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This paper aims at identifying the contribution of knowledge capital to total factor
productivity differences among European sub-national regions within a spatial economet-
ric regression framework. Special emphasis is laid on the estimation of interregional
spillovers between the Western and Eastern European regions, focusing on the triangle of
capital regions Vienna-Budapest-Bratislava. By accounting for human capital stocks, the
results suggest lower spillover effects emanating from patent activities. Moreover, Vienna
appears to be the largest contributor to productivity increases in Bratislava. Budapest’s
productivity seems to be sensitive to the knowledge and human capital endowments of the
EU, but less so to those of Vienna.

ã 2016 Elsevier B.V. All rights reserved.
1. Introduction

The recent empirical literature on economic growth has shown that differences in economic income, both at national and
sub-national levels, are mainly due to disparities in total factor productivity (TFP) (Klenow and Rodriguez-Clare, 1997;
Easterly and Levine, 2001; Jerzmanowski, 2007). Economic theory highlights that the technological process plays an
important role in productivity gains and economic growth ( [113_TD$DIFF]Prescott, 1997; Hall and Jones, 1999 [114_TD$DIFF]). The work by Griliches
(1979), for example, augments the productionmodelwith the stock of knowledge.Moreover, growth theory emphasizes that
the knowledge production of firms contributes to long-run growth, especially because of knowledge spillovers. Fischer et al.
(2009) define knowledge spillovers as the benefits of knowledge to firms, industries or regions not responsible for the
original investment in the creation of this knowledge. Knowledge spillovers therefore represent externalflows of knowledge.

Fischer et al., 2006 distinguish two types of knowledge spillovers: First, pecuniary externalities, which denote spillovers
embodied in traded capital or intermediate goods and services, and second, non-pecuniary externalities, which denote
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spillovers of the disembodied kind. The paper follows the spirit of Fischer et al. (2006) and Fischer et al. (2009), among
others, and considers spillovers of the disembodied kind.

In addition to considering the stock of knowledge as a factor explaining differences in regional total factor productivity,
this paper extends the knowledge capital model with human capital (see Mankiw et al., 1992). This seems to be particularly
important since human capital not only measures the potential of performing knowledge-intensive economic activities, but
may also condition a regions’ absorptive capacity. A second motivation for including human capital is a more practical one.
Many theoretical as well as empirical studies on regional economic growth have demonstrated the central role of human
capital in explaining growth differences (LeSage and Fischer, 2008; Fischer, 2011; Cuaresma and Feldkircher, 2013; Cuaresma
et al., 2014). Since several proxies of knowledge and human capital stocks are likely to be highly correlated, failing to account
for human capital in an empirical knowledge capital model might lead to severe omitted variable bias.

The key issue is to distinguish between knowledge and human capital. The Cobb-Douglas production function considers
both factors of growth in a straightforwardmanner (for example, [115_TD$DIFF]Ishise and Sawada, 2009). However, knowledge production
functions (Jones, 1995) see human capital as the decisive input factor, whereas knowledge is the output. On the other hand,
the concept of human capital can be traced to the earnings-schooling function. A long line of studies in the Mincer tradition
demonstrated that investments into schooling pay off. Education has thus emerged as the first proxy for human capital.
However, the true impact of education on productivity, while controlling for knowledge capital, is still being debated. [116_TD$DIFF]
Schultz’ (1960) estimates suggested that about one fifth of TFP growth can be attributed to changes in human capital. The
robustness of these results was checked by [117_TD$DIFF]Jorgenson and Griliches (1967) [118_TD$DIFF] using education attainment. Even though later
studies proved this estimate to attenuate over the years, there is a general consensus that human capital is to a large extent
linked to the education process and factors into many knowledge producing and absorbing activities. However, it is still
rather challenging to properly discern between both types of capital because a part of knowledge never takes some
disembodied measurable form such as a patent. Some knowledge, such as a productivity-enhancing organizational
structure, may be reflected only as the know-how of a company, possibly appearing in the records as expenses for the
training of employees with respect to the new organizational structure. In line with this concern, the estimated impacts of
human capital might capture some part of the knowledge capital impacts.

This paper attempts to quantify the contribution of both knowledge and human capital to differences in total factor
productivity among European regionswithin a regression framework in general, and the impacts of their spatial spillovers to
other regions in particular. Since classical linear regression frameworks treat the observations/regions as being independent
of each other, these approaches appear to be inappropriate for capturing spatial spillovers. This paper therefore uses spatial
econometric estimation approaches (see LeSage and Pace, 2009) to account for spatial spillovers for both human and
knowledge capital.

Moreover, the paper focuses particularly on exploring spillovers among Western and Eastern European regions. For this
purpose, in an empirical illustration we investigate human and knowledge spillover effects in the triangle of the capital
regions Bratislava, Vienna and Budapest, since they represent both theWestern and Easternparts of the EuropeanUnion. Due
to their spatial proximity, the triangle of these three capital city regions appears to be particularly interesting for studying
spatial spillover effects.

