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Abstract

The development of production networks has promoted knowledge flows and technology

diffusion among industries over the past decades, which affects the productivity growth for

countries within these networks. This article examines productivity growth in the pres-

ence of inter-sectoral linkages. We construct a spatial production model with technological

spillovers and productivity growth heterogeneity at the industry-level. We use the global

value chain (GVC) linkages from inter-country input-output tables to model the techno-

logical interdependence among industries, and estimate total factor productivity (TFP)

growth and its spillover among European countries. We find that the spillover effects from

intermediate inputs are significant. There is a network effect of TFP growth from one

country to another through input-output linkages. We provide a better understanding of

the impact of spillover effects on TFP growth in the context of GVCs.

The allocation of resource use within
the global value chain (GVC) is one of
the more important drivers of global eco-
nomic growth in recent decades, connect-

ing the industrial systems of various coun-
tries into a global production network. As
goods and services production is increas-
ingly fragmented, the growth of one coun-

1 Weilin Liu and Qian Cheng are with the Institute of Economic and Social Development at Nankai University in
Tiangin, China. Robin Sickles is Professor of Economics at Rice University. The authors thank two anonymous
referees for their comments. Emails: liuwl@nankai.edu.cn, 2120193047@mail.nankai.edu.cn, rsickles@rice.edu.
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try may be more dependent on the growth
of other countries than in the past. Tech-
nology improvements in one industry may
be transmitted to all industries in the pro-
duction network through the input-output
linkages. For example, the development
of new energy batteries will promote the
innovation and development of the down-
stream automobile industry. By using di-
versified and advanced spare parts from
upstream, the downstream manufactures
can create high-quality vehicles, to achieve
their own technological progress or im-
provement, thus boosting productivity.

The economic integration in Europe and
progress in the “European Single Market”
has facilitated the movement of goods, ser-
vices, capital and people among member
states of European Union and has enabled
member states to concentrate on a specific
product or even a segment or component in
the supply chain. The development of pro-
duction networks across countries in this
region contributes to the optimization of
spatial allocation of resources and thus con-
tributes to country and to world productiv-
ity growth.

Figure 1 displays the inter-sectoral net-
work across countries in the European area
(as in Panel A and Panel C) based on
the input-output linkages. Each vertex in
the figures corresponds to an industry de-
tailed product-by-product direct require-
ments table. For every input transaction
greater than the threshold of 2.5 per cent

of the total intermediates purchases for an
industry, a link is drawn between this in-
dustry and its input supplier.2 Panel B
and Panel D are the inter-sectoral net-
work diagram of the US-Asia Pacific area
with the same threshold value for compar-
ison.3 International linkages among Euro-
pean countries are much denser than that
among the Asian countries in our sample,
which suggests that although Asia is the
global manufacturing center, the produc-
tion network is mainly concentrated within
their national borders, whereas the Euro-
pean countries are more successful in the
development of international value chain
co-operations. Panel A and Panel C of
Figure 1 suggest the different positions of
European countries in the network and its
evolution over time.

Germany is shown to be a regional sup-
ply hub, with the most extensive interna-
tional downstream linkages to the indus-
tries in other EU countries, which suggests
that it has the broadest range of customers
in Europe during our sample period 2000 to
2014. Belgium had the largest number of
international suppliers in Europe in 2000.
However, this position was taken by Aus-
tria in 2014. The variation of relative po-
sition of countries in the network implies
the changes in the pattern of supply chain
across European countries. The total num-
ber of international linkages among the 297
industries of the ten European economies
and the United States increased by one-

2 The European countries include Austria, Belgium, the Czech Republic, Germany, Denmark, Finland, France,
Italy, the Netherlands and Sweden, which along with the United States are the foci of productivity analyses
in this article.

3 The countries whose networks are displayed for the Asia Pacific area include China, Indonesia, India, Japan
and Korea.
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Figure 1: Intersectoral Network Corresponding to the World Input-Output Tables
Panel A: Network of EU-10 and the US in 2000

Panel B: Network of Asia-Pacific and the United States in 2000
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Panel C: Network of EU-10 and the United States in 2014

Panel D: Network of Asia-Pacific and the United States in 2014

Notes: For every input transaction above 2.5% of the total input purchases of a sector, a link is drawn between
that sector and the input supplier.
Source: 2016 release of the World Input-Output Database (WIOD)
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third from 290 in 2000 to 384 in 2014,
while the total number of domestic link-
ages declined by 8.3 per cent (from 2,447
in 2000 to 2,244 in 2014). This suggests
that the European countries are integrating
their economies and thus becoming more
interdependent through the growing cross-
country inter-sectoral linkages.

In contrast, the total number of inter-
national linkages among the 162 industries
of the five major economies in the Asia-
Pacific area as well as the United States
only increased by 21.6 per cent (from 37
to 45), while the number of domestic link-
ages rose 1.8 per cent (from 1,422 to 1,447),
as shown in Panel B and Panel D in Fig-
ure 1. The increasingly integrated Euro-
pean value chains offer more opportunities
for these countries to appropriate advanced
frontier technologies and thus promote to-
tal factor productivity (TFP) growth. Nev-
ertheless, the spillover effects from input-
output linkages are not considered in most
empirical studies on productivity measure-
ment. In this article, we explore the trans-
mission channels of technology spillovers
and empirically examine the impact of such
spillovers on TFP growth, as a complement
to the existing literature.

Our work is related to two strands of
the literature. The first is a growing lit-
erature investigating the relationship be-
tween productivity growth and participa-
tion in the global value chain. Timmer
et al. (2014) summarized the effects of
global value chains on industry productiv-
ity growth through input-output linkages.
Halpern, Koren and Szeidl (2015) used a
structural model to explore the impact of
imported inputs on productivity. Dhyne
and Duprez (2017) examined the participa-

tion of global and local value chains and its
implication for the efficiency level in Bel-
gian firms. Lu et al. (2018) found that
there is a positive relationship between firm
foreign value-added ratio (FVAR) and pro-
ductivity. Timmer and Ye (2020) used the
growth accounting framework to analyze
factor inputs and TFP growth in GVCs.
However, most of these studies assumed
that the production technology of indus-
tries or firms are independent and did not
consider possible interdependencies in the
production network. We differ from this
literature by incorporating the spillover ef-
fect of production processes, focusing on
the impact of the network effect from fac-
tor inputs and technology on TFP growth
in the context of GVCs.

