.

The FE, theACF and OP estimates suggest that only the incumbents benefit fronrrealte
knowledge within their own industry. ThH@P estimate seems to suggest that incumbents also
benefit from knowledge capital outside their industry. Inestwords, these results seem to indi-
cate that mature firms are on average better at incorpordiwegse knowledge that stems from
sources both within and outside their industry. The regoes®sults also show that for the in-
cumbents, the social returns to intra-industry knowledgm@tal are comparable or even higher
than the private returns to R&D.

[Table 6 about here]

The OP, ACF, and the FE estimates, too, suggest that non-innovating #@mong the incum-
bents benefit more from external knowledge than innovatmagsfi Given that there exists com-
plementarity between absorptive capacity and externalledpe and that at sufficiently low
levels of absorptive capacity further increases in extdenawledge may not increase marginal
private incentives to build absorptive capacity to beneditf it (seeAghion and JaraveR015,
the results seem to indicate that non-innovating incungx@minvest in building absorptivity ca-
pacity to benefit from external knowledge even though thegatanvest in innovation. Second,
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since by definition non-innovating firms do not invest in tti@r innovation” (innovations that
push the technological frontier), the results suggestghalh incumbents are most likely bene-
fiting from "technological adaptation or imitation,"” whichaided by geographical proximity to
R&D intensive firms operating in the same industry.

As far as inter-industrial external knowledge is conceriee results suggest that the entrants do
not benefit from the such external knowledge. And for incumibgdts estimated impact is not
robust across methods. One reason for such results coutdibeur measure of external R&D
knowledge is based on the geographical distance of the fatimsrin other industries; a measure
based on "technological distance" aBBilmom et al. (2013 or a measure based on forward and
backward linkages as avlinek and ZAZalové2014) could have yielded different results.

Inter- and Intra-Industrial Productivity spillovers

A firm that operates in a region or market where other markeiggaants display high levels of
productivity can, through face-to-face contact aStorper and Venablg2004), learn through
observing productivity directly. This externality is distt from the external knowledge spillover
that other firms may have generated via R&D investments. $Puctuctivity spillovers can
take the form of measuring oneself against a competitivelrmark, understanding supply and
production networks, or adopting best practices.

To assess the effect that spillovers from the productivitytber firms have on the productivity
of entrants and incumbents, we calculate for each firm theageeproductivity of other firms
within and outside of its own industry sector. To this end,ge@erate a variable that captures
the leave-one-out weighted mean of labour productivityaicheyear and 2-digit NACE industry.
These measures are then subsequently included in singiagsson specifications as used for
the analysis of R&D spillovers in section 5.3.1.

In Table7 we present the results of estimating the differential inje&@roductivity spillovers
for innovating and non-innovating firms. Again, for the posp of exposition, in the table
we include the coefficient estimates of only the average ymtidty of other firms within and
outside of its own industry sector interacted with dummyialales for innovating and non-
innovating firms in addition to the coefficient of the firm’s 0\R&D expenses.

The OP, ACF and RE estimates suggest that incumbents are likely to bémefi geographical
proximity to high performing firms from within their own s@tt Moreover, the results indicate
that for the incumbents, the impact of within industry protlty spillovers are even higher than
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the private returns to R&D. ThACF estimates, however, seem to suggest that non-innovating
entrants are negatively affected by high intra-industodpictivity spillovers. It therefore seems
that other high productive enterprises geographicallgeltm the non-innovating entrants in-
crease their relative cost of operation. This could happeasi argued iMNelson(1982 and
Cohen and Levinthgl1989), certain entrants do not invest sufficiently in R&D andiobuild-

ing absorptive capacity while other entrants and estaddidirms do take advantage of their
own innovation or spillovers, which comes from purchasingdoictivity enhancing technology

or adopting best practices. Thus, the "learning failuraiaf-innovating entrants could increase
their relative cost, resulting in lower value-added.

[Table 7 about here]

Coming to inter-industrial productivity spillovers, th&FRnd RE estimates suggest that there
is no impact of inter-industrial productivity spilloversrfeither the entrants or the incumbents.
On the other other hand, tl@P and theACF estimates seem to suggest the opposite impact for
the incumbents. On the whole, the estimated impact of ingustrial productivity spillovers

is not robust across methods. This, again, could be due tathéhat our measure of external
R&D knowledge is based on the geographical distance of timer dirms in other industries. As
suggested in the last subsection, a measure based on "tegicabdistance” or one based on
forward and backward linkages could yield different result

5.3. Implication of Innovation for Productivity

As it can be seen in Table which has the descriptive statistics, less than 40% of threyears
have positive R&D expenses, but about 75% of the firm-yeathensample have innovated
to introduce at least one new product in the market or a newgss Also, about 7% of the
firms that invested in R&D did not innovate a new product orcess. These suggest that more
firms innovate through the “doing, using and interactingU{Pmode of innovation rather than
“scientific and technologically-based innovation” (STidathat having positive R&D expenses
Is neither a necessary nor a sufficient condition for innovat

Now, it has been found that firms in the low- and medium-techoss are usually engaged in the
DUI mode of innovation while drawing on advanced science t@atinology results available
through the distributed knowledge basBspertsoret al., 2009 Trott and Simmgs2017). Given
that a large majority of the firm in our sample are in the lowd amedium-tech manufacturing
and less knowledge intensive services, and who innovateowitformally engaging in R&D,
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focusing only on R&D will not provide an complete picture detproductivity implications of
a firm’s innovative activity.