The remainder of the paper is organized as follows: in the next section, we introduce the theoretical model and its
empirical specification. Next, we explain the sources and construction of the data. In the fourth section, we present the
estimation results. Subsequently, we show the strength of spillover effects amongst the selected capital regions. Our
concluding remarks are summarized in Section 6.

2. Model

In order to address our research question, we need to build a rather general model that will allow us to estimate spillover
effects between each pair of regions. Let Kit and Hit denote the knowledge and human capital stocks at time t =1, . . . , T and
region i =1, . . . , N. We follow Jones (1995) and assume that knowledge production DKit is a function of human capital Hit

with some R&D productivity [119_TD$DIFF]dit , and the region-specific knowledge capital stock in the previous period:
Plea
rev
eco
DKit ¼ ditK
g
itH

b
itexp vitð Þ ð1Þ
exp(wit) is an error term. [120_TD$DIFF]b and g are elasticities associated with the human and knowledge capital stock, respectively.
Building on an expanded version of the standard Cobb-Douglas regional production function, the model can be written

as:[121_TD$DIFF][122_TD$DIFF]
Yit ¼ ditK
g
itH

b
itL

a
itC

1�a
it expðeitÞ; ð2Þ
where Yit, Lit and Cit denote regional output, labor stock, and physical capital stock, respectively. The error term eit reflects all
random factors of output and productivity and is assumed to be identically and independently distributed with mean zero
and variance s2. a, 1�a, [123_TD$DIFF]gb are the output elasticities of labor, physical capital, knowledge and human capital, respectively.

Following endogenous growth models (Ertur and Koch, 2007), the knowledge capital stock Kg
it is assumed to consist of

intra-regional knowledge Kg1
it as well as region-external knowledge Kg2

jt for j6¼i. Similarly, the human capital stock Hb
it is also
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given by the own regional stock Hb1
it and the region-external human capital Hb2

jt . By calculating TFP in the usual way as

Fit ¼ Yit

LaitC
1�a
itð Þ, we arrive at the following expression:
Plea
rev
eco
Fit ¼ ditK
g1
it H

b1
it S

N

j6¼i
Kg2
jt S

N

j6¼i
Hb2

jt exp eitð Þ ð3Þ
Recently, spatial econometric models have gained popularity in the empirical regional science literature. Using such
models, spillovers between regions can be explicitly taken into account. The recent literature on spatial autoregressive
models hasmoreover shown that neglecting to account for spatial dependence among regionsmight result in severe omitted
variable bias (see LeSage and Pace, 2009). In accordance with the spatial point of view, the spillovers from a region i to a
region j are subject to a concept of closeness (neighborhood). The neighborhood of regions i and j is captured in an N times N
non-negative spatial weightmatrixW. Specifically,Wij > 0, if regions i and j are assumed to be neighbors. Moreover,Wii ¼ 0,

since no region is assumed to be a neighbor to itself. In this context, we denote regional-external knowledge Kg2
jt and

humanHb2
it capital stocks as follows:
Kg2
it ¼ S

N

j6¼i
WijKjt

" #g2

ð4Þ
[124_TD$DIFF][125_TD$DIFF]
Hb2
it ¼ S

N

j 6¼i
WijHjt�b2 ð5Þ
As already mentioned, both knowledge and human capital refer to broadly defined concepts, and in the empirical literature
they are usually only represented by weak proxies. Quality of education, skills acquired outside formal education, and non-
patentable knowledge are just a few examples of factors that are hard to capture. Following Ertur and Koch (2007), these
omitted variables are presumably also spatially correlated and thus have to be captured using a spatial lag specification
either in the error term (Spatial Durbin Error Model (SDEM) specification) or in the dependent variable (Spatial Durbin
Model (SDM) specification). We assume that all the omitted variables are endogenous to knowledge capital, as they are to
TFP, so that the SDM specification appears to be more appropriate (see LeSage and Pace, 2009). Therefore, we introduce the

spatial autocorrelation term in TFP– [126_TD$DIFF]
PN
j6¼i

WijFjtwith the scalar spatial autoregressive parameter r.

Apart from the process of knowledge generation, we have to consider the presence of certain temporal factors. We are
interested in estimating effects throughout the first decade of the 2000s. However, the integration of post-Communist
economies into the European Union in 2004 and 2007 and the global financial crisis might introduce some bias into our
estimates (Elhorst, 2012). In order to account for potential structural changes, we decided to include time-period fixed
effects in our empirical version of the model as well.