Our research also relates to studies
that investigate the impact of technolog-
ical spillovers in the form of patents as
well as spillovers from product competition
on productivity growth. Bloom, Schanker-
man and Van Reenen (2013) and Luck-
ing, Bloom and Van Reenen (2019) dis-
cussed two types of spillovers: knowledge
spillovers in the technology space and prod-
uct market rivalry in the product market
space. Their studies are focused on the
spillovers among firms that use patenting
in similar technological areas that sell prod-
ucts in the same market. Griliches (1979)
discussed another kind of spillover that af-
fects productivity improvement in an in-
dustry (say industry i) by purchasing in-
termediates from another industry, to the
extent that the productivity improvements
in the other industry have not been appro-
priated by its producers and not been in-
corporated in the official price indices of in-
dustry i by the relevant statistical agencies,
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referred to as “rent spillover.”
Our study differs from Feenstra et al.

(2013) and Feenstra, Inklaar and Timmer
(2015), who measured productivity growth
by the Tornqvist index using a growth ac-
counting framework based on the residual
of output growth and total input growth.
We estimate TFP growth using econo-
metric procedures which allow us to esti-
mate sectoral productivity with flexibility
in the specification of the spatial produc-
tion function. The empirical specification
of technology spillovers in this article dif-
fers from several previous studies. First,
while Ho, Wang and Yu (2018), among oth-
ers, argued that a spatial weight matrix
based on international trade flows could
capture multi-country technological inter-
actions, we believe that using intermediate
flows as the interaction matrix is more ap-
propriate. The role of intermediate flows as
a channel for shock propagations has been
investigated in recent studies of production
networks.4 This is because, as an impor-
tant vector of knowledge diffusion, inter-
mediate flows better represent and reflect
communication and cooperation in produc-
tion among industries.

Second, several studies in this literature
are based on the assumption of homogene-
ity in productivity growth across industries
(Ertur and Koch, 2007; Liu and Cheng,
2021). Due to the technical and economic
features of each sector, the specification
of homogenous parameters when modeling
economic growth may be inaccurate, as was
shown by Durlauf (2001). Therefore, we

use a flexible spatial Cobb-Douglas produc-
tion function and a parameter identifica-
tion empirical methodology based on a spa-
tial time-varying stochastic frontier, which
allows for the heterogeneous technological
progress and technology spillovers at the in-
dustry level. Furthermore, unlike the im-
posed distribution assumptions in Glass,
Kenjegalieva and Sickles (2016), we com-
bine the spatial econometrics with the pre-
vious work of Cornwell, Schmidt and Sick-
les (1990) for estimation, which does not
require further parametric assumptions on
the distribution of the inefficiency term.

Furthermore, a few recent papers are
more closely related to our work. Liu
and Sickles (2021) combine the method-
ology of spatial econometrics model and
time-varying stochastic frontier to esti-
mate the industry-specific productivity and
spillovers within the Asia-Pacific value
chain. Following this method, Liu, Sickles
and Zhao (2022) estimate the technology
spillover between the United States and
China and evaluate the impact of simu-
lated US-Sino trade decoupling scenarios.
Although the estimation technique is re-
lated to ours, both papers assume a linear
technology progress and only measure the
gross spillover received or offered by indus-
try. Our analysis considers the non-linear
technology progress which is more consis-
tent with the global trend of slowdown in
TFP growth and investigates the spillover
from a more detailed network perspective
that distinguishes the source and destina-
tion of spillover effect by countries.

4 See Acemoglu et al. (2012); Acemoglu, Akcigit and Kerr (2016); Autor and Salomons (2018); Carvalho and
Tahbaz-Salehi (2019); Bigio and La’O (2020).
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The main contribution of the article is to
investigate the TFP growth and spillover in
European countries with a spatial econo-
metric model with heterogeneous technol-
ogy progress. First, we extend the Cobb-
Douglas production function with technol-
ogy spillover incorporated, in which the pa-
rameters can be empirically estimated and
used to measure industry TFP growth with
interdependence. Second, we investigate
the TFP growth of ten EU countries over
the period 2000-2014, and find the corre-
lations between industry TFP growth and
GVC participation. Third, we estimate the
network effect of TFP growth for manu-
facturing sectors of EU countries, based
on which we further decompose the net-
work effect into a domestic and interna-
tional component.

The remainder of our article is organized
as follows. In the next section we introduce
our model specification and methodology
for examining the spillover effect of factor
inputs as well as TFP growth. Section 3
describes our data and reports descriptive
statistics. Section 4 presents our empiri-
cal results with the spatial production func-
tion. Section 5 focuses on the TFP growth
for European economies. Section 6 illus-
trates the spillover effect of TFP growth
using the matrix of marginal output. Sec-
tion 7 concludes.

Model

In this section, we present our spatial
production model to allow interdependence
in production and heterogeneity in produc-
tivity growth at the industry-level. We
then derive output elasticities for the input
factors using the matrix of partial deriva-

tives of output with respect to the corre-
sponding factor. We use these measures to
examine the spillover effects of factor in-
puts and TFP growth.

Interdependent industrial production
function

Consider the production network con-
sisting of N industries, where each indus-
try’s production function can be repre-
sented by a Cobb–Douglas function that
exhibits constant returns to scale in capi-
tal, labour and intermediate inputs. Then,
for industry i at time t, we have:

Yit = Ai(t)Kit
αMit

βLit
1−α−β

i = 1, ..., N t = 1, ..., T

where Yit is total output, Kit, Mit and
Lit are the capital, intermediates, and
labour used in industry i, with α, β and
1−α−β as the factor output elasticity, re-
spectively. Ai(t) is the industry-level TFP
and is time specific and industry specific.
Therefore, output per worker can be writ-
ten as:

yit = Yit

Lit
= Ai(t)(

Kit

Lit
)α(Mit

Lit
)β(Lit

Lit
)1−α−β

(1)

= Ai(t)kα
itm

β
it

where yit, kit and mit are output per
worker, capital per worker and interme-
diate per worker, respectively. Due to
technological interdependence among in-
dustries, the productivity level Ai(t) is
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given by:

Ai (t) =

Ωi(t)
N∏

j ̸=i

Aj (t)ρwij

N∏
j ̸=i

kjt
ϕwij

N∏
j ̸=i

mjt
φwij

(2)

In equation (2), the productivity level of in-
dustry i contains three major components.
First, a proportion of technological change
is exogenous and Hick-neutral, which varies
both over industries and over time, given
by Ωi(t) = Ωi(0)eRi(t)+vit where Ωi(0) de-
notes the initial technology level of indus-
try i, and Ri(t) = δ1it + δ2it

2 is a quadratic
function approximating the time-varying
component, vit is the approximation error
for the level of technology.

