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Introduction1

Technology is the key driver of improvements in income and living standards. Since the
industrial revolution, the bulk of global technological innovation has occurred in just a few
countries. This is still the case nowadays. For instance, about 75 per cent of international
patent families registered between 1995 and 2014 were attributed to an inventor located
in one of the G5 countries, defined as France, Germany, Japan, United Kingdom and the
United States.2 In the more recent years, however, the share of patents by inventors in China
and Korea has grown significantly, and in 2014 represented 16 per cent of total international
patents.
The geographical concentration of technological innovation has important consequences.
To increase global living standards, inventions embodied into new goods, or in the form of
codified or “tacit” knowledge, must cross boundaries and diffuse to the rest of the world. For
most countries, if not all, domestic technology is thus dependent on knowledge developed
abroad. This relation is determined by a host of structural factors, such as the intensity of
competitive forces, which shape the degree of adoption and the impact of foreign knowledge
on the domestic economy.
This paper presents an attempt to quantify the strength of this nexus between domestic
innovation and foreign knowledge, its evolution over time, and its potential determinants.
More specifically, our empirical investigation estimates the importance of international barriers to knowledge diffusion and provides an indication of how their size has changed during
the past decades. We also quantify the importance of foreign knowledge for domestic innovation outcomes and assess how the strength of this link was affected by the increased
international competitive pressures that have accompanied the globalization process.
The empirical strategy is based on applying the two-step estimation in Peri (2005) to the
PATSTAT database, which collects worldwide information on patents - our main proxy for
innovation. In the first step, a “gravity equation” is used to assess the impact of different
barriers between country-industry pairs on the international diffusion of innovations, proxied
by patent citations, from the G5. A second-step regression then estimates the sensitivity of
domestic innovation and productivity outcomes in non-G5 countries to the foreign knowledge
1
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that, overcoming international barriers, manages to flow to the domestic economy. In both
steps, the sample of recipient countries comprises advanced and emerging economies, 11
manufacturing industries plus the construction and IT sectors, and spans from 1995 to 2014.
The introduction of the industry dimension, the widening of the geographical scope of the
analysis to emerging economies, and the focus on more recent decades represent significant
extensions of Peri (2005) - all made possible by our novel use of PATSTAT. The data thus
allows us to paint a picture of how knowledge flows from G5 countries, and their importance
for recipient economies, have changed as globalization has progressed during the past two
decades.
We find that international barriers to knowledge diffusion are sizable, but also that their
effect has become less important over time, allowing for a growing integration of emerging
economies into the international flow of knowledge. Consider the diffusion of an innovation
originated in a G5 country to the same domestic sector in other countries. We estimate
that the intensity of such international diffusion is only 15 percent the intensity of withincountry diffusion. In other words, international barriers cause, on average, an 85 percent
reduction in international knowledge diffusion. There is however important heterogeneity
across time and space. For advanced economies, the relative intensity of diffusion remained
statistically unchanged at about 20 percent over the entire sample period. For emerging
economies, instead, the relative intensity of diffusion increased significantly from 10 percent
in the period 1995-1999 to 16 percent in 2010-2014, so that by the end of the sample the
difference between the levels of knowledge barriers in emerging and advanced economies had
been significantly reduced. The estimates thus provide evidence that, over the past two
decades, the world economy has undergone a process of “knowledge globalization”, led by a
fall of knowledge barriers towards emerging economies.
We find not only that countries are now “closer” to each other in terms of intensity
of knowledge diffusion, but also that domestic technological outcomes have become more
sensitive to knowledge flows from abroad. On average, controlling for country-time effects,
knowledge originated in G5 economies was about 80 percent as effective in raising domestic
sectoral patenting as domestically generated knowledge. Relative effects of roughly the same
magnitude are found when sectoral patent flows are replaced with sectoral TFP but, due
to data limitations, the sample for the TFP estimation is restricted to advanced economies.
Once we break down our estimation by sub-periods and subgroups of countries, we find that
the effect of foreign knowledge flows on domestic innovation has increased in a statistically
significant way over time, with the increase being especially large for the sub-sample of
emerging economies. These conclusions are robust to the use of alternative control variables
3

that allow us to expand the sample of emerging economies or to the use of an alternative
measure of patenting. We also confirm that the coefficients are qualitatively unchanged if
they are estimated with dynamic OLS, with alternative combinations of fixed effects, and
when the intensity of knowledge diffusion is proxied by the more traditional bilateral trade
weights instead of the intensity of citation from the first-stage gravity model.
Motivated by these results, we proceed to explore whether changes in the strength of
international competitive forces could explain the observed temporal variation in the sensitivity of domestic technological outcomes to foreign knowledge flows. The degree of product
market competition is a key theoretical determinant of innovation activity, and its intensity has changed over time, shaped in part by the reduction in trade barriers that have
accompanied globalization.
We construct two measures of international competitive pressure that are reasonably exogenous to developments in specific country-sectors. The first is obtained by computing the
evolution of import penetration from China in U.S. industries and then using this variable
to instrument import penetration in recipient advanced countries (similarly to Autor et al.
(2014)). The second consists in constructing indexes of industry concentration at the global
level and then excluding from our sample China which, being the largest non-G5 country,
could introduce reverse causality between domestic innovation and our global concentration
measure. We take each of these proxies and interact them, in the second-step regression, with
the measure of foreign knowledge flow, while controlling for country-level developments with
fixed effects. We find that, consistently across both measures, greater international competitive pressure increases both the level of sectoral patenting and its sensitivity to foreign
knowledge flows. Although, theoretically, competition has ambiguous effects on innovation
(Gilbert (2006), Akcigit et al. (2017)), our results point to a positive empirical relation in
the international context. A potential explanation for our finding could be that greater
international competition creates a selection effect, whereby firms that are relatively more
effective in R&D activities - in particular in exploiting foreign knowledge - grow more (Aw
et al. (2011)). Alternative interpretations of the positive effect of competition on innovation include the “escape competition” incentive (Aghion et al. (2005)), or the presence of
“trapped” factors as in Bloom et al. (2013), where more competition reduces the opportunity
cost of incumbent firms to divert internal resources towards innovative activities.
Our paper is related to two main strands of the literature. The first comprises the
attempts to estimate international knowledge spillovers. Keller (2004) and Keller (2010)
provide excellent reviews of this relatively large literature. For more recent contributions
see also Coelli et al. (2016). As mentioned, our framework relies mainly on Peri (2005),
4