After taking logs, we can rewrite the model from Eq. (3) as follows: [127_TD$DIFF][128_TD$DIFF][129_TD$DIFF]
lnFit ¼ r
XN
j6¼i

WijlnFjt

2
4

3
5þb1lnHitþg1lnKit þ b2

XN
j6¼i

WijlnHjt

2
4

3
5þ g2

XN
j6¼i

WijlnKjt

2
4

3
5þ jitiþ eit ð6Þ
[130_TD$DIFF]where spatial time-period fixed effects xit account for impacts of various temporal disturbances. With Eq. (6), our model
takes the form of a spatial Durbin panel model, which is characterized by a spatial lag both in the dependent variable and in
the explanatory variables.We expect that all estimated slope coefficients turn out to be positive, so that both knowledge and
human capital that are available locally and in the neighborhood contribute positively to the total factor productivity levels
across the EU regions.

3. Data

One challenge for this study is to construct the TFP data in a robustmanner. As Katayama et al. (2009) show,manipulation
with the primary (entry) variables introduces large variation in the calculated TFP. Conventionally, the TFP values are derived
from lnFit ¼ lnYit � sitlnLit � 1� sitð ÞlnCit . In a line of studies, Yit is represented simply by gross domestic product (GDP), Lit
stands for the number of people employed and Cit for investments. However, those studies lead to conflicting and ambiguous
results.We followan approach proposed by Fischer et al. (2009), who attempt to correct the robustness of the TFP calculus in
several aspects. First, they suggest to employ gross value added (GVA) instead of GDP. One argument here is that GDP
encompasses all kinds of production effects, while the GVA concept is more knowledge-centered, which is similar to the TFP
concept. Second, the labor input share sit can be better calculated from the labor costs than from its revenues, particularly in
the case of imperfect factor shares. Third, the Cit should be seen as a stock rather than amere flow, since the positive benefits
from investments do not usually occur within a period (in our case, within a year). The stock of investments can then be
se cite this article in press as: P. Puškárová, P. Piribauer, The impact of knowledge spillovers on total factor productivity
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derived from gross investments Iit using the perpetual inventorymethod given by Cit+1 =Cit (1-r) + Iit+1. The depreciation rate
of the stock of investments r is assumed not to change significantly over the years.

All the TFP-entry variableswere taken from the Cambridge Econometrics Database. The GVA in the database is in constant
Euro prices of 2000 and deflated, investments are in current prices in Euro, its depreciation rate is presumably r= 0.12
(Fischer et al., 2009), and labor costs are wage remunerations in Euro in current prices. The labor share is then given by the
share of wage remunerations in total wage remunerations plus investments. In order to partial out the effects of working
time differences across the EU regions, we adjusted the wage remunerations by hours worked.

Following this approach, we have constructed a vector of log-transformed TFP values, where 168 NUTS-2 regions have
higher and 83 have lower TFP levels than the average EUNUTS-2 region. The topfive regionswith the highest TFP levels are in
Luxembourg (1.7518), Stockholm (1.6955), Inner London (1.6942), Groningen (1.6267) and Brussels (1.5991). Among the five
regions with the lowest TFP levels are regions in Romania and Bulgaria. This paper is concerned about the knowledge
spillovers fostering West-East EU convergence. For that purpose, we selected the regions of Bratislava (Slovakia), Budapest
(Hungary), Brno (Czech Republic) andGyör (Hungary), which are all capital or large city regions located uniquely close to one
capital from theWestern EU: Vienna (Austria). Fig. 1 depicts the TFP levels for the selected regions compared to the average
regional TFP levels across the EU.

In terms of TFP, Fig. 1 shows that Bratislava and Budapest did catch up with the Vienna region, especially after the EU
accession of Slovakia and Hungary in 2004. The figure supports our hypothesis that the selected area has been experiencing
fast-growing knowledge spillovers, even though these are less tractable for the non-capital regions of Brno and Györ. The
significance of knowledge and human capital spillovers for the TFP catch-up process will be scrutinized in Section 5.

Equally important for the robustness of our results is the selection of the knowledge and human capital variables. In the
literature, we merely encounter weak proxies. Knowledge capital is often represented by stocks of patent applications and
human capital by population with tertiary education. However, there is objectively a large pool of tacit knowledge which is
not captured by patent stocks. As Griliches (1990) posits, this knowledge remains unpatented as costs are too high,
knowledge is strongly context-related, the inventor gets discouraged by the administration burden associated with patent
registration, or the conditions for a patent application are simply not met. Examples of non-patentable innovations could be
an own organizational setting or a successful motivational technique. Even though they increase labor productivity, they are
often context-related and the innovator feels less driven to protect them. Moreover, many patents are just upgrades of
already existing patents and as such they may increase productivity less than a single patent of a revolutionary nature. In
other words, the productivity accrual for different patent applications varies considerably. However, no better proxy for
knowledge capital has been deployed so far, and therefore we decided to limit knowledge capital purely to patentable
knowledge.