Second, technical progress of industry i is
assumed to be affected by technological ad-
vances in neighboring industry j , and this
effect depends on the strength of interde-
pendence between industry i and industry
j , which we denote as wij .

Third, following the Arrow-Romer’s
physical capital externalities (Arrow, 1962;
Romer, 1986), capital deepening in neigh-
boring industries may increase the total
capital stock in the society, in which case
the economy will accumulate knowledge
and bring productivity gains to the indus-
try in question. Similarly, according to
studies on vertical specialization and off-
shoring (Grossman and Rossi-Hansberg,
2008; Baldwin and Robert-Nicoud, 2014),
an increase in the intermediate input per
worker of its upstream suppliers or down-

stream customers can promote productiv-
ity growth due to a deepening in the di-
vision and specialization of the production
network (denoted as intermediate deepen-
ing).

We can resolve equation (2) for Ai (t),5

substitute Ai (t) into the production func-
tion (1), and express the logarithm of out-
put per worker in matrix form as:

lny =ρ (W ⊗ IT ) lny + αlnk + βlnm

+ Γ0 + Γ1t + Γ2t2 + v

+ (ϕ − αρ) (W ⊗ IT ) lnk

+ (φ − βρ) (W ⊗ IT ) lnm

(3)

where y, k, m and v are NT × 1 vec-
tors, W is a N × N spatial weights ma-
trix, Γ0 = lnΩi(0) ⊗ ιT , Γ1 = δ1i ⊗ ιT ,
Γ2 = δ2i ⊗ ιT , ιT is the T dimensional vec-
tor of ones. It is the Spatial Durbin Model
(SDM) that we will use for our estimations.

Spillover of factor inputs

Due to the interdependence of produc-
tion, the usual interpretation of α and β as
output elasticities is invalid for the spillover
effect of factor inputs. Taking the out-
put elasticity of capital, for example, the
variation of output is not only affected by
the change in an industry’s own capital in-
put, but also by the change of neighboring
industries’ capital inputs. Therefore, we
compute direct and indirect elasticities us-
ing the approach proposed by LeSage and

5 More details are presented in the online Appendix A found at www.csls.ca/ipm43-Sickles/appendix.
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Pace (2009). Then the matrix of partial
derivatives of output per worker y, with re-
spect to per worker capital k, in industry
1 ∼ N and in period t is written as:

Ek ≡
[

∂lny

∂lnk1
,

∂lny

∂lnk2
, · · · ,

∂lny

∂lnkN

]
t

(4a)

=


∂lny1
∂lnk1

∂lny1
∂lnk2

· · · ∂lny1
∂lnkN

∂lny2
∂lnk1

∂lny2
∂lnk2

· · · ∂lny2
∂lnkN...

... . . . ...
∂lnyN

∂lnk1

∂lnyN

∂lnk2
· · · ∂lnyN

∂lnkN


t

= (IN − ρWN )−1 (4b)


α w12(ϕ−αρ) ··· w1N (ϕ−αρ)

w21(ϕ−αρ) α ··· w2N (ϕ−αρ)
...

... . . . ...
wN1(ϕ−αρ) wN2(ϕ−αρ) ··· α



Then the mean output elasticity of own
capital input for all industries can be mea-
sured by the average of the diagonal ele-
ments of the matrix derived from equation
(4b), representing the percentage change
of an industry output per worker due to
a percentage increase in its own capital per
worker. Note that these own effects include
the feedback effects that arise as a result of
effects passing through neighboring indus-
tries and back to the industries themselves
via the input-output linkages. The mean
output elasticity of neighboring industries’
capital input, which we denote as the net-
work effect, is the average column sum of
the off-diagonal elements in the matrix de-
rived from equation (4b), which represents
the impact of a percentage change in an
industry’s capital per worker on the out-
put per worker of all other industries. The

mean overall effect of capital, reflecting the
average impact of changing a percentage of
capital per worker to the output per worker
of all industries in the production network,
is measured by the sum of the own effect
and the network effect. Similarly, we can
derive the own, network and overall effect
of intermediate inputs. In the global value
chain setting, we can further decompose
the network effect into a domestic network
effect coming from domestic inter-industry
linkages and an international network ef-
fect coming from industrial linkages across
countries, based on the information pro-
vided in the world input-output tables (Liu
and Cheng, 2021).

TFP growth and spillover in EU

Differentiating equation (3) with respect
to the time trend in period t, we obtain the
spillover effects of technical progress:

gt ≡
[

∂lny

∂t

]
(4)

= (IN − ρW )−1


R1(t)′ 0 ··· 0

0 R2(t)′ ··· 0
...

... . . . ...
0 0 ··· RN (t)′



=


w̃11R1(t)′ w̃12R2(t)′ ··· w̃1N RN (t)′
w̃21R1(t)′ w̃22R2(t)′ ··· w̃2N RN (t)′

...
... . . . ...

w̃N1R1(t)′ w̃N2R2(t)′ ··· w̃NN RN (t)′


where Ri(t)′ = ∂Ri(t)/∂t = δ1i + 2δ2it is

the independent TFP growth of industry i,
w̃ij is the (i,j)th element of (IN − ρW )−1.
In the diagonal element of the matrix in
equation (5) is the own effect gown

t , repre-
senting the productivity change of indus-
try itself at time t. The off-diagonal el-
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ement of the matrix is the network effect
gnetwork

t , which corresponds to the spillover
effect of TFP growth from neighboring in-
dustries. For example, w̃21R1(t)′ represents
the productivity change attributed to the
spillover that originate from industry 1 and
received by industry 2. Therefore, the in-
dex of rows denotes the industry of spillover
receiving and the index of columns denotes
the industry of spillover offering. Further-
more, assuming there are s countries in
the production network and q industries in
each country, by partitioning the matrix of
gnetwork

t into block matrices, we can rewrite
gnetwork

t to decompose the spillover trans-
mitted domestically and internationally as:

gnetwork
t =


0 w̃12R2(t)′ ··· w̃1N RN (t)′

w̃21R1(t)′ 0 ··· w̃2N RN (t)′
...