but we also draw insights from the empirical specification in Coe et al. (2009). Our results
confirm previous findings that identify the presence of important barriers to the international
diffusion of knowledge, but the breadth of our sample and our focus on the evolution of the
estimated parameters are novel and provide a significant extension of the literature. Our
second contribution is the estimation of the impact of increased international competition on
innovation activity. A small but growing number of papers has tried to empirically address
this question. Autor et al. (2016) find that increasing competition from China has lowered
innovation in U.S. industries. On the other hand, Bloom et al. (2016) find the opposite
result for European firms. Our findings capture the conclusions of Bloom et al. (2016), as
some European economies are included in our sample of recipient countries, but cannot be
directly compared to Autor et al. (2016), since we consider the United States only as a source
and not as a recipient economy. Moreover, differently from the aforementioned papers, our
investigation does not focus on the impact of international competition on overall domestic
R&D, but instead looks specifically at how competition changes the sensitivity of domestic
innovation to foreign knowledge flows for given levels of R&D.
The rest of the paper proceeds as follows. Section 2 presents a simple conceptual framework that provides an interpretation of our empirical model. Section 3 provides an overview
of data sources and of the construction of the variables employed in the regressions. Section
4 presents the results of the estimation of international knowledge flows, i.e. our first-step
regression, while Section 5 discusses the estimated impact of foreign knowledge flows on
domestic innovation outcomes, i.e. the second-step regression. Section 6 explores how international competition affected the importance of foreign knowledge for domestic innovation.
Section 7 concludes.

2

Conceptual framework

The empirical analysis of this paper links knowledge stocks originated both domestically and
abroad, to domestic innovation outcomes, such as patenting or productivity. A simple model
can be used to formalize, under a common overarching framework, the empirical specifications typically studied in the previous literature. We also extend this basic framework to
consider the effect of specific channels - international competition, in our case - on knowledge
flows.

5

2.1

The basic framework

The derivation of the basic framework involves three steps. The first is to identify the stock
of domestically generated knowledge for each country c at time t. Since knowledge stocks
are not directly observable, a typical proxy employed in the literature is the cumulative
discounted flow Rct of domestic R&D up to time t.
The second step is to define the fraction φcl of knowledge generated in a foreign country
l that is available for use in the domestic economy c, with the fraction 1 − φcl interpreted as
the size of the barriers that prevent knowledge from flowing from l to c (Eaton and Kortum
F
of foreign-generated knowledge available to country c can
(2002)). The total amount Rct
then be defined as,
F
Rct
=

X

φcl Rlt

(1)

l

The third and final step is to define how the available knowledge is turned into innovation,
either measured as the flow of patents Pct or as productivity levels Act . First, domestic and
available foreign knowledge are combined, at the country level, into an overall stock of usable
knowledge Kct ,
F χ
Kct = (Rct )β (Rct
)

We then assume that
Pct = XctP (Kct )θ
Act = XctA (Kct )ψ
The variables XctP and XctA are aggregate factors that influence the process of turning knowledge into observable innovation measures. For instance, XctP could be a country-time specific
propensity to patent innovations, influenced by legal requirements and institutions. Similarly, standard growth models typically feature an equilibrium equation where XctA = Aρct−1 ,
with ρ ∈ [0, 1].3 By combining the equations above, it is straightforward to obtain two
3

In this way, it is possible to nest several relations between knowledge and long-run productivity growth.
For instance, if ρ = 1 and the R&D flow is calculated in terms of the number of employed research scientists,
then exponential growth in productivity can be achieved even with a constant amount of knowledge. On the
other hand, if ρ = 0 then exponential growth is possible only if the stock of knowledge grows exponentially
which, by equation (1), would require exponential growth in at least one of the two R&D stocks. For an
in-depth discussion, see Kortum (1997) and Bloom et al. (2017).

6

testable relations between innovation measures and R&D,
F
log Yct = XctY + γY log Rct + µY log Rct

(2)

where Yct = {Pct , Act } and γY , µY are combinations of the various elasticities introduced
in the model. Equation (2) forms the basis of much of the empirical investigations of international technological spillovers in the literature, with the coefficient µY indicating the
importance of usable foreign knowledge for the determination of domestic innovation. For
instance, Coe and Helpman (1995)) estimate equation (2) with Yct = Act on a panel of countries by assuming that XctA = Xc is a country specific fixed effect and that the weights φcl
are well captured by the intensity of bilateral trade links. Peri (2005), instead, estimates
(2) with Yct = Pct on a dataset where the index c represents different regions in advanced
countries, with the factors XctY assumed to be the same for all regions within a given country
and at a given time (country-time fixed effects). He derived the weights φcl from a gravity
model of the relative frequency of bilateral patent citations.
This paper broadens the analysis in Peri (2005) by augmenting the model with a sectoral
dimension, by focusing on a more recent time period, and by letting the index c represent a
wide set of non-G5 countries, both advanced or emerging. In parallel, source countries (i.e.
countries l) are restricted to be in the G5 group. The new empirical specification allows us
F
in a foreign sector i influences the innovation outcome Ycit in
to study how R&D stocks Rcit
the corresponding domestic sector, after controlling for country-time effects XctY ,
F
Rcit
=

X

φcli Rlit

(3)

l∈G5
F
log Ycit = XctY + γY log Rclit + µY log Rcit

(4)