Hence, to assess how innovation affects expected prodycti\; ;—1, [, 1;:—1), across firms,

we examine its distribution functions for the subsampleslafervations with and without in-
novation. While the impact of innovation on productivityutd differ depending on whether
the firm innovated (a) in both time period5 ( = 1,1;,—; = 1), (b) in the current time period
(I;s = 1,1;,_1 = 0), (c) in the last time period/{, = 0,1;,_; = 1), (d) or did not innovate

atall (/;, = 0,1;,-1 = 0), here, we aggregate the impacts of (a), (b), and (c), anchacen
the aggregate productivity impact against the produgtiwitfirms that did not innovate in the
current and in the last period.

Table 8. Description of innovative activity in the current, ¢, and the previous,t — 1, periods

Incumbents Entrants
Iiy=0|1;,=1| Total Iiy=0|1;,=1| Total
Iiy1=0 935 1261 2196 Iiy 1 =0 142 260 402
(20.45) | (27.57)| (48.02) (19.48) | (35.67)| (55.14)
Iy 1=1 278 2099 2377 Ly =1 39 288 327
6.08 | (45.90)| (51.98) (5.35) | (37.51)| (44.86)
Total 1213 3360 4573 Total 181 548 729
(26.53) | (73.47) | (100.00) (24.83) | (75.17) | (100.00)

Note: Cell percentage in parentheses.

In Table8, we present a description of the innovative activities @f itcumbents and the en-
trants. Now, firms that innovate regularly or show persisteim innovative activity will have
most likely innovated in both time periodsandt — 1. We find that in our sample, firms ex-
hibit a high degree of persistence in innovative activity, the persistence is higher among the
incumbents (45.9%) compared to persistence among then&{87.5%)°. Consequently, the
major component in the aggregated impact will be the imphiicimvation in both time periods.

To describe differences in expected productivity,; .1, 1;+, I;:—1), between firms that inno-
vate and firms that do not, we employ kernels to estimate thteilalition functions of;(.) for
the subsamples of incumbents and entrants with innovatiahleast one time period and with-
out any innovation. The expected productivity,), is estimated using the methodologyAGF
as the option in STATA's ‘prodest’ to endogenize the evantof w;, is available only when

1°Though our estimation sample is highly unbalanced, priphgcause balance sheet information was found to
be missing for firms in the CIS data, but since in the raw Cl& datre is high degree of overlap of the firms over
the waves, we were able to garner information on innovatitieity in the last period without losing many firms.
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implementing the methodologies ACF andLePe Estimates ofj(.) obtained after estimat-
ing equation 4.9) are based on the specification in Tablen which intra- and inter-industry
knowledge capital are interacted with dummies for innaxgaind non-innovating status. As all
specifications gave the same conclusion regarding the ingb&mnovation on TFP, our choice
of specification here is arbitrary.

Now, while STATAS ‘prodest’ command allows us to specifyetarguments iy(w; 1, .), it
does not give the estimates g9fw;,_1,.). We therefore estimate the residual,, + €;;, in
equation ¢.9) as a proxy forg(w,—1, ;+, I;+—1). This method of estimating total factor pro-
ductivity (TFP) assumes that the coefficients are constenatsa entities, and is the one typ-
ically used by econometriciansiéll, 2011). Given that in equation4(7) we definedw,, as
g(wji—1, L, Lj1—1) + &, the estimated residuals are the estimateg(af; 1, ;;, I;+—1) +

& + €. Now, since the idiosyncratic errorg,, + €;,, are independent of the covariates,
DY, Ljt, kji, m5e, @ndey,, in equation 4.9), and I, & I, 1, besides having a mean of 0, any
comparison between two groups of producers of the estintaesity of the residuals will only
reflect the differences ip(w; 1, ;, [;+—1) for the two groups'. In what follows, therefore,

we refer to the estimated residuals as expected prodygiyid.

In Figurel we study the distribution of(.). In Figurelawe plot the average of the estimated
productivity,g(.), for the incumbents and the entrants for each of the yeatbelfigure we see
that the annual means ¢f.) for the incumbents and the entrants are relatively constemis
indicates that in our sample the distributionggf) for the incumbents and the entrants does not
change much over time. We can therefore pool the estimgtédrom all time periods and
estimate its density for the incumbents and the entrants.

In Figure 1b we plot the estimated density gf.) for entrants and incumbents. We find that,
on average, the expected productivigy,), of the entrants is higher than that of the incum-
bents. Here we would like to note that the difference in ayegaroductivity of the entrants and
the incumbents, which varied marginally across speciboati was found to be positive across
specifications and both the control function methodolagi#3and ACF. This is in contrast to

1The prodest command does, however, give an estimate, @fs
¢E(D?w Lit, kjesjes eje) — [Bo + DYy (ao — Bo + B + Blkje) + (1 — DY)( 3 e + Bickje + Brrje) + Beejil,

whereg(.), which is estimated in the first stage, is givendiyd?; , Lj¢, kje, ¢, €j¢) = [Bo+ D3 (a0 — Bo + B0t e+
wkjt) + (1= DY,)( i+ Bikje + Berje) + Beeje) + £ (L, kjes Tje, €50, Mt ); S€E @ssumptiod, wherew;; has
been defined aﬁ{l(lﬁ, ki, e, eje,mje). The distribution functions of the estimated, for the subsamples of

incumbents and entrants with and without innovations ar gimilar to the distribution functions of the estimates
of ¢(.) that have been plotted here.
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labour productivity, which on average is found to be someawingher among the incumbents
than the entrants (see Tablg This, as we know, could be possible because labour privatyct
can change due to changes in the capital-labour ratio wittwoy changes in technology. That
is, change in labour productivity could be due to change®ahrology or changes in factor
accumulation.

.
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Figure 1. Distribution of expected productivity, g(.).