... . . . ...
w̃N1R1(t)′ w̃N2R2(t)′ ··· 0



=


g̃11

t g̃12
t · · · g̃1s

t

g̃21
t g̃22

t · · · g̃2s
t

...
... . . . ...

g̃s1
t g̃s2

t · · · g̃ss
t

 (5)

where g̃ij
t is a q×q submatrix of gnetwork

t .
The submatrices in main block diagonal g̃ii

t

denotes the spillover of productivity growth
within country i. The submatrices in off-
diagonal g̃ij

t represents that the spillover
of productivity change across borders goes
from country j to country i (e.g g̃12

t repre-

sents the spillover from country 2 to coun-
try 1).

Data

We draw our data from the EU KLEMS
dataset. The 2017 release of EU KLEMS
Growth and Productivity Accounts pro-
vides data on factor inputs and gross out-
put for all 28 member states of the Euro-
pean Union and the United States. We
extract a panel comprising 10 European
economies (Austria, Belgium, the Czech
Republic, Germany, Denmark, Finland,
France, Italy, the Netherlands and Swe-
den) over the 2000-2014 period.6 These
10 countries accounted for about 80 per-
cent of European Union GDP in each year
of the sample period,7 which is represen-
tative of the complex production network
among the EU countries. In addition, we
include the United States in our sample for
comparisons of TFP growth between the
United States and Europe. Since the main
purpose of our study is to investigate pro-
ductivity growth and spillovers in a context
of GVC, we omit the non-market economy
industries of these countries.8

We calculate the volume indices for gross
output and intermediate inputs using 2010
as the base year. Capital services and
labour services volume indices are directly
obtained from the growth accounting. We
also use the real values of input and output

6 Although the latest EU KLEMS Growth and Productivity Accounts up to the 2019 release can be accessed,
gross output and intermediate inputs related variables are missing post-2015 for some countries. In addi-
tion, WIOD database provides data of input-output linkages used in the section below covers the period of
2000-2014, therefore our sample centers on 2000-2014 when both data sources are available.

7 Data sources: https://data.worldbank.org/indicator/NY.GDP.MKTP.CD

8 Our sample excludes the real estate activities, community social and personal services, other service activities
and activities of households.
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Table 1: Variable Definitions and Summary Statistics

Variable Obs Mean Std. Dev. Min Max

Real Variables

ln y 3,945 10.49 1.52 6.51 14.89
ln k 3,945 10.04 1.58 5.82 14.53
ln l 3,945 4.97 1.65 0 10

ln m 3,945 9.93 1.53 6.04 13.95

Index Variables

yQI 3,945 99.48 15.85 26.63 253.03
kQI 3,945 96.03 25.07 28.31 831.52
lQI 3,945 104 14.63 61.53 219.82

mQI 3,945 100.02 18.85 26.49 294.7
Note: Note: The gross output(y), the capital stock(k) and the intermediate
input(m) are measured in prices (at million US$) of the year 2010. The unit of
labor(l) is in thousands. For index variables the base year is also 2010, and the
base value is 100.

Source: EU KLEMS Database 2017 and WIOD

variables to verify the robustness of empiri-
cal findings. Real gross output and real in-
termediate inputs are measured by the cor-
responding nominal values divided by the
price indices which are provided by Socio
Economic Accounts (SEA) from the World
Input-Output Database (WIOD). The real
capital stock is measured by using the nom-
inal values provided by EU KLEMS and
the capital price indices derived from the
PWT version 9.1 (Feenstra et al., 2015).
The capital stock in the WIOD is in nomi-
nal values and we use the price index from
the PWT as the deflator. However, the
price index from the PWT is at the na-
tional level and thus the deflators for each
industry are the same within each country.
Summary statistics of these variables are
reported in Table 1.

We use the flows of intermediate goods
between industries provided by WIOD to
construct the spatial weights matrices. In
order to match the industries from EU
KLEMS with the industries from WIOD,
we aggregate some of them and obtain 27
industries in each country (Appendix Table
A.1).9 We extract industry international

input–output linkages among these indus-
tries from the world input-output table for
the period from 2000 to 2014, and use av-
erages of the intermediate flows over this
time as the weights to address potential en-
dogeneity problems that might arise were
we to use time-varying weights (Cohen and
Paul, 2004; Ertur and Koch, 2011).

The spatial weight matrix Wsupply is con-
structed using the transpose of the input-
output matrix and the elements on main
diagonal are set to zero. In order to re-
flect the technology spillover in the produc-
tion network, Wsupply is row normalized, so
that its element wij captures the share of
the upstream industry j’s product in the to-
tal intermediate consumption of the down-
stream industry i which is consistent with
the direction of technology spillovers from
upstream industries to downstream indus-
tries as discussed in Acemoglu et al. (2012),
Acemoglu, Akcigit and Kerr (2016), and
Autor and Salomons (2018).

We also consider the interaction matri-
ces Wdemand and Wtransaction to check the
robustness of our results. Wdemand is ob-
tained by the original input-output matrix,

9 http://www.csls.ca/ipm/43/IPM_43_Sickles_Appendix.pdf.
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Table 2: Estimates SDM Production Functions

parm

Index Variables Real Variables

W_supply W_demand W_transaction W_supply

T-VFE T-VRE T-VFE T-VRE T-VFE T-VRE T-VFE T-VRE

-1 -2 -3 -4 -5 -6 -7 -8

lnk
0.0643*** 0.0699*** 0.0702*** 0.0736*** 0.0697*** 0.0736*** 0.1502*** 0.1615***
(0.0084) (0.0073) (0.0084) (0.0072) (0.0084) (0.0073) (0.0119) (0.0093)

lnm 0.5540*** 0.5697*** 0.5510*** 0.5679*** 0.5500*** 0.5668*** 0.5742*** 0.6063***
(0.0081) (0.0074) (0.0081) (0.0074) (0.0081) (0.0075) (0.008) (0.0071)

W•lnk -0.0384 -0.0543** -0.0833*** -0.0770*** -0.0792** -0.0800*** -0.1620*** -0.1640***
(0.0259) (0.0178) (0.0228) (0.0162) (0.0256) (0.0175) (0.0149) (0.0117)

W•lnm 0.0444 0.003 0.0631 0.0707* 0.0932** 0.0820* 0.0535 0.0002
(0.0312) (0.0295) (0.0323) (0.0312) (0.0337) (0.0322) (0.031) (0.0295)