Following Peri (2005), the weights φclit in (3) are obtained from a first-stage gravity model
of bilateral patent citations regressed on exogenous variables including geographic, linguistic and initial technological differences. The weights are defined as the predicted citation
frequencies from a gravity equation, excluding fixed effects (see Section 4). As a robustness
check, we also use an alternative and simpler weighting scheme based on the traditional
time-varying bilateral trade links between each country-industry pair.
The paper’s main focus is on testing equation (4) with the dependent variable equal to
the sectoral patent flows Pcit . However, we also recognize that the effect of foreign knowledge
does not need to be limited to spurring patented innovations in the recipient country. Foreign
technology can also affect productivity more directly, either through the purchase of imported
7

equipment, licensing of technologies or other processes not involving a measurable economic
transaction, including non-patented innovations. For these reasons, for a restricted group of
countries for which data is available, we also tests (4) with the dependent variable equal to
sectoral productivity Acit .
The main benefit of the sectoral dimension is that it allows us to use country-time fixed
effects to control for time-varying aggregate unobservable factors, including institutional
characteristics that determine the propensity to patent or cite and which could be correlated
with foreign knowledge flows. Moreover, adding the sector dimension increases significantly
the number of observations for a given year, allowing us to obtain precise estimates of the
parameters even when we break our sample into different sub-periods. The drawback is that
macroeconomic variability, including general equilibrium effects, are also absorbed in these
country-time fixed effects, which complicates the extent to which conclusions can be drawn
about aggregate effects. Note also that the choice to restrict the source countries to the G5
group is motivated by the desire to reduce endogeneity concerns - as already pointed out, G5
countries represent, by and large, the technological frontier of the world economy. Finally,
equation (4) could also be estimated in a panel where we the source sector is allowed to
differ from the recipient sector. Here we focus on the empirical formulation where the two
sectors coincide because this is the case where knowledge flows are found to be the largest.4
Due to data availability, our analysis considers mostly the manufacturing industries (plus
the construction and IT sectors), which are the ones where patenting activity is largely
concentrated.

2.2

The effect of international competition

The degree of product market competition is among the key determinants of innovation.
The entry of emerging market firms into the global stage can be thought, in particular, as
a competition shock with potential repercussions on innovation activities and international
knowledge flows. To delve deeper into this issue, we extend the empirical specification (4).
We construct proxies Zcit for the degree of international competition in sector i and in a
non-G5 country c, and then add this proxy to our empirical model. We thus estimate the
4

See Appendix A.2 for the inter-sectoral estimation of knowledge flows. Note that in our dataset sectors
are already defined in broad way, and hence production activities are very different across sectors. For this
reason, it should not be surprising that inter-sectoral knowledge flows are found to be small.
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Figure 1: International knowledge flows proxied by patents citations. The width of the
arrows is proportional to log of citations.
following equation for non-G5 countries:5
F
F
log Ycit = XctY + θZcit + γ̃Y log Rcit + µ̃Y log Rcit
+ δZcit Rcit

(5)

To the extent that our proxies for competition are reasonably exogenous, the coefficient on
the main effect (θ) captures the direct impact of international competition on innovation.
The total impact of the weighted foreign knowledge stock on innovation is now given by
µ̃ + δZ, and thus the coefficient on the interaction term (δ) reflects the marginal change to
knowledge diffusion coming from a change in Z.

3

Data

This section introduces the key variables of the analysis, namely patent counts and crosspatent citations, which are all constructed from the PATSTAT database. Appendix A.1
provides a more detailed overview as well as descriptive statistics for key variables not shown
here.
5

See also Coe et al. (2009).
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Data on patent applications are available internationally at disaggregated levels and
allows us to precisely attribute an idea to its creator, to its time of creation, and to its areas
of industrial use. Despite the precision of the information, patenting can be a noisy measure
of innovation capacity as incentives to patent an innovation can differ across countries and
over time, e.g. with changing procedures, requirements and fee structures of patent offices.
To address this issue and improve comparability, the paper, in addition to using country-time
fixed effects in all regressions, follows much of the literature in constructing quality-adjusted
patent measures. We apply the concept of international patent family, which is a group of
patents based on the same underlying innovation and featuring one application in at least two
distinct patent offices. This tends to exclude patents whose lower expected payoffs does not
warrant the extra cost for application, examination and maintenance in a foreign country.6
The patent count attributes a given patent family to the country of residence of the
first inventor, the earliest publication year and the main industrial sector of applicability.
Comprehensive citations to prior knowledge are a necessary component of a successful patent
application. Patent citations included in new patent applications thus provide reliable and
detailed information to trace cross-country and cross-sectoral linkages between innovation
activities, which can be used, as in Peri (2005), to estimate the weights φclit in (3). The
construction of the citation count largely follows the same principles as the one for patents.7
The raw data on bilateral citations, illustrated in Figure 1 by the thickness of the arrows
and circles, provides an indication of the dramatic increase of cross-country patent citations,
which over the past two decades accompanied the progressive integration of emerging markets
into global knowledge flows, with China representing a key player among emerging markets.
Besides patent-related measures, our analysis relies also on sector-level R&D data. The
stock of R&D is constructed using the perpetual inventory method and the business R&D
spending in constant PPP USD provided by the OECDs ANBERD database. To test for a
broader impact of foreign knowledge on total factor productivity, we complement the patent
analysis with regressions using real value added as a dependent variable and controlling for
6

Our use of international patent families as a quality-adjusted patent measure is different from Peri (2005),
who weights the simple patent count by citation in the first 4 years after the patent was granted. While
citation weights are a standard quality adjustment, they assume comparability of the underlying patenting
and citation behavior. In our sample, which includes vastly different patenting cultures (e.g., Japan and
China), a patent count based on the higher-level international patent families seems more appropriate, as it
reduces the influence of country specificity.
7
We attribute a patent to the publication year for the patent count, but to the application year for the
citation count. Citations are counted only if they occur within four years of the publication year (see Table 8
in Appendix A.1 for discussion). Self-citations, which are defined as citations between patents with identical
inventor, are excluded.
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labor and capital inputs (as in Acharya and Keller (2009)). Data on industry value added,
employment, and capital stock come from the 2017 EU KLEMS database, which shrinks our
sample to mainly advanced economies.