Thus higher labour productivity among the incumbents caaldlue to higher capital accumu-
lation by the incumbents. TFP, on the other hand, measurasahility or efficiency, such as
managerial talent, quality of inputs, innovation, etcattare not accounted for by the observed
inputs (se&syverson2011). From figureslaandl1b, we can conclude that, on average, entrants
are more productive in their TFP than the incumbents. Theetlfat surviving young firms have
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above average productivity and that they grow faster thair thature counterparts, has been
documented elsewherEdsteret al,, 2006 Haltiwangeret al,, 2013.

Also, we find that estimated productivity is more dispersetwag the entrants. Many stud-
ies have documented a higher dispersion of productivityragnmung firms. As discussed in
Haltiwangeret al. (2013, young firms exhibit an “up or out" dynamic — they either grtast
on average or they exit. These “up or out" dynamics imply &éhdting young firms have very
low productivity while surviving young firms have above aage productivity. This could poten-
tially explain why productivity is more dispersed amongémérants®. Related to the “up or out"
dynamics Fosteret al. (2018 explain that entry is associated “experimentation,” Whiesults
high degree of within-industry productivity dispersionolléwing this experimentation phase
is the “shakeout" period, in which entrepreneurs that ssefodly innovate and/or adopt grow
while unsuccessful entrepreneurs contract and exit yiglgroductivity growth. Fosteret al.
(2019 discuss a variety of mechanisms which can help understawd'éxperimentation” can
generate heterogeneity in the factors that cause dispersio

In Figurelc, we plot the estimated cumulative densityy¢f) for innovators and non-innovators
among incumbents. The estimated cumulative density .9ffor innovators and non-innovators
among entrants can be seen in Figlide We also apply the Kolmogorov-Smirnov test to com-
pare the distribution of expected productivity for innavatand non-innovators. In Tablewe
test for the equality of the distributions for innovatorglaron-innovators.

In Figurelc and Figureld, we see that the distribution function for innovators, agorcum-
bents as well as the entrants, is to the right of the disiobutinction for non-innovators. This
strongly suggests that the distribution function for inatrs stochastically dominates the dis-
tribution function for the non-innovators. In Tal¥e we reject the hypothesis for both groups
of producers, incumbents and entrants, that the distdbatofg(.) for the innovators and the
non-innovators are equal. Moreover, for both the incumband the entrants, the stochastic
dominance of the distribution function for innovators omen-innovators could not be rejected.

Also, as can be seen in Tallg, for both the entrants and the incumbents, the hypothestisita
averagg(.) forinnovators and non-innovators is equal has been rejeMereover, we find that
the difference in the averagg.) of innovators and non-innovators for entrants is 0.22, whic
is much larger than for the incumbents for whom the diffeeeiec0.07. These differences,

?Haltiwangeret al. (2013 state that this dynamic is an important feature of markeetaeconomies and is
consistent with predictions in models of market selectiod arning and models where it takes time for firms to
build up their customer base or reputation in credit markets
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Table 9. Kolmogorov-Smirnov Test for Equality of Innovators’ and Non-Innovators’ dis-
tribution of expected productivity

Hypothesis Test Stat.| p value
Expected productivity estimates for the innoya--0.002 | 0.994
tors are larger than that for the non-innovators.
Innovators and non-innovators’ have the same0.067 0.004
distribution of expected productivity.
Expected productivity estimates for the innoya--0.007 | 0.988
tors are larger than that for the non-innovators.
Innovators and non-innovators have the same).194 0.001
distribution of expected productivity.

Incumbents

Entrants

Table 10. Test of Equality of Averagey(.) between Innovators and Non-Innovators

Difference in average(.) of Innovators| Pr(|7| > |¢|)
and Non-Innovators

Incumbents| 0.068 0.000
Entrants 0.220 0.000

The two sample t-test assumed unequal variances.

however, are in logarithmic scale; at the mean, this diffeeein linear scale implies that an

entrant who innovates is roughly 25% more productive thaergrant who does not. For the

incumbents, it implies that, on average, a firm that innav&e’% more productive than the

one which does not. This suggests that entrants are moreahianslate their innovations

into productivity gains than the incumbents. Given thatghbr percentage of entrants, 37%,
compared to incumbents, 31%, reported product innovatiGuggests that entrants are more
likely to make productivity gains by widening their spectrwof final goods or intermediate

inputs and/or by establishing niche markets, and that théymt innovations of the entrants yield
greater rewards than that of the incumbents. Overall, #s8lt is consistent with the results in
section 5.1, where we found that, on average, entrants caease their labour productivity

more than the incumbents by investing an additional 1% in R&D

5.4. Comparison with Estimates for Germany

In this section, we compare estimated elasticities of prodity with respect to own R&D
and capital stock with those estimatedLinbczyk and Peter§2020Q(LP). In Table11 below,
Baseline Specification refers to the specification in Talle 4P and the specification in Table
5 in our paper. In Tablé, we had interacted the inputs, labour, capital and masgnaith
dummies for positive and zero R&D. Since the estimatedieltist for the two regimes did not
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turn out to be significantly different, for the purpose of gmarison withLP, we re-estimated
the specification in Tablg without interacting the inputs with the dummies. Specifaawith
R&D Spillovers in Tablell is the specification in Tabl& in our paper and Table 8 inP, and
Specification with Productivity Spillover refers to the speation in Table7 in our paper and
Table 11 inLP.

As can be seen from the table, the elasticities of produgtwith respect to own R&D for Es-
tonia are lower than those for Germany even though our essnasing theOP method vary
considerably across specifications. This suggests thaénman firms, both entrants and in-
cumbents, on average, have a higher capacity to translai®& productivity gains compared
to Estonian firms.