As a proxy of knowledge capital, we use patent stocks calculated from patent applications to the European Patent Office
(EPO), again using the perpetual inventory method. Therefore, the patent stock of region i at the end of period (t+1) is given
byKit+1 =Kit (1-r) + Pit+1, where Kit is the stock of knowledge embodied in EPO patent applications at the end of period t and r is
the depreciation rate of that knowledge stock. The number of EPO patent applications was taken from the Eurostat Regional
Databases. The Greek regions were excluded because of data scarcity. The depreciation rate r=0.12 was used, following the
study of Caballero and Jaffe (1993).When searching for a human capital proxy, we faced the challenge of capturing all sorts of
skills, such as the abilities to socialize or create networks of knowledge transmissions, or personal discipline at work. In
general, the proxy for human capital should reflect the ability to contain marketable knowledge and move it around.
Conventionally, there are three milestones throughout the education life. The first is when a person completes elementary
education, the second when a person completes full secondary education (finishing with some sort of state examination),
and the third relates to the graduation from college or university. An important part of education is life-long training, which,
however, only further upgrades the skills received at the highest completed stage of education and as such may not factor
into our estimates significantly. In terms of tertiary education facilities, the quality of education differs considerably across
the EU (following the results of the Shanghai University Ranking or the Financial Times Ranking). However, at the secondary
[(Fig._1)TD$FIG]
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Fig. 1. Trajectory of TFP in the selected regions.
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stage of education, PISA surveys demonstrate that European human capital is comparable in terms of maths and reading as
well as research literacy. PISA surveys are performed on a sample of 15-year-olds. In light of this, we decided to take the
working age population and filter the low educated share out. Thus, human capitalH shall be represented by the share of the
population aged 25–64 with at least full secondary education attainment (completed ISCED 3–6 level) in this paper. The
empirical literature agrees with this approach. Other human capital proxies (such as the share of tertiary educated
population or the number of schooling years) perform confusingly in growth regressions. Again, the datawas taken from the
Eurostat Regional Databases. A detailed summary of the data is provided in Table 1.

We chose to run the estimations at the level of NUTS-2 regions covering the 26EU countries. Data availability limited us to
perform the estimations on a smaller spatial scale. The NUTS (Nomenclature of territorial units for statistics) classification is
a hierarchical system for dividing up the economic territory of the EU for the purposes of statistical collection of data and
framing the cohesion policy of the EU. There are three levels, NUTS-1 to NUTS-3, where the regions are separated according
to the regional administrative division of a country. In our sample, most NUTS-2 regions are located in Germany (39), United
Kingdom (37), France (22), Italy (21) and Spain (17). The countries of Estonia, Latvia, Lithuania, Luxembourg, Malta and
Cyprus are represented by a single NUTS-2 region. Though varying in size, they are generally considered to be appropriate
spatial units for modeling purposes. In most cases, they are moreover sufficiently small to capture sub-national variations.
But we are aware that NUTS-2 regions are formal rather than functional regions, and their delineation does not represent the
boundaries of regional growth processes very well.

The spatial weight matrix may be based on two neighborhood concepts: a common border or distance. In case of a
common border, each element of the spatial weight matrix is set to unity if the two regions share a common border and zero
otherwise. Although this determination is rather straightforward, it neglects spillovers from regions delineated as islands. An
alternative approach is to take distances between regions and assume distance decay of spillover effects. In our case, we
employ this approach and denote each element of the spatial weightmatrix asWij = dij�2with no distance bound. As a spatial
weight matrix is built to capture the extra-regional impacts of explanatory variables, its main diagonal elements
(neighborhood of the same region) are set equal to zero:Wii = 0. In order to build up the distance decay spatial weightmatrix,
we take distance dij as the distance between the i’s centroid and the j’s centroid. The longitude and latitude of each regionwas
taken from the GISCO Eurostat database. The spatial weight matrix was row-standardized to avoid overestimation problems
(Elhorst, 2012).

4. Spatial panel estimation

We organized our data into a spatial Durbin panel model. Spatial panel models contain time series observations for a
number of geographical units in order to assess impact estimates across both space and time. In our case, we consider
N =251 European NUTS-2 regions and T =11 years. We estimate an SDM model with time-period fixed effects as
demonstrated in Eq. (6), using the MATLAB package developed by Paul Elhorst, which is available under http://www.
Table 1
Descriptive and summary statistics, averages over 2000–2010 and all regions.