4

Determinants of knowledge flows

This section describes the gravity model used to estimate the relative intensity of knowledge
flows, i.e. the weights φclit in equation (3). Following Peri (2005), patent citations are modelled as an exponential function of a set of dummy variables that indicate whether citations
involve two distinct countries (dif f.country), which share a common border (dif f.border)
or an official language (dif f.lang). In addition, the regression includes a measure of the geographical distance between the countries’ capitals (dist.int), and differences in technological
specialization (tech.spec) and development (tech.dev). While the latter technology variable
captures the absolute difference in technological intensity (measured as the log-difference in
R&D or value added per worker), the former captures compositional differences in the types
of technology that is used.8 The model can be written as follows:9
φcli = exp[a + fci + f˜li + b1 (dif f.countrycl ) + b2 (dif f.bordercl ) + b3 (dif f.langcl )
+ b4 (dist.intcl ) + b5 (tech.controlscli ) + cli ]
where c and l respectively denote the citing- and cited country, and i is the common industry. The empirical estimation includes country-sector fixed effects for both the citing (fci )
and cited country-sector (f˜li ) to control for the quantity of patenting and for institutional or
cultural factors that influence the propensity to patent and cite. The variables are defined
such that if the cited and citing country-sectors are the same, the values of all regressors
(except the fixed effects) are zero: no geographic or linguistic border needs to be crossed
and no technological differences exist. Given the exponential function, the zero value of the
regressors assures that the predicted flow of information excluding fixed effects is always
equal to 1 within a given country-sector (φ̂ccit ).10 The variable φ̂clit is thus a measure of the
8

The difference in technological specialization is based on compositional differences in patent application.
Similar to Peri (2005), for each country-sector a vector is produced where the cells are the proportions of all
patent applications that relate to each of the 23 IPC subsections. The variable is then defined as 1 minus
the uncentered correlation between the two country-sectors’ proportion vectors. Both technological variables
use absolute values in order to capture the technological proximity, independently of the sign.
9
The empirical equation is based on the assumption that the probability that an idea created in countryindustry (l, i) is cited by (c, i) during an interval τ , is φcli = ef (c,l,i) (1 − e−bτ ).
10
The removal of the fixed effects from the predicted values allow us to exclude the country-time drivers
of patent citations that, by themselves, do not affect the intensity of bilateral international knowledge flows.
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Table 1: Gravity regression with G5 as cited countries. Standard errors are robust and
clustered at the citing country-industry level. T-values in parentheses and significance levels
are indicated with *p < 0.10, **p < 0.05 and ***p < 0.01. Constant not reported.
frequency of citation relative to the “frictionless” frequency of citation within the originating
country-sector and can be interpreted as the relative share of knowledge that diffuses from
the cited to the citing country-sector. The advantage of this measure is that it is reasonably
exogenous to our dependent variables and that it implicitly captures, in the gravity coefficients, globalization-related channels of knowledge transmission, including trade, FDI, and
migration.
The model is estimated using averages of the variables over different time periods and via
the Pseudo-Poisson-Maximum Likelihood estimator (PPML), a natural choice for a gravitytype model with significant heteroskedasticity, many zero entries and a large number of
dummies (Santos Silva and Tenreyro (2006) and Santos Silva and Tenreyro (2011)). The
estimation restricts cited countries to be members of the G5. The sample of citing countries
includes 23 advanced economies and 9 emerging economies, reflecting in part the more limited
For instance, changing legal and cultural factors may affect the level of patent applications and citations at
the country-level, without implying any variation in international knowledge flows.
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availability of sectoral R&D data for emerging economies.11 Table 1 shows the main results.
Column (1) estimates the model estimated over 1995-2014 averages; columns (2) to (5) show
the results for the model estimated over each of the 5-year sub-periods.
Coefficients are generally negative, which is in line with our prior that differences work as
a barrier to information diffusion. In all subperiods, the coefficients for the national border
(dif f.country), a different official language (dif f.lang) and the difference in technological
specialization (tech.spec) are of the expected sign and statistically significant. The coefficients for contiguity (dif f.next) and distance (dist.int) however move around somewhat.
This is partly related to the close collinearity between the two variables. In the columns 2 and
3, dropping dist.int would make the coefficient on diff.next statistically significant.12 The
reverse is however not the case for dist.int in the last period, which stays insignificant even if
contiguity is omitted. Another variable whose estimated coefficient is not consistent over the
different estimation periods is the difference in technological development (tech.dev.RnD),
which becomes statistically indistinguishable from zero in the last period. The pattern of
the coefficients on tech.dev.RnD and dist.int appears consistent with the idea that both
physical and technical distance have been playing a smaller role in more recent years and
could reflect the deepening integration of emerging markets in knowledge flows. Exploring
this possibility in more detail is however beyond the scope of this paper.
Based on the coefficients of Table 1, we construct the predicted frequencies (φ̂clit ) of
citations for each country-sector pair. The left panel of Figure 2 shows how the intensity
of knowledge diffusion φ̂clit changes as different barriers are crossed. While naturally at
100 percent in the home country-sector, knowledge diffusion declines by roughly 1/2 when
information crosses a national border. While the effect of contiguity (dif f.border) is more
moderate, a different language (dif f.lang) again significantly decreases this share by an even
larger amount.
Estimating the baseline for different 5-year periods allows us to assess how the intensity
of knowledge diffusion (φ̂clit ) has changed, both over time and across the groups g of either
advanced or emerging economies. Specifically, for each sub-period we construct average
knowledge flow intensities φ̄gG5 from G5 countries to the average country-sector in the group
g. The measure is calculated by applying the estimated coefficients in Table 1 to the average
value of each regressor, with the average computed across the country-sectors belonging to
the group g. The right panel of Figure 2 reports these average knowledge flow intensities
and associated 95-percent confidence intervals for advanced and emerging economies. Three
11
12

For a detailed list of countries included in the sample see Appendix A.1.
Results not reported, but available from the authors on request.
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(a)

(b)