[Table 11 about here]

Now, previous studies at the industry level (mainly on manturing industries) clearly suggest
a greater impact of R&D investment on productivity in thetiigch rather than in the low-tech
industries (se€astellaniet al., 2019 and the references therein). In our sample less than 40%
of the firm-years have positive R&D, which is mostly concated in high-tech manufacturing
and knowledge-intensive services (Eurostat classifioatiBlowever, high-tech manufacturing
constitutes less than 3% of the total firm-year observataonsthe medium-high-tech consti-
tutes about 11%. These figures are much lower than the condsp EU averages of 12.5%
and 32% respectively (s&airopean CommissigB011, p. 121). Therefore, the estimated lower
elasticities for Estonia could be due to the industry contmoseffect: Estonian firms in aggre-
gate exhibit a lower elasticity of productivity to R&D juseébause they have a lower percentage
of firms in the high-tech industries, where the returns to R&dve been revealed to be higher.

Interestingly, in our data, knowledge-intensive servicesstitute about 15% of the firm-year
observations, which is high compared to the EU average Esgepean Commissior2013

p. 292, which reports a similar finding). However, as we foumaur data, fewer firms in
knowledge-intensive services introduced innovationsgpct and/or process, compared to firms
in high-tech and medium-high-tech manufacturing.

Ortega-Argilést al. (2014 2015 find that in traditional low-tech industries, which focus o
process innovation, productivity gains turn out to be metated to capital accumulation rather
than to R&D expenditures. Supporting this argumeastellaniet al. (2019 point out that
complex and radical product innovation generally reliesamal R&D, while process inno-
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vation is much more related to embodied technological ceaulpieved by investment in new
machinery and equipment (see aParisiet al,, 2006 who first reported the finding).

Now, what we find in our data is that (i) 47% of the firm-year alvagons are from low-tech
and medium-low-tech manufacturing, while 23% of the firnayebservations are from less
knowledge intensive services. (ii) Process innovatior?{4ff the firm-year observations) is
more prevalent than product innovation (32%); even in hgght and medium-high-tech man-
ufacturing, a higher percentage, compared to low-tech faatwring and all services, engage
in process innovation. Coupled with the fact that produtgtigains from capital accumulation
is higher than R&D expenditures — in fact, for incumbents ihigher than productivity gains
from capital in Germany — the two facts, (i) & (ii), suggesatiembodied technological change
through capital accumulation, which is more likely to aidgess innovation, has been more
effective in generating productivity growtRérisiet al., 2006. This is also symptomatic of Es-
tonian firms’ distance from the technological frontier; wHems are at a distance from the tech-
nological frontier, R&D, besides generating productigrpwth through innovation, facilitates
technology transfer through learning and building up abes capacity Cohen and Levinthal
1989 Griffith et al,, 2009).

[Table 12 about here]

Brunoet al. (2019 point that the EU is the world region with the highest shdr@ata-regional
trade (in our data, the majority of firms, 69%, have importe@h this basis, one should ex-
pect that trade and services flows are accompanied by teafioal knowledge flows. That
is, imported machinery and equipment embody R&D and teduyichl knowledge. To further
support the claim that Estonian firms have mainly relied ob@ufied technological change by
investing in new machinery and equipment, which are mostiyarted, to improve their pro-
ductivity, in Table12 we interact log(Capital/Employees) with the import dumnwpjch takes
the value 1 if the value of imports in the firm-year was posind O otherwise. As can be seen
from the Table, the elasticity of productivity with respéctcapital is higher — and significantly
— for the firms that have imported than those that have not.

A vast amount of literature has focused on (1) complemdythetween R&D investments and
endowment in human capital endowment with appropriate HRMnfan Resource Manage-
ment) practices, and (2) how organizational settings aradegfic managerial practices are cru-
cial in affecting productivity trendsHagerberget al, 201Q Castellaniet al,, 2019. Given data
limitations, which prevent us to directly investigate winat a difference in human capital en-
dowment and managerial gap can explain the relative imglofi Estonian firms to translate
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R&D efforts into productivity gains, this is left for futumesearch. Other technological and so-
cial capabilities, whose lack could restrict both R&D aities as well as the efficiency of R&D
include the institutional environment (corruption, lawdaorder, independence of courts, prop-
erty rights, business friendly regulation, governmenfgmential policy), social values (civic
activities, trust, tolerance, religious ethics, attitsidewards technology and science), and the
financial systemKagerbergt al, 201Q Aghionet al,, 2017). It would be worthwhile measur-
ing the difference in institutional environment/qualityy governance, social values, and level
of financial development to see if these can explain theivelaability of Estonian firms to
translate R&D efforts into productivity gains.

6. Concluding Remarks

A large proportion of productivity growth, which as we knos/the key driver of economic
growth, is due to reallocation emanating from the entry axitia# firms. First, since this re-
allocation is tied to the heterogeneous productivity impaé¢ R&D investment and innovation
undertaken by incumbents and entrants, in this paper we shedproductivity implications
of R&D and innovation for incumbents and entrants. More &g, we investigate how the
elasticity of productivity with respect to R&D investmenffdr between entrants and incum-
bents. Second, we study how much entrants and incumbemntsded benefit from knowledge
produced outside the firm boundaries. Third, since R&D itmest provides only a partial
picture of the innovation activities in a firm, we also lookhatwv innovation outputs, not all of
which result from R&D investment, affect the productivitf/these two groups of producers.
Finally, since catching up economies tend to grow more otaiton activities, with R&D also
facilitating in building absorptive capacity, embodiedhaological change through capital accu-
mulation is likely to have a significant productivity impakYe, therefore, study the productivity
impact of capital accumulation for the incumbents and theaeis.

We used seven waves of Estonian Community Innovation S@E) data for the study. Cer-
tain information needed from the firms’ balance sheets weadd from the Estonian Business
Registry data, which is census data; missing informaticavailable, was obtained from EKO-
MAR data, which is survey data.