Variable Proxy Source Mean Standard deviation

H Share of population aged 25–64 with at least secondary education attainment
(ISCED 3–6)

Eurostat online
databases

70.4 15.2

K Knowledge Capital (ln) Own calculationb 5.7 2.0
P EPO patent applications p.c. Eurostat online

databases
202.9 379.9

F Total Factor Productivity (ln) own calculationa �0.2 0.5
Y Gross Value Added

(mil EUR, constant 2000 prices, deflated)
Cambridge
Econometrics

49,328.0 63,479.0

L Labor Own calculationd 44,148.0 45,086.0
E Employment (number of employees) Cambridge

Econometrics
1,162.0 1,193.0

W Hours Worked Cambridge
Econometrics

38.0 3.0

C Investments Stock
(mil EUR, constant 2000 prices, deflated)

Own calculationc 61,772.0 78,577.0

I Investments
(mil EUR, constant 2000 prices, deflated)

Cambridge
Econometrics

10,675.0 13,461.0

s Labor Input Share (%) Own calculatione 71.5 5.6
R Remuneration (mil EUR) Cambridge

Econometrics
28,889.0 37,367.0

a Calculated as [107_TD$DIFF]ln Fit= ln Yit� sit ln Lit� [108_TD$DIFF](1� sit) ln Cit.
b Calculated from yearly P using perpetual inventory method denoted as Kit+1 =Kit (1-r) + Pit+1,r=0.12.
c Calculated from yearly I using perpetual inventory method denoted as Cit+1 =Cit (1-r) + Iit+1, r=0.12.
d Calculated as E*W.
e Calculated as R/(R + I).
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Table 2
Estimation results: Spatial Durbin model specification.

Determinants SDM time-period fixed effects, distance decay W

r (spatial lag in TFP) 0.835848 (0.000000)
g1 (patent stocks – K) 0.088384 (0.000000)
b1 (secondary educated – H) 0.080801 (0.008805)
g2 (spatial lag in K) 0.025600 (0.000000)
b2 (spatial lag in H) �0.216494 (0.000000)

s2 0.0334
pseudo R2 0.8820
adjusted R2 0.7639
logL 658.9787

Wald test spatial lag 317.9059 (0.0000)
LR test spatial lag 197.3773 (0.0000)
Wald test spatial error 451.0423 (0.0000)
LR test spatial error 188.0979 (0.0000)

Hausman t-statistics 1044.7930 (0.0000)

Notes: p-value in parentheses; pseudo R2 represents a measure of the goodness of fit; adjusted R2 includes punishment on the
dimension of the model.
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regroningen.nl/elhorst/software.shtml. Based onwork by Yu and Lee (2010), the estimation procedure involves a maximum
likelihood estimation (MLE) approach in order to obtain estimates for the unobservable model parameters of interest.

Table 2 shows the results of the spatial panelmodel estimation for the parameters r,b1, g1,b2, g2 related to the spatial lag
in TFP, human and knowledge capital and their spatial lags, respectively. The results demonstrate strong autocorrelation in
the dependent variable. Both the Likelihood Ratio (LR) and Wald tests point out that the spatial lags in the exogenous
variables should not be omitted in [131_TD$DIFF]favor of a spatial lag model. Lower values of the Wald and LR tests in the SDM setting as
compared to the SDEM specification indicate that the SDM model specification appears to be more appropriate for our
dataset.

It is worth noting that in conventional (non-spatial) linear models, parameter estimates have a straightforward [132_TD$DIFF]

interpretation. LeSage and Pace (2009), however, show that the interpretation of the parameter estimates in spatial
autoregressivemodelsmight lead to erroneous conclusions. This is due to the non-linear nature ofmodels involving a spatial
lag in the dependent variable. Moreover, spatial autoregressive models typically exhibit non-zero cross-partial derivatives.
The non-linear nature of spatial autoregressivemodel specifications implies that changes in a region’s patent stock affect not
only the TFP in the same region (direct effects), but also the TFP in other regions (indirect or spillover effect). Due to non-
negative spillover effects, spatial autoregressive models involve dealing with N2 partial derivatives for a particular
explanatory variable. The N � N matrix of partial derivatives of the expected elasticity of TFP with respect to patent stocks K
in a region i ¼ 1; . . . ;N is given by:[133_TD$DIFF]
Plea
rev
eco
@EFÞ
@K1

. . .
@EFÞ
@KN

� �
¼ I� rWÞ�1

g1 W12g2 . . . W1Ng2
W21g2 g1 . . . W2Ng2
. . . . . . . . . . . .

WN1g2 WN2g2 . . . g1

2
664

3
775 ð7Þ
(see LeSage and Pace, 2009), where Wij is the (i,j) th element of the spatial weight matrix W. In order to deal with this
overwhelming amount of information, LeSage and Pace (2009) suggest reporting a summary metric for the indirect
(spillover) effects, measured by the average of either the row or the column sums of the off-diagonal elements of thematrix.
A summary metric for direct impacts is represented by the average of the diagonal elements of the matrix. In compliance
with this approach, Table 3 reports the average direct and indirect (spillover) impact estimates.