Figure 2: Panel (a): Reduction of knowledge flows with additional barriers. The bars
show the fraction of knowledge that diffuses across the individual barrier. The line is the
cumulative effect of the barriers. Panel (b): Average predicted knowledge diffusion φ̄gG5 from
G5 countries. Estimates are in percentage points and are computed as linear combinations
of the estimated gravity coefficients and the average values of the regressors for the group of
countries of interest. Figures in brackets represent 95-percent confidence bands around the
linear combination of coefficients.
results stand out.
First, the average intensity of knowledge flows towards emerging economies φ̄gG5 has increased over time from a point estimate of about 10 percent in 1995-1999 to about 16 percent
in 2010-2014. As indicated by the 95 percent bands, this change is not only economically but
also statistically significant13 . Second, the intensity φ̄AEG5 of knowledge flows to the average (non G5) advanced country hovered around 20 percent, with no statistically significant
change over the sample period. Third, while in the first sub-period φ̄EM G5 was statistically
much smaller than φ̄AEG5 , during the last period we cannot reject the hypothesis that the
two estimates are identical (notice that, in the last period, the confidence band for φ̄AEG5
is contained in the band for φ̄EM G5 ). This latter conclusion is the result of the stability of
φ̄AEG5 , the contemporaneous rise in φ̄EM G5 , but also of the increase in the standard deviation of the estimates during the last period. Overall, these results suggest that over the
last two decades the world has experienced a process of knowledge globalization, whereby
international barriers to knowledge flows have weakened, allowing emerging economies to
deepen their knowledge integration with G5 economies.
13

The 95 percent confidence band for the period 1995-199 is [8.4, 12.0] and for 2010-2014 is [11.5, 22.4]
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We performed a series of robustness tests to check how these results change with different
variable definitions, samples and specifications (see Appendix A.2). First we re-estimate the
model excluding China from the sample, and we find that the results are largely unaffected.
Second, we examine two additional extensions of the model, one where we test for technology
diffusion from all countries (not only the G5) and another one where we include cross-sectoral
knowledge diffusion. We find, not surprisingly, that technology diffusion is weaker across
than within sectors (the collective effect of the barriers strengthens) as well as from non-G5
countries than from G5 countries. In all exercises, the relative importance of the individual
barriers remains qualitatively unchanged. Finally, we calculate the estimates φ̂clit by proxing
the tech.dev regressor with differences in value-added (instead of R&D) per employee. This
allows us to significantly increase the number of emerging economies in our sample. We find
that the evolution of the point estimates for φ̄AEG5 and φ̄EM G5 change little, but with the
new proxy the estimates become more imprecise.14
Our 20 percent value for φ̄AEG5 can be roughly compared to Peri (2005)’s 20-25 percent average share of information that diffuses from technological leaders. However, it is
important to bear in mind that the sample in Peri (2005) greatly differs from ours, since
it comprises of regions within advanced countries, covers an earlier period, and does not
include the industry dimension.

5

Impact on innovation and productivity

Armed with an estimate of bilateral knowledge flows from the gravity model, we proceed to
assess the effect of foreign knowledge flows on domestic innovation activity and productivity
from the second-step regressions of type (4). Using equation (3), for each country-sector we
first construct foreign knowledge flows by weighting the G5 countries R&D stocks with the
corresponding φ̂clit obtained from the previous section.

5.1

Impact on innovation

We first focus on innovation, as measured by the (log) count of international patent families
in a given country-sector, i.e. we estimate (4) with Ycit = Pcit . The estimation is performed
by OLS on the of sample of eleven manufacturing sectors in 27 countries over 1995-2014. As
discussed in Section 2, the regression includes country-year fixed effects to control for any
14

Results available upon request.
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time-varying factors that may drive innovation trends at the country level.
Table 2 shows that, along with the impact of own R&D (coefficient γ in equation (4)),
foreign knowledge flows play an important role (coefficient µ in (4)) in stimulating domestic
innovation, indicating significant learning from the technological frontier. The estimated
elasticity of innovation to foreign R&D is 0.35, against an elasticity to domestic R&D of
about 0.45 (column 1) - both are notably smaller than those estimated in Peri (2005).15 We
also split the estimation sample into sub-samples of 15 AEs and 12 EMs recipients (columns
2 and 3).16 We find that the foreign R&D coefficient is similar between the two groups, but
its value relative to the coefficient on domestic R&D is much higher for emerging economies,
where foreign R&D has roughly the same impact on domestic patenting as domestic R&D.
Similarly to what we did in Section 4, in columns 4 and 5 we look at the evolution over
time of the main coefficient of interest. Specifically, we allow the coefficient on foreign R&D to
vary over time by interacting it with dummy variables indicating each five-year period (with
1995-99 being the excluded period). We find a steady and statistically significant increase
in the coefficient, suggesting that the impact of international knowledge flows on domestic
innovation has intensified over time. Moreover, while this result holds for both advanced and
emerging economies, the rise is larger for the latter. The increase in the coefficient on foreign
R&D is robust to restricting the sample to be roughly balanced to avoid sample composition
effects, as well as to allowing all coefficients to vary over each sub-period.17
As our series of patent flows, domestic R&D, and foreign R&D tend to exhibit some trends
over the 1995-2014 period, we also check our results against an estimation procedure that
takes into account non-stationarity. The standard approach is to test for the presence of unit
roots and cointegration, and if there are, to estimate a panel cointegrating equation (e.g., see
Coe et al. (2009)). Although our panel unit root test finds little evidence that the series have
unit roots, the panel cointegration test generally points to cointegration between patent flows
and domestic and foreign R&D series (see Appendix A.3 for details). Therefore, in column
6 of Table 2 we also report results from an alternative estimation method, namely Dynamic
OLS (Kao and Chiang (2001)), which provides consistent estimates with cointegrated panel
data. The procedure essentially involves adding several lags and leads of the change in
the regressors and requires a strongly balanced sample (thus the sample of country-sectors
becomes smaller). The number of lags we choose is two, and the number of leads is one
15