Several interesting conclusions emerge from our analigist, while both entrants and incum-
bents gain significantly from investing in R&D, we find a robresult that the average elasticity
of labour productivity for entrants with respect to R&D isinent exceeds that of the incum-
bents. Second, entrants, on average, have higher totat factductivity (TFP) than incumbents
and are more heterogeneous in their TFP than incumbentsd, Tthe average difference in
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TFP between innovators and non-innovators is much highigh&entrants (25%) than for the
incumbents (7%). These results suggest that Estoniamgsitias elsewhere, are more able to
translate their R&D and innovative efforts into produdiwgains compared to incumbents.

Fourth & Fifth, comparing our results to thoselinbczyk and Peter€020, we find that Ger-
man firms on average have a higher capacity to translateR&dix activities into productivity
gains compared to Estonian firms. However, we find that pribdtycelasticity with respect
to capital is higher than with respect to R&D; in fact, for &sian incumbents it is higher
than their German counterparts. This suggests that in Eestembodied technological change
through capital accumulation has been more effective ireggimg productivity growth than
R&D expenditure.

Sixth, in results related to spillover effects, it is mostig incumbents who benefit from within-
industry knowledge that is generated by other firms situatetbse proximity. Seventh, incum-
bents are likely to become more productive when other firmddse proximity display higher
average productivity. Eighth, both knowledge and proditgtspillovers seem to be higher for
the non-innovating compared to the innovating firms.

There are certain limitations in our paper, which are primatue to lack of data. First, as
Community Innovation Surveys (CIS) consider firms with a&siel0 employees, the entrants
included in these data may not be representative of the pbpnlof newly born firms, which
are unlikely to exceed this threshold in the first years oirteeistence. Relying on CIS data
could therefore limit the number of newly established firngecond, in estimating between-
industry knowledge and productivity spillovers, we have didferentiated with regard to the
degree in which different industries are more or less distam another in the technology
space. Moreover, the spillover potential between indestmay differ depending on whether
firms in different industries produce complementary or $itlte goods. Measures of external
knowledge produced in other industries that are based domodagical distance between firms
and/or forward and backward linkages between industrieddoave yielded different results
for the between-industry spillover effects.

Notwithstanding certain limitations, our analysis yiel@sults that have policy implications.
The finding that R&D and innovations benefit entrants dispropnately more than the incum-
bents points to the profound impact entry can have on ecandymamics. It also emphasises
the additional benefits there may be from innovative en&iepurship. The result of positive
R&D and productivity spillovers between firms located in ximity suggests that industrial
policy making should take agglomeration economics intaant Finally, since Estonia, a
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CEE country, is yet to close its gaps with the technologicahtiers, policies need to prioritise
improvements in the country’s absorptive capacity.
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Table 2. Summary Statistics
2006 2008 2010 2012 2014 2016 2018

Ent. | Inc. | Ent. | Inc. | Ent. | Inc. | Ent. | Inc. | Ent. | Inc. | Ent. | Inc. | Ent. | Inc.
log(No. of Employees) 398 | 417 | 3.73| 398 | 384 | 41 | 397 | 415 | 3.87 | 415 | 3.69 | 391 | 3.67 | 3.84
log(Capital) 13.2 | 13.46| 12.96| 13.5 | 13.01| 13.85| 12.75| 14.15| 12.74| 14.03| 12.81| 13.72| 12.73| 13.78
log(Material Cost) 13.39| 13.59| 12.79| 13.01| 13.05| 13.41| 13.26| 13.77| 13.37| 13.66| 13.09| 13.19| 13.37| 14.36
log(Investment in Fixed Assets)12.11| 12.16| 11.31| 11.6 | 11.44| 11.61| 11.48| 12.23| 11.75| 12.21| 11.23| 11.74| 10.35| 11.04
log(R&D Expenditure) 596 | 6.04 | 595 | 6.2 | 3.67 | 3.71|11.32|10.84| 11.1 | 11.2 | 11.25| 11.03| 10.5 | 10.93
Dummy for Positive R&D 026 | 036 | 021 | 024 | 026 | 0.32| 05 | 042 | 041 | 036 | 0.29 | 0.24 | 041 | 042
Age 6.3 | 13.72| 5.96 | 15.01| 5.87 | 16.37| 6.05 | 17.76| 5.81 | 19.11| 6.11 | 20.37| 6 21.6
log(Value-Added) 13.1 | 14.06| 13.69| 11.03| 13.91| 14.1 | 13.93| 14.32| 13.97| 14.37| 13.63| 14.09| 14.02| 14.3
log(Gross Output) 15.21| 15.24| 14.77| 15.01| 15.08| 15.24| 14.85| 15.51| 15.01| 15.42| 14.73| 15.12| 14.66| 15.16
Dummy for Innovative 099 | 099 | 065 | 064 | 0.78 | 0.83 | 0.94| 097 | 0.78 | 0.70 | 0.69 | 0.65 | 0.93 | 0.90
Dummy for Innovator 09 | 09 | 0.63| 061 | 0.72 | 0.77| 0.89 | 0.89 | 068 | 0.63 | 0.69 | 0.62 | 0.78 | 0.82
Dummy for North 054|052 | 059 | 051| 06 | 052 | 046 | 052 | 061 | 053 | 0.63| 0.5 | 0.74 | 0.52
log(Intra-Industry R&D) 6.97 | 6.78 | 7.36 | 6.94 | 5.01 | 448 | 12.23| 11.59| 11.51| 11.07| 11.99| 11.4 | 11.47| 10.86
log(Inter-Industry R&D) 12.06| 11.89| 12.51| 12.17| 10.11| 9.79 | 16.7 | 16.99| 17.16| 16.89| 17.59| 17.01| 17.64| 16.69
No. of Firms 143 | 637 | 212 | 1089 | 112 | 703 78 479 57 439 | 100 | 884 27 342
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Table 3. Summary Statistics of some variables Scaled by Nof Bmployees