The table highlights the differences inTFP elasticities on our proxies of knowledge and human capital. The elasticity of TFP
on domestic patent stocks appears to be positive and significant. The estimated indirect (spillover) effects frompatent stocks
are also positive and significant. The population sharewith at least full secondary attainment is both significant and positive
for domestic and foreign TFP levels, but the spillover effects appear to be considerably larger in magnitude as compared to
the direct and indirect impacts from patent stocks. The estimated average indirect impacts suggest that a one percent
increase in a regions’ human capital stock implies an increase in the TFP of all other regions by 0.46 percent. The spillover
effects of EPO patent application stocks amount to 0.19 percent. It is worth noting that this result appears to be higher in
magnitude than the estimate of knowledge spillover impacts in Fischer et al. (2009), which amounts to 0.1. However, Fischer
et al. (2009) considered only theWestern European regions spanning the period until the EU enlargement in 2004. Due to the
technologygap between Eastern andWestern Europe, our results indicate that the EU enlargementwas indeed accompanied
by intensifying knowledge transfers.
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Table 3
Direct and indirect effects estimates based on the coefficient estimates of the spatial Durbin model as reported in Table 2.

Patent stocks (K) Secondary educated workforce (H)

Direct Effects 0.100604 (0.000000) 0.062030 (0.049789)
Indirect Effects 0.595103 (0.000000) 0.831321 (0.000000)
Total Effects 0.695707 (0.000000) 0.895531 (0.000000)

Note: p-value in parentheses.
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Even though our results struggle to answer the question whether productivity gains are attributable to the cross-border
transmission of non-patentable knowledge, the empirical analysis detects a strong responsiveness of TFP levels to human
capital endowments across European regions. The effects from conventional knowledge capital stocks are smaller, which
may be attributable to diminishing returns to scale in the R&D sector (Jones, 1995). A higher amount of knowledge capital,
however, also induces fishing-out effects, thus leading to decreasing gains in productivity.

Our results were exposed to several robustness checks. First, following Katayama et al. (2009), we redid the TFP
calculations for different depreciation rates of physical capital. We re-estimated the model for the 5.5% rate as proposed by
Görzig (2007) and Hernández andMauleón (2005) and for the 8% rate, following the results in Oulton and Srinivasan (2003).
Second, we reproduced the estimations for various specifications of the spatial weight matrix, namely for four and eight
nearest neighbors, and a spatial weight matrix of five nearest neighbors constructed by means of travel time distances.
Moreover, we tested alternative specifications of the model, namely an SDM model with two-way fixed effects and SDEM
specifications with either spatial, time-period or two-way fixed effects. The results are summarized in [134_TD$DIFF]Tables 4–6 . Our
estimates, however, appear to be quite robust.

5. Interregional spillovers in the capital regions of Bratislava-Vienna-Budapest

As already noted in the previous section, conditional on an explanatory variable, the indirect (spillover) effects between
two different regions correspond to a particular off-diagonal element of the impact matrix. Each diagonal element of the
impact matrix denotes a region’s direct effect.

Based on the fact that we used the maximum likelihood approach to produce parameter estimates, the estimated
parameters correspond to themean values of a normal distribution. However, since the impact estimates of interest are non-
linear functions of parameter estimates, the inference on direct and indirect impact estimates is more complicated.

We thus follow a simulation approach proposed by LeSage and Pace (2009). If we draw D parameters from a normal
distributionwith its moments given by themaximum likelihood estimation output, D average (direct or indirect) effects can
be calculated. If [135_TD$DIFF]wkd denotes the effect of the k-th explanatory variable of draw d =1, . . . ,D, the mean [136_TD$DIFF]’k, variance vk and the
corresponding t-value [137_TD$DIFF]t of the D draws are given by:
Table 4
Robustn

r (sp

g1 (pa

b1 (s

g2 (sp

b2 (s
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pseud
adjus
logL

Notes: p
a meas

Plea
rev
eco
wk ¼ 1
D
S
D

d¼1
wkd ð8aÞ
ess checks: Alternative specification of spatial weight matrix, TFP construction.

Depreciation rate of K = 5.5% W–4 nearest neighbors W–8 nearest neighbors W–nearest 5 at travel distance

atial lag in TFP) 0.123453 0.574851 0.617362 0.725634
(0.000000) (0.000000) (0.000000) (0.000000)

tent stocks – K) 0.088844 0.081224 0.084413 0.094822
(0.000000) (0.000000) (0.000000) (0.000000)

ec. educated – H) 0.042655 0.093454 0.080740 0.116828
(0.251085) (0.002634) (0.011400) (0.000051)

atial lag in K) 0.099149 0.048466 0.036822 �0.009133
(0.000000) (0.000000) (0.000000) (0.048051)

patial lag in H) 0.219570 0.277026 0.223254 0.268718
(0.000000) (0.000000) (0.000000) (0.000000)

0.0489 0.0342 0.0361 0.0294
o R2 0.8330 0.8787 0.8719 0.8958
ted R2 0.7439 0.7927 0.7960 0.7954

217.45145 605.31168 585.19833 735.84507

-value in parentheses, H stands for the share of working age populationwith completed full secondary (ISCED [109_TD$DIFF]3–6) education; pseudo R2 represents
ure of the goodness of fit; adjusted R2 includes punishment on the dimension of the model.
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Table 5
Direct and indirect effects estimates based on the coefficient estimates reported in Table 4.