Peri (2005) estimates an elasticity to foreign R&D of 0.4-0.47, and elasticity to domestic R&D of 0.740.81. As already mentioned, the many differences in the estimation sample and in the level of analysis (ours
is at the industry level), make our results not easily comparable with his.
16
See Appendix A.1 for the list of advanced economies and emerging economies in the sample.
17
These results are available upon request.
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Table 2: R&D spillovers and innovation. Dependent variable is (log) patent flows. The full
sample covers 11 manufacturing industries in 27 countries over 1995-2014. The foreign R&D
stock is weighted by the estimated bilateral knowledge flows between the G5 and recipient
country-sector. Robust standard errors clustered at country-sector level. ***p < 0.01,
**p < 0.05, *p < 0.1.
(results are little affected by these choices). We obtain estimates that are similar to those
in the baseline, and the coefficient on the weighted foreign R&D stock remains sizable and
statistically significant. In light of this, and the fact that our panel unit root test gives
inconclusive results, we keep focusing on OLS in the remainder of the analysis.
The results are also robust to a number of additional sensitivity checks, reported in
Table 3. We consider, in particular: (1) Alternative patent measures. While the baseline uses
international patent families as a measure of innovation, results are very similar using patent
families with at least one application at one of the top 3 patent offices (United States Patent
and Trademark Office, European Patent Office, and Japanese Patent Office), which is another
measure of quality-adjusted patent counts; (2) Alternative weighting schemes. The baseline
results are robust to using, in place of the predicted share of knowledge flow φ̂ based on
cross-patent citations, the (time-varying) bilateral trade links between country-sectors. For
each receiving country-sector, the trade weights are constructed as imports of goods from the
originating country-sector as a share of the gross output of the importing country-sector;18
(3) Alternative fixed effects. While the baseline specifications use country-year fixed effects,
in line with Peri (2005), the results are robust to using sector-year fixed effects instead, which
can capture sector-specific developments that are common across countries.19 The coefficients
18

Data on bilateral goods imports are from the UN COMTRADE database (we aggregate the six-digit
product level data into the two-digit ISIC industry level), and data on sectoral gross output are from the
World Input-Output Table (WIOT).
19
The inclusion of both country-year and sector fixed effects removes most of the variation in the data,
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Table 3: R&D spillovers and innovation - Robustness. Dependent variable is (log) patent
flows. In column 1, the patent measure is patent families with at least one application at
one of the top 3 patent offices. Robust standard errors clustered at country-sector level.
***p < 0.01, **p < 0.05, *p < 0.1.
on both foreign and domestic R&D become significantly larger under the specification with
sector-year fixed effects; (4) Expanded sample for emerging economies. Since the availability
of sector-level R&D data limits the sample to a small number of emerging economies, we also
estimate an alternative specification, where the domestic sector-level R&D stock is replaced
by a variable constructed from interacting the domestic aggregate R&D stock with a sector’s
“representative” R&D intensity. The sector’s representative R&D intensity is based on U.S.
data and calculated as R&D spending per employee (average for the 1995-2014 period).20
This allows us to include a significantly larger number of EMs in the sample.21 The coefficient
on the weighted foreign R&D stock remains statistically significant with this larger sample,
and although not shown here, the results regarding the time evolution of the point estimates
in knowledge diffusion also hold.

5.2

Impact on productivity

To explore the possibility that foreign knowledge flows not only stimulate domestic innovation, but also directly impact the efficiency of domestic production, we estimate an augmented production function, in which domestic and foreign R&D capital enter the production
and thus the results are not discussed here.
20
The correlation between sector-level R&D stock and this interacted variable is about 0.49 (calculated
over country-sectors for which both are available).
21
See Appendix 1 for the list of emerging economies in this larger sample.
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Table 4: R&D spillovers and productivity. Dependent variable is (log) real value added. The
sample covers 11 manufacturing industries in 9 (mostly advanced) countries over 1995-2014.
Robust standard errors clustered at country-sector level. ***p < 0.01, **p < 0.05, *p < 0.1.
in addition to the traditional factors of labor and physical capital (see Acharya and Keller
(2009)). In practice, instead of estimating directly (4) with a Solow residual Acit as the
dependent variable, we use instead sectoral output as dependent variable and include capital
and labor input measures as regressors. Unlike in the patent specification, the domestic and
foreign R&D variables are lagged by one year to allow for the possibility that it may take
time for investment in R&D to positively impact productivity. The estimation sample is
reduced to nine (mostly advanced) countries due to limited availability of sector-level capital
stock data.22
Results are reported in Table 4. Foreign knowledge plays a role - albeit modest compared
with the case of innovation - in boosting domestic productivity (column 1). This result is
consistent with those in Coe et al. (2009) and Acharya and Keller (2009), who found significant international R&D spillovers on productivity, despite the differences in methodology,
sample and data.23 Specifically, our estimates indicate that a one percent increase in the
22

See Appendix A.1 for the list of countries in this sample.
For example, Coe et al. (2009) use aggregate data at the country level and estimate a panel cointegrating
equation. Acharya and Keller (2009) use industry-level data as in our study, but estimate R&D spillovers
from G6 countries (United States, Japan, Germany, France, United Kingdom, Canada) separately and either
do not weight the foreign R&D variables or weight by import shares.
23
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weighted foreign knowledge stock is associated with about 0.05 percent increase in the TFP
of the receiving country-sector, just slightly smaller than the TFP response to a similar
increase in the domestic R&D stock (0.06 percent). Again, allowing the coefficient on the
weighted foreign R&D stock to vary over five-year periods shows that diffusion to TFP has
strengthened over the past two decades (column 2), and the increases in the coefficient are
statistically significant. This result also extends the finding in Acharya and Keller (2009)
that R&D spillovers increased between the 1980s and the 1990s to the more recent time
period.