2006 2008 2010 2012 2014 2016 2018

Ent. | Inc. Ent. | Inc. Ent. Inc. Ent. | Inc. Ent. | Inc. Ent. | Inc. Ent. | Inc.
log(Value-Added) 10.01| 9.89 | 9.94 | 9.87 | 10.07| 10.01 | 9.96 | 10.17| 10.10| 10.22| 9.93 | 10.18| 10.35| 10.45
log(Gross Output) 11.22| 11.07| 11.04| 11.03| 11.24| 11.16 | 10.88| 11.35| 11.14| 11.27| 11.04| 11.21| 10.99| 11.32
log(Capital) 9.21| 929 | 923 | 95 | 916 | 9.77 | 879 | 999 | 887 | 9.88 | 9.12 | 9.81 | 9.05 | 9.93
log(Material Cost) 9.71| 942 | 9.05| 9.03 | 9.21 | 932 | 929 | 962 | 951 | 951 | 9.41 | 9.27 | 9.69 | 10.51
log(R&D Expenditure) 1.74| 168 | 1.76 | 1.76 | -0.36| -06 | 7.28 | 6.55| 7.07 | 6.76 | 6.37 | 6.69 | 6.17 | 6.66
log(Intra-Industry R&D) 249 | 246 | 277 | 233 | 0.46 | -0.003| 7.66 | 7.05| 6.96 | 6.36 | 741 | 6.61 | 7.34 | 6.8
log(Inter-Industry R&D) 754 | 7.42| 7.8 | 753 | 5.29 | 5.07 | 12.39| 12.52| 12.42| 12.23| 13.17| 12.63| 13.28 [J12.42
log(Intra-Industry Value{ 8.26 | 8.03 | 847 | 819 | 872 | 838 | 836 | 85 84 | 834 | 853 | 82 | 9.27 | 8.73
SAdded Labor Productivity
log(Inter-Industry Value{ 838 | 83 | 855| 825 | 888 | 86 | 867 | 874 | 865 | 841 | 875 | 831 | 9.21 | 8.55
SAdded Labor Productivity
log(Intra-Industry Gross Out- 9.66 | 9.52 | 10.08| 9.72 | 10.19| 9.94 | 9.99 | 10.09| 9.91 | 9.74 | 10.25| 9.75 | 10.09| 9.84
put Labor Productivity)
log(Inter-Industry Gross Out-10.05| 9.92 | 10.91| 10.48| 10.99| 10.75| 10.96| 10.89| 10.78| 10.31| 10.3 | 9.82 | 10.25| 9.76
put Labor Productivity)
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Table 4. Test of Equality of Means between Entrants and Incurbents

Entrants| Incumbents Difference| Pr(|7'] > |¢|)
log(Value-Added Productivity ) 10.01 10.07 -0.06 0.043
log(Gross Output Productivity) 11.09 11.17 -0.07 0.045
log(No. of Employees) 3.83 4.03 -0.20 0.00
log(Capital) 9.12 9.7 -0.60 0.00
log(Material Cost) 9.34 9.39 -0.06 0.41
log(Investment in Fixed Assets) 11.52 11.83 -0.30 0.00
R&D Expenditure 159,473 79,014 80,459 0.11
Dummy for Positive R&D Expenditure 0.37 0.40 -0.03 0.11
Dummy for Innovator 0.75 0.73 0.02 0.33
Dummy for North 0.58 0.51 0.06 0.00
Intra-Industry log(R&D/No. of Employees)| 4.01 4.01 -0.006 0.96
Inter-Industry log(R&D/No. of Employees) | 9.12 9.43 -0.31 0.03
Intra-Industry log(Value-Added Productivity) 8.49 8.28 0.2 0.003
Inter-Industry log(Value-Added Productivity) 8.62 8.43 0.22 0.00

The two sample t-test assumed unequal variances.
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Table 5. Productivity Effects of R&D and Capital Accumulation for Entrants and Incumbents

Incumbent Entrant
FE RE ACF OoP FE RE ACF OoP
log(Employees) (1 — D?) -0.231*** | -0.039*** | 0.074*** | -0.052** | -0.035 0.044 0.028 | 0.053**
(0.020) (0.015) (0.001) | (0.022) | (0.081) | (0.043) | (0.025) | (0.022)
log(Employeesy D° -0.228*** | -0.025*** | 0.077*** | -0.044** | -0.058 0.028 0.020 | 0.050**
(0.019) (0.014) (0.002) | (0.019) | (0.072) | (0.034) | (0.016) | (0.024)
log(Capital/Employees)(1 — D°) 0.052*** | 0.104*** | 0.185*** | 0.113*** | -0.001 | 0.083*** | 0.187*** | 0.141***
(0.009) (0.008) (0.002) | (0.013) | (0.037) | (0.023) | (0.041) | (0.037)
log(Capital/Employees) D° 0.056*** | 0.115*** | 0.192*** | 0.154*** 0.038 | 0.096*** | 0.168*** | 0.079***
(0.008) (0.007) (0.000) | (0.009) | (0.030) | (0.018) | (0.031) | (0.028)
log(Material/Employeesy (1 — D°) | 0.101*** | 0.135*** 0.265** | 0.085** | 0.192*** 0.082**
(0.008) (0.008) (0.026) | (0.032) | (0.023) (0.037)
log(Material/Employees) D° 0.118** | 0.150*** 0.220*** | 0.072*** | 0.195*** 0.184***
(0.007) (0.006) (0.015) | (0.028) | (0.018) (0.021)
log(R&D/Employees) 0.005* 0.008** | 0.019*** | 0.014*** | 0.030** | 0.030*** | 0.053*** | 0.030*
(0.003) (0.003) (0.005) | (0.003) | (0.012) | (0.011) | (0.019) | (0.017)
D: Dummy Zero R&D -0.015 -0.064 | 0.018*** -0.011 0.239 0.17 0.085** | 0.119***
(0.056) (0.058) (0.000) | (0.016) | (0.235) | (0.187) | (0.017) | (0.016)
Age -0.048*** | -0.009*** | -0.004*** | 0.007 0.015 -0.013 0.032 0.047*
(0.011) (0.003) (0.001) | (0.009) | (0.027) | (0.011) | (0.023) | (0.028)
North Estonia -0.010 | 0.272** | 0.181*** | 0.240%*** 0.092 | 0.231** | 0.200*** | 0.165***
(0.068) (0.030) (0.001) | (0.004) | (0.194) | (0.064) | (0.026) | (0.012)
Intercept 11.881*** | 9.070*** 9.644*** | 7.686***
(0.278) (0.171) (0.550) | (0.774)
No. of Observations 4573 4573 4573 4147 729 729 729 657