Country- no yes no yes no yes no yesdummy
Year- yes yes yes yes yes yes yes yesdummy

W•lny(ρ) 0.2680*** 0.2990*** 0.2251*** 0.1970*** 0.2161*** 0.2061*** 0.3080*** 0.3080***
(0.0337) (0.0319) (0.0348) (0.0339) (0.0351) (0.0342) (0.0323) (0.0318)

σv2 0.0006 0.0006 0.0006 0.0006 0.0006 0.0006 0.0007 0.0007
LL 9273 8886 9279 8891 9280 8892 9184 8813
R2 0.6904 0.6943 0.6919 0.6964 0.6927 0.6967 0.9091 0.9267

Adjusted R2 0.6118 0.615 0.6136 0.6177 0.6147 0.618 0.886 0.9077

Number of obs 3945 3945 3945 3945 3945 3945 3945 3945
Note: “T-VFE” is Time-varying FE and denotes spatial CSS model (Cornwell, et al., 1990) with Fixed Effect, and “T-VRE”
is time-varying RE and denotes spatial CSS model with Random Effects. “LL” denotes the loglikelihood. Significant at:
*5, * *1 and * * * 0.1 percent.The individual coefficients of δ1i and δ2i are not shown in this table due to the excessive quantities.

Source: Authors’ calculations using EU KLEMS Database 201.

where its element wij represents the share
of intermediate inputs from upstream in-
dustry i to downstream industry j. This
channel of spillovers is consistent with the
spillovers of “learning-by-doing”. We add
the original and transposed matrix of the
input-output table together to construct
the spatial weights Wtransaction, where its
element wij represents two-way intermedi-
ate flows between industry i and industry
j.

Empirical results

Estimations of Industrial Production
Functions

In Table 2 we report the estimation re-
sults of the SDM specified production func-
tions based on Equation (3). We use
both the output per capita index and real

per capita output for the dependent vari-
ables. The EU KLEMS database provides
both the gross output growth index (year
2010=100) and real output. We provide re-
sults for both to check for any substantive
differences and to examine the robustness
of our findings across these different output
measures. The gross index numbers uti-
lize gross output (Y), capital service (K),
labour service (L) and intermediate input
(M) from the EU KLEMS. Columns 1–6 of
Table 2 report empirical results based on
three weighting matrices Wsupply , Wdemand

and Wtransaction.
More specifically, columns 1, 3 and 5 are

the empirical results specified by the spa-
tial weight matrix of Wsupply, Wdemand and
Wtransaction respectively, with the Time-
varying fixed effect (T-VFE) and columns
2, 4 and 6 are the corresponding empirical
results with the Time-varying random ef-
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fect (T-VRE). Estimates of the coefficient
ρ of the spatially lagged dependent variable
range between 0.1970 and 0.2990 for these
three specifications of the weighting matrix
and are statistically significant at the 0.1
per cent level, suggesting positive network
effects in production among the industries
in our study. Given the similarity of re-
sults based on these three weighting matrix
specifications, we will discuss results for the
matrix Wsupply.10 The real value data is
based on traditional input indicators, i.e.,
the capital stock and number of employees,
which come from the WIOD database.

From Column 7-8 of Table 2 we can
see that the estimation results for the real
variables and volume indices reported in
Columns 1–2 are quite comparable and we
focus our discussion below on results based
on volume indices.11 As shown in the first
two Columns of Table 2, coefficients on cap-
ital and intermediate are both significant
and positive in all estimations. It is im-
portant to note that these parameters in
the spatial Durbin model cannot represent
the output elasticities of the factor inputs
(LeSage and Pace, 2009). We should use
the direct and indirect effects estimates de-
rived from Equation (4b), which will be
fully explained in the next subsection. The
coefficients on Time and Time2 represent-
ing the average Hicks-neutral technological
change of industries are positive in first or-
der and negative in second order, which

implies that technical progress is repre-
sented as an inverted-U curve. This is
consistent with the trend of TFP growth
slowdown in Europe as discussed in sev-
eral previous studies (Feenstra et al., 2015;
van Ark and Jäger, 2017; Gordon and
Sayed, 2019). The model specifications us-
ing Time-varying FE and Time-varying RE
model are the same. The Hausman-Wu
statistic for the time-varying fixed effects
v. time-varying random effects specifica-
tion has a p-value of 0.00 and we thus fo-
cus the remainder of our discussion of re-
sults based on the time-varying fixed effects
specification.

Spillover of input factors

The first two rows of Table 3 show the
estimated overall direct, indirect and total
output elasticity of factor inputs. The di-
rect elasticity is calculated by the mean of
the diagonal entries of the matrix derived
from Equation (4b) and the indirect elas-
ticity is computed by the mean of the row
sums of off-diagonal entries. We follow the
method LeSage and Pace (2009) suggested
to test the significance of these coefficients
by drawing parameter estimates 1000 times
from the variance-covariance matrix of the
parameter estimates to generate the distri-
bution of these effects. The direct elastic-
ities of capital per capita and intermedi-
ates per capita are 0.064 and 0.557, and

10 We choose the result of the estimation with the spatial weight matrix of Wsupply to disscuss in detail since
a number of recent papers show that the supply-side intermediate linkage from upstream suppliers to down-
stream customers is a major channel of TFP spillovers (See Acemoglu et al. (2012); Acemoglu, Akcigit and
Kerr (2016); and Autor and Salomons (2018)).

11 The reason is that the index for capital input is capital services instead of the capital stock, wherein the former
considers the user cost of the asset. And the index of labour input is labour service, which takes into account
the contribution of skill levels of different workers.
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Table 3: Direct, Indirect, and Total Elasticity of Input Factors

Direct Indirect Total
Elasticity asy. t-stat Elasticity asy. t-stat Elasticity asy. t-stat

overall
K/L 0.0640*** 7.77 -0.0271 -0.8 0.0369 1.1
M/L 0.5567*** 68.01 0.2622*** 9.38 0.8189*** 28.81

domestic K/L 0.0640*** 7.77 -0.0196 -0.8 0.0445 1.81
M/L 0.5566*** 67.98 0.1893*** 9.49 0.7458*** 35.7

international
K/L 0 -0.79 -0.0075 -0.8 -0.0076 -0.8
M/L 0.0001*** 6.19 0.0730*** 8.76 0.0731*** 8.75

Note: Empirical standard deviations of the elasticity based on a 1000 MCMC draws using the
variance-covariance matrix of the parameters following the algorithms of Lesage and Pace (2009, P.150).
* Indicates significance at 5%; **Indicates significance at 1%; ***Indicates significance at 0.1%.