6

The role of international competition

The previous sections have documented that knowledge at the frontier is an important input
into the innovation process of many countries, and that this diffusion of foreign knowledge
has generally strengthened over the past decades. To delve deeper into possible factors that
may explain these trends, this section uses the empirical extension to the basic model in
equation (5) to provide an analysis of the role of international competition in influencing the
extent to which foreign knowledge is turned into domestic innovation. As discussed above,
competition is among the key determinants of innovation, and the entry of emerging market
firms onto the global stage has transformed the international competition landscape, with
potential implications for innovation and technology transfer.
The theoretical link between competition and innovation is complex. The early literature
on endogenous growth emphasized a Schumpeterian “rent effect”, according to which less
product market competition increases post-innovation rents for the new incumbent, thus
increasing the incentives to innovate. Subsequent literature has highlighted the importance
of an additional force, the “escape competition” effect: if competitive pressure is too low
and profits are already large, a firms incentive to exert effort on innovation to get ahead of
competitors will be low.24 The empirical literature reflects some of these conflicting forces.
For instance, policies that increase product market competition have been found to spur
innovation, but only up to a certain point, after which innovation decreases (Aghion et al.
(2005)). Several recent papers have examined how innovation rates in advanced economies
have been affected by the increased competitive pressure stemming from globalization and
the entry of China into world trade. The effect on innovation is found to be positive in
24

In the international context, the rent and escape competition effects have a wider interpretation (Akcigit
et al. (2017).
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Europe and negative in the United States (Autor et al. (2016); Bloom et al. (2016)).25
A related discussion investigates the relationship between market concentration and competition. Theoretically, higher concentration could be consistent with higher competitive
pressure - and possibly also greater innovation - for example, if innovative “superstar” firms
were more likely to appear in more competitive markets (Autor et al. (2017)). However,
there is empirical evidence that suggests that increased concentration in the United States
is at least in part linked to reduced competition (Grullon et al. (2017); Gutiérrez and Philippon (2017)). A final crucial observation is that trends in concentration are sensitive to the
definition of the relevant market. For instance, while concentration within some large countries is rising, global concentration appears to be falling, thanks to the increased role in
international markets of firms from emerging market economies (Freund and Sidhu (2017)).
To estimate (5), we construct two measures of international competition and sectoral
concentration. The first is import penetration from China, which captures the increased
competitive pressure coming from the entering of China into global trade. It is computed as
goods imports from China as a share of the receiving country-sectors gross output.26 The
second is global market concentration, measured for each sector as the global market share
of the four largest firms based on sales, calculated by Diez et al. (2018) from an extensive
firm-level Orbis dataset covering both advanced and emerging countries.27 There is evidence
that trade competition with China has intensified over the past two decades for all countries:
import penetration from China has risen markedly, not only in the textile industry but also
in innovation-intensive industries such as electrical and optical equipment and transport
equipment. In addition, global market concentration in most industries appears to have
declined according to our measure, in line with findings by Freund and Sidhu (2017).
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Table 5: Innovation and China shock. Dependent variable is (log) patent flows. In column
4, trade with China is instrumented using Chinese import penetration for the US. Robust
standard errors clustered at country-sector level. ***p < 0.01, **p < 0.05, *p < 0.1.

6.1

Impact on innovation

Results on the impact of Chinese trade competition on domestic innovation, measured by
patenting activity, and diffusion of foreign knowledge are reported in Table 5. In both advanced and emerging economies, stronger trade competition with China is found to boost
domestic innovation and technology diffusion, as indicated by positive and statistically significant main and interaction effects (columns 1 and 2). Thus, industries that are more
exposed to Chinese import competition are not only more innovative, but they also use foreign knowledge more efficiently. The magnitude of the estimates is broadly similar across
the two country groups. We also try to expand the sample of EMs by replacing the domestic
sectoral R&D variable with the interaction between aggregate R&D and sectoral R&D intensity (similar to the analysis in the previous section). Results broadly hold for this larger
sample as well (column 3).
There is a possibility that the OLS coefficient on the China trade variable is biased. One
25

To complicate matters further, product market competition appears to interact in important ways with
the degree of intellectual property rights protection - another determinant of innovators’ rents. For instance,
some evidence suggests that stronger product market competition is associated with more innovation only
when intellectual property rights protection is strong (Aghion et al. (2015)). However, while strong protection
motivates multinational companies to transfer technology across countries, it reduces innovation in other
contexts (Williams (2013); Bilir (2014)). See Also, Boldrin and Levine (2008).
26
This measure is available for the period 1998-2014. Alternative measures using final instead of total
goods trade yield similar results.
27
The calculation of market shares uses the largest 1000 firms in each four-digit NACE sector from 28
countries. The shares of the largest four firms are then aggregated to the two-digit ISIC industry level using
sectoral revenues as weights. This measure is available for the period 2000-15. An alternative measure using
the Herfindahl index produces similar results. We thank Federico Diez for providing us with these data.

22

potential source of bias is reversed causality, by which less innovative industries are likely
to be less competitive and hence to experience stronger import competition from China this would tend to bias the coefficient downward. Another possible source of bias, stressed
by Autor et al. (2017), comes from the simultaneous determination of innovation and China
import penetration by omitted variables such as a domestic demand shock. For example, a
positive domestic demand shock would increase the demand for Chinese imports and at the
same time may increase or reduce domestic innovation - the former if domestic firms, whose
profits rise with greater demand, direct more resources towards innovating, the latter if a
rise in demand diminishes the need for innovation. The direction of the bias from this source
is, therefore, a priori unclear.
To address these issues, we follow the approach in Autor et al. (2014) to instrument
import penetration from China in the non-G5 advanced economies with import penetration
in the US.28 When instrumenting, the coefficients on trade with China and on its interaction
with the weighted foreign R&D stock remain strongly statistically significant but with larger
magnitude, possibly indicating a downward bias in the OLS estimates (column 4).29 We
do not perform the two-stage least square estimation for the group of emerging economies
sample, since in this case the validity of the US import penetration as an instrument is highly
dubious. Finally, we also check for non-linear effects by running the OLS regression on a full
sample including quadratic terms.30 Similarly to Aghion et al. (2005) we find an “invertedU” relationship (Figure 3) between competition and innovation, with stronger international
competition initially associated with more innovation and the relation becoming negative for
higher levels of competitive pressure. Note, however, that the vast majority of observations
in our sample lie in the upward-sloping part of the inverted U-curve, where more competition
leads to more innovation.
We repeat the analysis presented above using the global market concentration measure
instead of the China shock. The risk of endogeneity, e.g. due to reversed causality, with this
measure is arguably lower compared with the import penetration measure, as it is unlikely
that developments in a single country can drive the global concentration trends. An exception, though, is China, given its sheer size and the evidence that the rise of Chinese firms
28