Note: Dependent Variables: log(Value-Added/EmployedsgmvemployingACF and log(Revenue/Employees) when
employing FE, RE, an®P. Every specification includes Time and Industry Dummies.

Standard Errors in Parenthesis. Significance levels 5% *x: 1% * * x: 0.1%
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Table 6. Estimates of within and across industries regionaknowledge spillovers

Incumbent Entrant
FE RE ACF OoP FE RE ACF OoP
log(Capital/Employees) 0.077*** | 0.113** | 0.172*** | 0.170*** | 0.039 | 0.090*** | 0.155*** | 0.115***
(0.011) | (0.007) (0.004) | (0.006) | (0.030)| (0.017) | (0.030) | (0.007)
log(R&D/Employees) 0.007 | 0.008** | 0.022*** | 0.042*** | 0.024* | 0.026** | 0.037** | 0.017*
(0.004) | (0.003) (0.006) | (0.012) | (0.013)| (0.011) | (0.017) (0.01)
log(Intra-industry R&DX Innovating 0.011*** 0.002 0.021** -0.010 | 0.007 0.02 0.006 0.009
(0.004) | (0.003) (0.008) | (0.010) | (0.016)| (0.012) | (0.018) | (0.011)
log(Intra-industry R&D)} Non-Innovating| 0.016** 0.008 | 0.054** | 0.028*** | -0.045*| -0.011 0.023 -0.016
(0.008) | (0.006) (0.004) | (0.006) | (0.025)| (0.019) | (0.025) | (0.011)
log(Inter-industry R&D) Innovating 0.023 -0.001 0.003 | 0.030*** | -0.006 0.002 -0.008 | -0.015*
(0.017) | (0.011) (0.017) | (0.011) | (0.063)| (0.029) | (0.011) | (0.007)
log(Inter-industry R&D)X Non-Innovating| 0.013 -0.006 | -0.018*** | 0.033*** | 0.027 0.016 0.000 0.002
(0.017) | (0.012) (0.005) | (0.009) | (0.064)| (0.03) (0.016) | (0.005)
No. of Observations 4414 4414 4414 4010 711 711 711 639

Note: Dependent variable is log(Value-Added/EmployeekenvemployingACF method and log(Revenue/Employees)
when employing FE, RE, an@P methods. All specifications include log(Employees), Dumimry Zero R&D, Age of
the firm, Dummy for North Estonia and Time and Industry Dunsnién addition, the FE, RE, an@P columns include

log(Material/Employees).

Standard Errors in Parenthesis. Significance levels 5% xx: 1% % x: 0.1%
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Table 7. Estimates of inter and intra-industry regional productivity spillovers

Incumbent Entrant

FE RE ACF OoP FE RE ACF oP
log(Capital/Employees) 0.076*** | 0.114*** | 0.193*** | 0.106*** | 0.043 | 0.091*** | 0.140**** | 0.149***
(0.011) | (0.007) | (0.001) | (0.024) | (0.030)| (0.017) (0.028) (0.031)
log(R&D/Employees) 0.007* | 0.008** | 0.016*** 0.008 | 0.027** | 0.030*** | 0.038*** | 0.055***
(0.004) | (0.003) | (0.003) | (0.006) | (0.013)| (0.011) (0.014) (0.018)
log(Intra-industry Productivity) Innovating -0.008 | 0.047*** | 0.047** | 0.062* -0.041 0.027 -0.033 -0.004
(0.016) | (0.011) | (0.002) | (0.033) | (0.054)| (0.035) (0.033) (0.033)
log(Intra-industry Productivity} Non-Innovating| -0.039 | 0.073*** | 0.049*** | 0.113*** | -0.091 0.012 | -0.063*** | -0.007
(0.021) | (0.015) | (0.002) | (0.009) | (0.083)| (0.052) (0.022) (0.03)
log(Inter-industry Productivity Innovating -0.045 0.004 | 0.014x** -0.002 -0.016 0.064 0.005 -0.045
(0.040) | (0.023) | (0.001) | (0.011) | (0.138)| (0.064) (0.023) (0.044)
log(Inter-industry Productivity} Non-Innovating| -0.023 -0.022 | 0.007*** | -0.050*** | 0.039 0.079 0.043** -0.032
(0.042) | (0.025) | (0.001) | (0.023) | (0.145)| (0.073) (0.020) (0.046)

No. of Observations 4414 4414 4521 4147 711 711 720 657

Note: Dependent variable is log(Value-Added/EmployeekgnvemployingACF method and log(Revenue/Employees)
when employing FE, RE, an@P methods. All specifications include log(Employees), Dumifmry Zero R&D, Age of
the firm, Dummy for north Estonia and Time and Industry Dunsnién addition, the FE, RE, an@P columns include

log(Material/Employees).