Source: Authors’ calculations.

both are strongly significant. The spillover
effect of capital is negative and statisti-
cally insignificant, which indicates that the
growth in capital of neighboring industries
does not contribute to output growth of the
industry itself. The main reason is that
the increased usage of capital in the neigh-
boring (supplier or customer) industries ap-
pear to have a negative effect on the indus-
try itself because of the scarcity in capital.
The adverse effects of this competitive re-
lationship may counterbalance the spillover
effects of the complementary relationship
among industries. The indirect elasticity of
intermediate deepening is 0.262 and highly
significant, indicating that industry’s out-
put growth could be benefited when its
neighboring industries has increased the in-
termediate inputs. Therefore, when the
spillover effect from intermediate input is
incorporated, the output elasticity of in-
termediate input increases from 0.557 to
0.819, which can be attributed to interme-
diate augmenting-type technical progress
because of the improvement of vertical spe-
cialization in the production network.

In order to distinguish the network ef-
fects that are based on domestic versus in-
ternational industrial linkages, we follow
Liu and Cheng (2021) and decompose the
different spillover effects into domestic ef-

fects involving the domestic value chain
and international effects involving the in-
ternational value chain. As the last two
rows of Table 3 show, the international
indirect elasticity of intermediate input is
0.073 and is statistically significant, and ac-
counts for approximately 28 per cent of the
overall indirect effects of the intermediate
input. This suggests that 28 per cent of the
spillovers embodied in the intermediate in-
put has transmitted across borders, which
can be an important channel for production
interactions among industries.

TFP Growth of EU

TFP Growth of EU economies

We also calculate the own industry TFP
growth gown

t by Equation (5) in Section 2
and aggregate with Domar weights at the
national level. Chart 1 shows the aggregate
TFP growth of the 10 European countries
and the United States from 2000 to 2014. It
is noticeable that TFP growth in all of the
countries fell sharply in the global finan-
cial crisis, and rebounded in 2010, but fell
again due to the Euro Area recession. The
estimates are fairly close to the findings
reported by the Penn World Table (Feen-
stra et al., 2015). As shown in Chart 1,
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Chart 1: Productivity Growth in EU Countries and the United States, 2000-2014

Source: Authors’ calculations

the trend of TFP growth in these countries
were basically consistent with their GDP
growth during the 2000-2014 period, but
exhibits a smaller fluctuation. We can see
that the EU-10 (Panel K.) experienced a
decrease in TFP growth from -0.29
per cent in 2000 to -1.08 per cent in 2001,
gradually recovering to -0.11 per cent in
2007. During the global financial crisis,
the TFP growth rates had sharply fallen
because of the slowing demand, weak in-
vestment and lingering structural rigidities
(van Ark, 2016; van Ark and O’Mahony,
2016; Duval et al., 2020). Subsequently,
TFP growth rebounded in 2010 and started
to decline after the Euro Area recession.

Compared with the TFP growth perfor-
mance of the United States (Panel L.), be-
fore the global financial crisis of 2008, EU-
10 TFP growth was lower than the av-

erage annual TFP growth of the United
States (0.38 per cent). Nevertheless, the
decelerating trend of TFP growth in the
United States continued during the follow-
ing years and TFP growth dropped to its
lowest point in 2009 (-0.90 per cent). Al-
though TFP growth in the United States
rebounded in 2010, as did other economies
in the EU-10, the rebound failed to re-
turn TFP to its pre-crisis growth rate, and
then it declined again in 2011- 2014. This
would seem to indicate that the global
financial crisis may have induced a long
term TFP growth slowdown, especially in
United States. One key reason for the slow-
down of technological progress in United
States is related to lower productivity-
enhancing investment (Bianchi et al., 2019;
Anzoategui et al., 2019) in terms of R&D
expenditure (per cent of GDP) and the
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number of patent applications.
We can see that annual TFP growth

rates in all countries except the Czech Re-
public range between -2 per cent and 1 per
cent. Over the sample period, Denmark,
Italy, Germany, and Austria showed an in-
crease in TFP growth. More specifically,
we observe that the TFP growth rates de-
creased initially from 2000 to 2003 and then
started to increase from 2004 to 2007. Dur-
ing the global financial crisis of 2008-2009,
the TFP growth rates fell again, which in-
dicates that the financial crisis did decrease
the TFP growth. Then the TFP growth
rates in these countries rose from 2010 till
2014.

The TFP growth rate in Belgium was
almost the same in 2000 and 2014, but
it also showed a similar trend with the
aforementioned four countries over the 14-
year period. In contrast, France, Fin-
land, the Netherlands, Sweden, and the
Czech Republic and showed a decline in
TFP growth, from -0.41 per cent, 0.33
per cent, 0.87 per cent, 1.71 per cent and
3.84 per cent in 2000 to -0.53 per cent,
-0.59 per cent, -0.74 per cent, -0.50 per
cent and -0.97 per cent in 2014, respec-
tively. Notably, the Czech Republic saw
the fastest TFP growth before the global
financial crisis, which can be attributed
to its industrial structure and the bene-
fits from GVC participation (van Ark et
al., 2013). The Czech Republic is a small
open economy with relatively large manu-
facturing sectors, and it is also the largest
player in intra-regional trade in terms of

manufacturing inputs among the European
economies.12Participating in GVCs has
stimulated the TFP growth of manufac-
turing sectors in Czech Republic through
specialization, knowledge spillovers, and
learning by doing, among other factors
(Criscuolo and Timmis, 2017).