depreciation rate of K = 5.5% W–4 nearest neighbors W–8 nearest neighbors W–5 nearest at travel distance

Direct effects – K 0.104626 0.095369 0.093282 0.107947
(0.000000) (0.000000) (0.000000) (0.000000)

Indirect effects – K 0.185906 0.209778 0.223558 0.204260
(0.000000) (0.000000) (0.000000) (0.000000)

Total effects – K 0.290532 0.305147 0.316840 0.312207
(0.000000) (0.000000) (0.000000) (0.000000)

Direct effects – H 0.090988 0.060664 0.063525 0.076230
(0.003094) (0.037865) (0.038760) (0.005168)

Indirect effects – H 0.435819 0.492490 0.437199 0.478242
(0.000000) (0.000000) (0.000000) (0.000000)

Total effects – H 0.526807 0.553154 0.500726 0.554472
(0.000000) (0.000000) (0.000000) (0.000000)

Note: p-value in parentheses.

Table 6
Robustness checks: Alternative model specification–spatial Durbin error model with spatial and time-period specific effects.

With spatial
FE

With time-period
FE

With two-way FE, bias
corrected

SDM with two-way FE, bias corrected

r (spatial lag in TFP) 0.714397
(0.000000)

g1 (patent stocks – K) 0.058261 0.106049 0.016941 0.011103
(0.000217) (0.000000) (0.000397) (0.020168)

[110_TD$DIFF]b1 (sec. educated – H) 0.068976 0.072004 �0.157716
(0.028574) (0.019360) (0.000000)

g2 (spatial lag in K) 0.215392 0.139198 0.059737 0.031591
(0.000000) (0.000000) (0.000000) (0.093210)

b2 (spatial lag in H) 0.430120 0.372689 �0.265759 �0.286826
(0.000000) (0.000000) (0.000000) (0.000000)

Spatial autocorrelation in the error
term

0.190976 0.214994 0.205987
(0.000000) (0.000000) (0.000000)

s2 0.0129 0.0352 0.0011 0.0011
Pseudo R2 0.7376 0.8304 0.9948 0.9964
Adjusted R2 0.1338 0.7743 0.2692 0.1311
LogL 2012.9104 594.73929 5487.1851 5433.6895

Notes: p-value in parentheses; pseudo R2 represents a measure of the goodness of fit; adjusted R2 includes punishment on the dimension of the model.
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The focus of this paper is on the (i, j) th elements of the matrix of partial derivatives corresponding to the regions Vienna,
Budapest and Bratislava in T subsequent years. Since we have two explanatory variables, we have two matrices of partial
derivatives. Table 4 reports the mean and standard deviations of the impact metrics corresponding to the two explanatory
variables following Eqs. (8a) and (8b).

We report the average annual direct (the first line of Table 7) and indirect (the upper half part of Table 3) effects and
compare them with the total indirect effects (the last line of Table 7) and interregional spillovers of some other selected
NUTS-2 regions located in the immediate neighborhood, namely Lower Austria (Niederösterreich), the Györ region (Nyugat-
Dunántúl) and the Brno region (Jihovýchod). Table 7 shows that both domestic and foreign knowledge and human capital
exhibit significant impacts on the TFP in the area. Domestic human capital appears to be slightly more important for TFP in
Vienna than in the capital regions of Slovakia and Hungary. However, spillover effects from foreign human capital seem to be
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Table 7
Estimated direct and indirect effects on TFP in the triangle of capital regions Vienna–Budapest–Bratislava compared to the effects on TFP in other close
regions.

K in Vienna H in Vienna K in Budapest H in Budapest K in Bratislava H in Bratislava

Direct Effects 0.0783 0.0906 0.0795 0.0807 0.0793 0.0819
(0.0028) (0.0302) (0.0026) (0.0287) (0.0027) (0.0289)

Indirect Effects on Bratislava 0.0050 0.0245 0.0017 �0.0007 – –

(0.0005) (0.0052) (0.0005) (0.0004) – –

Indirect Effects on Budapest 0.0011 0.0006 – – 0.0013 0.0009
(0.0001) (0.0074) – – (0.0005) (0.0003)

Indirect Effects on Vienna – – 0.0048 0.0224 0.0069 0.0215
– – (0.0001) (0.0014) (0.0004) (0.0050)

Indirect effects on other close regions
Indirect Effects on Brno region 0.0038 0.0278 0.0016 0.0017 0.0027 0.0175

(0.0001) (0.0074) (0.0001) (0.0003) (0.0001) (0.0046)
Indirect Effects on Lower Austria 0.0075 0.0953 0.0005 0.0028 0.0027 0.0040

(0.0002) (0.0279) (0.0000) (0.0009) (0.0001) (0.0012)
Indirect Effects on Gyor region 0.0016 0.0008 0.0037 0.0346 0.0027 0.0158

(0.0001) (0.0003) (0.0002) (0.0070) (0.0001) (0.0040)
Total Indirect Effects 0.1132 0.0350 0.0747 0.1020 0.0963 0.0032

Notes: standard deviations in parentheses; K denotes the stock of knowledge embodied in the EPO patent applications; H is share of working age population
with at least secondary education (ISCED 3–6).
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largest in magnitude in Budapest. In terms of patent stocks, the direct effects are quantitatively very similar in the three
capital city regions under scrutiny.