Standard Errors in Parenthesis. Significance levels 5% xx: 1% « x x: 0.1%
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Table 11. Comparing Elasticity of Productivity with resped to Own R&D and Capital with those obtained for Germany

Germany Estonia
OoP ACF OoP ACF
Inc. | Ent. Inc. Ent. Inc. | Ent. Inc. | Ent
log(R&D/Employees)
Baseline Specification 0.024*** | 0.029*** | 0.057*** | 0.125*** | 0.015* 0.043* | 0.019*** | 0.052***
(0.004) | (0.010) | (0.002) | (0.002) | (0.009) | (0.022) | (0.003) (0.018)
Specification with 0.022*** | 0.026*** | 0.050*** | 0.120*** | 0.042*** | 0.017* | 0.022*** | 0.037**
R&D Spillover (0.002) | (0.009) | (0.002) | (0.003) | (0.012) (0.01) (0.006) (0.017)
Specification with 0.008*** | 0.024* | 0.041*** | 0.117*** | 0.008 | 0.055*** | 0.016*** | 0.038***
Productivity Spillover| (0.002) | (0.010) | (0.002) | (0.002) | (0.006) | (0.018) | (0.003) (0.014)
log(Capital/Employees)
Baseline Specification 0.076*** | 0.147*** | 0.127*** | 0.281*** | 0.136*** | 0.148*** | 0.196*** | 0.140***
(0.026) | (0.029) | (0.000) | (0.001) | (0.027) | (0.036) | (0.001) (0.027)
Specification with 0.021 | 0.148*** | 0.133*** | 0.255*** | 0.170*** | 0.115*** | 0.172*** | 0.155***
R&D Spillover (0.026) | (0.007) | (0.002) | (0.003) | (0.006) | (0.007) | (0.004) (0.030)
Specification with 0.035*** | 0.128*** | 0.183*** | 0.248*** | 0.106*** | 0.149*** | 0.193*** | 0.140****
Productivity Spillover| (0.008) | (0.038) | (0.004) | (0.001) | (0.024) | (0.031) | (0.001) (0.028)

Standard Errors in Parenthesis. Significance levels 5% xx: 1%

* % %, 0.1%
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Table 12. Productivity Effects of Capital Accumulation for Importers and Non-Importers
among Entrants and Incumbents

Incumbent Entrant
ACF OoP ACF OoP

log(Capital/Employees) Import Dummy 0.190*** | 0.139*** | 0.161*** | 0.150***
(0.006) | (0.003) | (0.027) | (0.020)

log(Capital/Employees) (1-Import Dummy)| 0.176*** | 0.119*** | 0.109*** | 0.121***
(0.002) | (0.009) | (0.024) | (0.016)

Note: Dependent Variables: log(Value-Added/Employees)env employing ACF
and log(Revenue/Employees) when employif@P. All specifications include
log(Employees), log(R&D/Employees) Dummy for Zero R&D, gort Dummy,
Age of the firm, Dummy for North Estonia and Time and Industynimies. In addition,
the OP columns include log(Material/Employees).
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KOKKUVOTE

Teadus- ja arendustegevuse, innovatsiooni ning kapitali
akumulatsiooni jarelmid tootlikkusele alustavates ja pikaajaliselt
tegutsenud ettevotetes Eesti nditel

Kéesolevas artiklis kasutame Eesti ettevotete innovatsiooniuuringu andmeid uurimaks teadus-
ja arendustegevuse, kapitali akumulatsiooni ja innovaatilise tegevuse viljundite (toote ja
protsessiinnovatsioonide) rolli alustavate ning pikaajaliselt tegutsenud ettevotete tootlikkust
mojutavate teguritena. Kuni kaheksa aastat tegutsenud ettevotted on seejuures defineeritud
alustavate ettevotetetena ja iile kaheksa aasta tegutsneud ettevotted pikaajaliselt tegutsenud
ettevotetena. Me leidsime, et investeeringud teadus- ja arendustegevusse mojutavad t66jou
tootlikkust suhteliselt enam alustavates ettevdtetes vorreldes pikaajaliselt tegutsenud
ettevotetega. Tootmistegurite kogutootlikkuse osas on tegevust alustavad ettevotted vorreldes
tegevust jatkavate ettevotetega Kkeskmiselt tootlikkumad, aga ka heterogeensemad.
Innovaatilised (uuenduslikud) tegevust alustavad ettevotted on kesmiselt umbes 25% kdrgema
tootmistegurite  kogutootlikkusega vdorreldes mitteinnovaatiliste tegevust alustavate
ettevOtetega, samas pikaajaliselt tegutsenud ettevotete seas on kahe grupi, uuenduslike ja
mitteuuenduslike, vahel tootlikkuse erinevus ainult 7 %. Lisaks eelnevale on enamasti
pikaajaliselt tegutsenud ettevotted need, kes saavad kasu ettevottevilisest teadmusest 1abi
majandusharudevahelise teadmiste lilekandumise. Mdlemas ettevitete grupis, nii alustavates
kui pikaajaliselt tegutsenud ettevotetes, on tehnoloogiline muutus 1dbi kapitali akumulatsiooni
efektiivsem tootlikkuse kasvu allikas vorreldes teadus- ja arendustegevuse investeeringutega.
Uurmistulemuste majanduspoliitiliste implikatsioonide juures on oluline teadus- ja
arendustegevuse ning innovatsiooni disporportsionaalselt suur roll alustavates ettevotetes
vorreldes tegevust jitkavate ettevotetega, mis osundab uute ettevotete loomise suurele rollile
majandusarengus.