TFP Growth by Industry

In Table 4, we selected the top three
industries with the fastest average TFP
growth in each country from 2000 to 2014.
The most prevalent industries in that list
are those related to the digital economy.
The electrical equipment industry in the
United States, with the annualized average
TFP growth of 4.80 per cent, turned out to
have the most rapid TFP growth of all in-
dustries in 2000-2014. Electrical equipment
industries in other countries also are high
performing in terms of TFP growth, with
3.57 per cent TFP annual growth in Swe-
den, followed by 2.37 per cent in the Czech
Republic, 1.61 per cent in France, 1.42 per
cent in the Netherlands, and 1.39 per cent
in Germany. The telecommunications in-
dustry also exhibited a high TFP growth in
EU-10, and its average annual growth rates
in Denmark, Finland, Italy, Sweden, the
Netherlands, Germany, France, Belgium
were 4.66 per cent, 3.53 per cent, 3.43 per
cent, 3.11 per cent, 2.52 per cent, 2.50 per
cent, 2.46 per cent and 1.03 per cent respec-
tively. The rapid growth in these related
industries benefitted from advances in in-
formation and communication technology

12 See Organization for Economic Co-operation and Development Bilateral Trade in Goods by Industry and
End-use database, International Standard Industrial Classification, Revision 4 (2016 edition).
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Table 4: Top Three Industries with the Fastest TFP Growth in
EU-10 and United States (%)

Country Industry TFP growth rank
Austria Coke, Refined Petroleum 3.61 3

Postal and Courier 1.68 17
Financial and Insurance Activities 0.88 35

Belgium Mining, Quarrying 1.05 30
Telecommunications 1.03 31
Coke, Refined Petroleum 0.78 42

Czech Republic Machinery, Equipment 2.97 8
Electrical Equipment 2.37 12
Transport Equipment 2.36 13

Germany Telecommunications 2.5 10
Electrical Equipment 1.39 26
IT and other information services 1.03 32

Denmark Telecommunications 4.66 2
Chemicals, Pharmaceuticals 1.64 19
Publishing, Media Services 1.61 21

Finland Telecommunications 3.53 5
Trade & Repair of Motor Vehicles 1.41 25
Agriculture 1.07 29

France Telecommunications 2.46 11
Electrical Equipment 1.61 20
Agriculture 0.75 46

Italy Telecommunications 3.43 6
Financial and Insurance Activities 1.09 28
IT and other information services 0.54 66

Netherlands Telecommunications 2.52 9
Electrical Equipment 1.42 24
Financial and Insurance Activities 0.81 38

Sweden Electrical Equipment 3.57 4
Telecommunications 3.11 7
IT and other information services 1.71 16

United States Electrical Equipment 4.8 1
Publishing, Media Services 2.07 14
IT and other information services 1.52 22

EU-10 Telecommunications 0.02 0
Electrical Equipment 0.01 0
Retail Trade 0.01 0

Note: The TFP growth rates are annual compound growth rates from 2000 to
2014.

Source: Authors’ calculations.

(ICT) during this period (Oulton, 2012;
Bloom et al., 2012). Rapid development of
new products and production tools, such
as robotics, artificial intelligence, and digi-
tal technologies, penetrated the economies
more and more extensively through the
input-output network and the momentum
of these new technology spillovers may im-
pact TFP growth in other industries to a
much greater extent in the future.

In Chart 2 we report the average an-
nual industry TFP growth rate in the EU-
10 and the United States during three pe-
riods: 2000-2007, 2008-2010, and 2011-
2014.13 We can observe that the change of
TFP growth showed less variations in the
EU-10 average than the United States. IT
and other information services, coke and re-
fined petroleum, electrical equipment, pub-
lishing and media services had a 3 per cent

13 According to the above results, the global financial crisis has significantly damaged the TFP growth of the
European countries and the United States. Therefore, we divide the sample time period into three sub-
periods: the pre-crisis period (2000-2007), the global financial crisis itself (2008-2010), and the post-crisis
period (2011-2014).
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Chart 2: Average of Industry TFP Growth in the EU Countries and the United States
(average annual rate of change)

Note: EU-10 refers to the average of the 10 countries TFP growth.
Source: Authors’ calculations

decline in average annual TFP growth rate
for the United States in 2010-2014 com-
pared with 2000-2007. By contrast, the
industry with the most significant decline
of the EU-10 average TFP growth rate was
telecommunications (with 1.88 per cent de-
cline). The average annual growth rate
falls from 3.05 per cent in 2000-2007 to
1.17 per cent in 2010-2014. Focusing on
the EU-10 average, the slowdown of TFP
growth after the global financial crisis ap-
pears to have been widespread and easily
visible in several industries. Two excep-
tions to these trends are the chemicals and
pharmaceuticals and transport and storage
industries whose TFP growth after 2008 in-
creased. When comparing the average in-
dustry TFP growth in the EU-10, telecom-
munications and electrical equipment also
had the fastest TFP growth over the full

sample period from 2000 to 2014, as we
discuss the industry-specific TFP growth
above. Postal and courier and mining and
quarrying experienced a dramatic decrease
in TFP, with the average annual growth
from -0.61 per cent and -0.82 per cent de-
clined to -2.35 per cent and -1.88 per cent,
respectively.

TFP Growth and Global Value Chain
participation

In this section, we examine links between
TFP growth and GVC participation in EU
countries, which would help us to better
understand how GVC participation could
account for the change of industry TFP
growth. GVC participation is represented
by the foreign value-added ratio (FVAR)
in our analysis, which reflects the ratio of
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Chart 3: FVAR and TFP growth for European industries in 2007

Source: Authors’ calculations using EU KLEMS Database and WIOD

foreign value added to gross exports and is
calculated using the method developed by
Wang et al. (2013). Chart 3 plots FVAR
values against TFP growth rates for indus-
tries in 2007. To examine this correlation,
we estimate the following regression model
gT F P i = γ0 + γ1FVARi +εi. Here, gT F P i

is the TFP growth rates of industry i; γ0 is
the intercept; FVARi is the foreign value-
added ratio; εi is an error term representing
all other influences. OLS estimated param-
eter for FVARi is 0.02 and significantly dif-
ferent from zero, which implies that there
exists the positive relationship between in-
dustry TFP growth and FVAR for most
industries in the EU-10. Increased involve-
ment in the GVC, and the stronger pro-
duction linkages with other countries this
entails, may lead to a higher pace of TFP
growth and may suggest that an industry
generates faster TFP growth through tech-
nology spillovers of upstream and down-

stream industries in the global production
network. FVAR is higher for coke and re-
fined petroleum (06) than other industries
in Chart 3, mainly due to the energy im-
port dependencies of European countries.
Production of coke and petroleum products
relies heavily on imported intermediate in-
puts.

Spillover of TFP growth of EU
Manufacturing sectors

The discussion above is focused on the
TFP growth realized by the industry on its
own. However, the rapid development of
the global value chain boosted the spread of
new knowledge and technology among the
participating industries, especially those
manufacturing industries interconnected in
the production network. This means that
technology progress exhibited by these in-
dustries are interdependent. The progress

104 NUMBER 43, FALL 2022



in an industry may provide spillovers to
other industries through input-output link-
ages and these spillovers may propagate to-
gether to form the network effect. Our spa-
tially specified model enables us to estimate
the network effects in the global value chain
setting. We will focus on the network ef-
fects between EU manufacturing sectors in
this section.