The estimated values reported in Table 7 have interesting implications. First, Budapest proves to have a large R&D
potential. It is the greatest beneficiary of human capital transfers within the area. The spillover effects from foreign human
capital are even higher than the domestic contribution of human capital. This may be attributable to the growing
participation of Budapest in international research networks. Through institutions such as the Central European University
and the European Institute of Technology residing there, Budapest accesses international funding and attracts European
human capital. Yet Vienna appears to be a less important partner in the knowledge transmission process than the other EU
regions. This result might be attributable to some competition effect between the capital city regions.

Second, Vienna emerges as an important donor of knowledge in the surrounding area. Vienna’s human capital helps
Bratislava and the region in between–Lower Austria–to grow. Vienna’s human capital also appears to be important for the
TFP in the Brno region, but only does very little for the TFP in the Hungarian regions. On average, Bratislava receives fewer
knowledge spillovers from EU regions as compared to Budapest or Vienna. This might explain why the estimated impact of
Vienna’s knowledge appears to be excessive–it is on average 7.57 times higher than the spillovers from any other EU region.
The relatively small effects of average EU regional knowledge can be explained by the long-run emigration of skilledworkers
from Bratislava to other EU countries (Ivancheva and Gourova, 2011).

Third, the effects of interregional human capital between Bratislava and Vienna may be two-way. Bratislava’s human
capital is also relevant for Vienna’s TFP. Since Slovakia’s EU accession in 2004, mobility and cooperation between Vienna and
Bratislava have boomed. In particular, a lot of skilled labor was attracted by the higher wages offered in Vienna. It is a
common observation that skilledworkers fromBratislava are employed, receive training and stay productive in Viennawhile
maintaining their permanent residence in Bratislava. In such cases, Bratislava’s workforce also utilizes knowledge in
Bratislava. The presence of feedback loops may further strengthen the responsiveness of TFP levels in Bratislava to human
capital in Vienna. This evidence is the first of its kind and therefore we suggest viewing it as indicative and not conclusive. It
should be extended to more empirical work, particularly micro-studies on mobility and particular channels of knowledge
transfer among the selected regions.

In the current debate on the future of EU cohesion policy and regional efforts to grow and connect internationally, our
conclusions may provide a guide to policymakers and their strategies. First of all, they can see that knowledge spillovers are
still somewhat restricted between theWestern and Eastern EU. Knowledge spillovers to Bratislava originate fromVienna, but
not somuch fromother EU regions. The Budapest region seems to do better and attracts knowledge fromother countries, but
not from Vienna. This indicates that knowledge transfers in the EUmight not be fully restricted to the closest cities and that
other factors may impact geographically disadvantaged regions. Unfortunately, exploring these other factors goes beyond
the scope of this paper. But the observation hints that the international connections of a region, resulting from renowned
education or research facilities located there, matter.

The question emerges what can be done to improve the situation where other regions such as the Bratislava region
basically depend on one single region in the neighborhood. Obviously, Vienna constantly appears at the top of R&D spending
and patenting [138_TD$DIFF]regions in the EU and the knowledge accumulated theremay be viewed as sizeable, but depending on just one
region makes the local productivity in Bratislava vulnerable. It would be advisable to diversify the cooperation ties of
Bratislava to other R&D-intensive regions.
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6. Concluding remarks

Using a knowledge production function, the paper estimates the contribution of knowledge and human capital stocks on
total factor productivity in European sub-national regions. Since total factor productivity in European regions appears to
exhibit strong spatial autocorrelation, we employ a spatial Durbin panel model for the period of 2000–2010 to explicitly
account for spatial dependence in the dataset. Moreover, these spatial econometric frameworks allow for the quantification
of spillover effects of knowledge and human capital stocks on total factor productivity.

Special emphasis is laid on the estimation of knowledge spillovers between Eastern andWestern European regions. Based
on its unique geographical closeness among European regions, an empirical illustration focuses on the triangle of capital city
regions Vienna-Bratislava-Budapest. The empirical results show that the transmission of knowledge in the area–despite
support from EU cohesion policy–is still somewhat restricted. Bratislava appears to be far more dependent on knowledge
accumulated in Vienna than in other EU regions. To the contrary, Budapest’s productivity seems more responsive to
knowledge and human capital endowments from other EU regions than Vienna.
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