Spillover of TFP growth by Economy

Chart 4 plots the aggregate own effect
TFP growth superimposed with network
effects offered by industries in eleven coun-
tries during 2000-2014.14 In general, the
own and network effects of TFP growth
vary in the same directions. Germany of-
fered the most, with 1.40 per cent annual
average domestic and 0.19 per cent an-
nual average international spillovers. The
United States offered the second highest,
with 0.62 per cent annual average domes-
tic and 0.69 per cent annual average inter-
national spillovers, followed by the Nether-
lands, the Czech Republic and Sweden.
The other six countries provided a negli-
gible annual average network effect.

From 2000 through 2014, the trend of
total effects in Austria, Belgium, Denmark,
France, and Italy, were similar and positive.
Among these five countries, as a regional
hub in the Euro area, Belgium contributed
relatively more network effects through
knowledge spillovers than the other four
countries, especially after the global finan-

cial crisis. An explanation for this is deep-
ening participation of Belgium manufac-
turing industries in global and local value
chains (Dhyne and Duprez, 2017).

It can be seen in Chart 4 that the Czech
Republic, Finland, Sweden, Germany, and
the Netherlands saw declines in the over-
all effects of manufacturing industry’s TFP
growth, but the decline was more promi-
nent in the Czech Republic, Finland and
Sweden. In contrast, Germany, as the
most important hub in the intra-Europe
production network and with strong link-
ages with other countries, declined rela-
tively less than the other economies in
TFP growth and provided the most pos-
itive international spillovers to the other
economies by exporting high-technology
and complex intermediate goods. Nether-
lands was the second largest contributor
in TFP growth spillovers, mainly due to
its well-developed manufacturing founda-
tion and advanced port and logistics sys-
tem.

Recalling the GVC trade network in Fig-
ure 1, Netherlands provides a similar role
as a transferring hub between the United
States and Germany, the two large ad-
vanced economies that set the productivity
frontier in many industries.15 In addition,
the Czech Republic also provides relatively
high growth spillovers along with its own
rapidly increasing TFP. Comparing the do-
mestic and international configuration of
network effects, we can find that there were
more international spillovers in European

14 Figure A.1 in the online Appendix shows these effects from the receiving perspective. The results based on
both perspectives are broadly similar, though the spillover measured by receiving is less than the spillover
measured by offering. http://www.csls.ca/ipm/43/IPM_43_Sickles_Appendix.pdf.

15 https://www.worldbank.org/en/topic/trade/publication/global-value-chain-development-report-2019
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Chart 4: Direct and Network Effects of TFP Growth in EU Countries and the United
States

Source: Authors’ calculations
Chart 5: Distribution Matrix of Network Effects of TFP Growth among Countries

Note: The horizontal axis represents the offering country and the vertical axis represents the receiving country.
The anti-diagonal blocs correspond to domestic spillovers and other blocs correspond to international spillovers.
The darker the color of the blocs, the more spillover effect between each pair of countries.
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countries and more domestic spillovers in
the United States, which will be discussed
in detail in the next section.

Domestic and international spillovers

Chart 5 shows the distribution of net-
work effects of TFP growth between each
pair of offering-receiving countries in 2007.
From the columns which represent the net-
work spillovers offered by countries, Ger-
many obviously offered the most to other
industries in the entire production network
(2.45 per cent), followed by the United
States (1.78 per cent), the Netherlands
(1.10 per cent) and the Czech Republic
(1.03 per cent), whereas other countries
contributed only limited network effects.
For almost all countries except Germany,
the spillover effects in domestic production
networks, which is represented in the diag-
onal blocks of the matrix in Chart 5, were
higher than the corresponding spillover ef-
fects in the bilateral production networks
with other countries. In the Czech Re-
public, Denmark and Finland the domes-
tic network effects accounted for above 50
per cent of the total network effects, indi-
cating that the TFP growth spillovers were
more likely to occur through domestic in-
put–output linkages in these countries.

In contrast, there were 50-86 per cent
spillover effects across borders in the
United States, Austria, Italy, Sweden, Bel-
gium, the Netherlands, France and Ger-
many. Germany contributed the most
technology spillovers to other countries,
with international network effects of 2.11
per cent. Germany offered TFP growth
spillovers of 0.39 per cent, 0.35 per cent,
0.31 per cent to Austria, the Czech Re-

public and Belgium, respectively. The
spillover the Czech Republic received from
Germany is much more than other coun-
tries in our sample. This is not surprising
since Germany is the biggest trading part-
ner of the Czech Republic. Our estimates
also suggest that the bilateral technology
spillovers in Belgium versus the Nether-
lands, and Denmark versus Sweden, are rel-
atively higher than other bilateral technol-
ogy spillovers, which implies that their co-
operation in value chains is more successful
in promoting each other’s TFP growth.

Conclusion

The increasingly close value chain coop-
eration in the European Union over the
past several decades has become an impor-
tant factor in boosting productivity growth
for the countries who integrated into these
production networks. The input-output
linkages provide an important channel for
the transmission of the technology and pro-
ductivity spillovers among countries. In
this article, we develop a spatial produc-
tion model that features technological in-
terdependence and heterogeneous produc-
tivity growth at the industry level. We use
our spatial model to measure TFP growth
and spillover in the Europe.

Our estimation results suggest that in-
termediate inputs have positive external-
ities for gross output and that about 27
per cent of the spillover embodied in inter-
mediate input has transmitted across bor-
ders. This can be an important channel
for production interactions among indus-
tries. TFP growth in our sample countries
fell sharply during the global financial crisis
and the Euro Area recession. Germany of-
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fered the most network effects with 1.40 per
cent annual average domestic spillover and
0.19 per cent annual average international
spillover. The United States offered the
second highest amounts of network effects,
followed by the Netherlands, the Czech Re-
public and Sweden. The other six coun-
tries, Austria, Belgium, Denmark, Finland,
France, and Italy, provided a negligible an-
nual average network effect.

From a more detailed network perspec-
tive that distinguishes the source and des-
tination of spillover effect by countries, we
also find that Germany, as the most impor-
tant hub in intra-Europe production net-
works, has the most international spillovers
offered to its European counterparts over
the entire sample.
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