Autor et al. (2014) did the opposite in their U.S.-focused study, instrumenting import penetration in
the United States with that in other advanced economies.
29
2SLS coefficients can also be larger than the ones from OLS in the presence of weak instruments.
However, our confidence in the instrumentation is supported by first-stage test statistics, which strongly
reject the hypotheses of under- or weak identification, suggesting that the instruments are relevant. In
particular, the Kleibergen-Paap rk LM statistic (under-identification test) is 22.4, with a p-value of 0. The
Kleibergen-Paap rk Wald F statistic (weak identification test) is 23.702, also comfortably larger than any
Stock-Yogo weak ID test critical values.
30
Detailed results available upon request.
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Figure 3: Relationship between innovation and China trade competition. Predicted values
and fitted quadratic relation.
has contributed to the observed decline in global concentration in several sectors (Freund
and Sidhu (2017)). Thus, we exclude China from our sample of emerging markets. Table 6
shows that higher global concentration for an industry, as indicated by the share of the top
four firms in global markets, has a negative and statistically significant effect on both innovation and knowledge diffusion from G5 leaders, and this is true for both non-G5 advanced
economies and emerging markets (columns 1, 2 and 3). Once we add quadratic terms to
the regressions, we find again some evidence of an inverted-U shape. The non-linearity is
statistically significant but quantitatively very small (Figure 4). Most observations lie on
the downward-sloping part of the inverted U, i.e. where less concentration is associated with
higher productivity.31
In sum, our analysis provides some evidence that, for a broad sample of both advanced
and emerging market economies, stronger international competition is associated with greater
innovation and technology diffusion at the sector level. This supports findings by Bloom
et al. (2016), who examine the effect of the China trade shock on firms in twelve European
countries. On the other hand, our findings are not necessarily inconsistent with those in
Autor et al. (2016), who find a negative impact of Chinese trade competition on innovation
in U.S. firms, as the United States is not among our recipient countries.
31

Detailed results are available upon request.
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Table 6: Innovation and global concentration. Dependent variable is (log) patent flows.
Robust standard errors clustered at country-sector level. ***p < 0.01, **p < 0.05, *p < 0.1.

Figure 4: Relationship between innovation and concentration. Predicted values and fitted
quadratic relation.
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Table 7: TFP, China shock, and global concentration. Dependent variable is (log) real value
added. Robust standard errors clustered at country-sector level. ***p < 0.01, **p < 0.05,
*p < 0.1.

6.2

Impact on productivity

As in Section 5, we complete the analysis with an investigation of the impact on industry
productivity (Table 7). Again, the sample is reduced due to data availability and consists
of mainly advanced economies. While the OLS estimation reveals no statistically significant
effect (column 1), results from instrumenting Chinese import penetration suggest that increased trade competition from China also helps boost production efficiency and diffusion to
TFP (column 2). Instrumentation seems critical in this specification as the risk of reversed
causality is clear: lower productivity sectors are more likely to have higher Chinese import
penetration, leading to a downward OLS bias to the estimated coefficients. In column 3,
trade competition with China is replaced by the global concentration measure. We find that,
while the degree of sectoral concentration does not seem to affect productivity directly (the
main effect is not statistically significant), higher concentration is associated with reduced
diffusion of foreign knowledge to productivity (the interaction effect is negative and significant). Finally, we run once again the regressions including a quadratic term, which in this
turns out to be statistically non-significant.
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7

Conclusions

In this paper we investigated the empirical importance of foreign knowledge for domestic
innovation. Our methodology builds on the work of Peri (2005), which we extend along
several directions. First, we estimate the intensity of cross-country knowledge diffusion and
its importance for domestic innovation at a disaggregated industry level, including a number
of emerging economies and focusing on a more recent sample period, which largely overlaps
with the globalization process of the last two decades. Second, our rich dataset allows us to
estimate with statistical precision how the intensity of knowledge diffusion and its impact
on domestic innovation has evolved over time. Third, we explore one possible channel that
can affect knowledge diffusion, namely changes in international competitive pressure, which
we proxy, alternatively, with a “China shock” and with changes in global concentration. We
find that, over the entire sample, only 15 percent of the G5s domestic knowledge diffuses
internationally. This overall figure masks important source of geographical and time heterogeneity. Specifically, the intensity of knowledge diffusion has remained roughly stable at
around 20 percent in advanced economies, while the diffusion towards emerging economies
progressively increased from 10 percent in the period 1995-1999 to 16 percent in the period
2010-2014. We also estimate to what extent foreign knowledge, once it diffuses to the domestic economy, contributes to increasing domestic innovation outcomes. We find that foreign
knowledge is about 80 percent as effective as domestically generated knowledge in raising
domestic innovation. Looking at sub-samples we find again a statistically significant increase
in the estimated coefficients, with the change being especially large for emerging economies.
Finally, our results indicate that heightened international competitive forces had a positive
impact on domestic innovation and on its sensitivity to foreign-generated knowledge.
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Figure 5: Patent count (left panel): international patent families by publication year and
residence of first inventor of first application. Other AEs include: AUT, AUS, BEL, CAN,
CHE, DNK, ESP, FIN, IRL, ISR, ITA, NLD, NOR, NZL, PRT, SWE, SGP. Other EMs
include: ARG, BGR, BRA, CHL, COL, CZE, EST, HUN, IDN, IND, MEX, MYS, PER,
PHL, POL, ROU, RUS, SVN, SVK, THA, TUR, UKR, URY, VNM, ZAF. R&D spending
(right panel): million USD. Given low data quality, the line for other EMs is omitted.

A
A.1

Appendices
Data and regression samples

This appendix shows descriptive statistics of our patent count and R&D expenditure data,
lists the definitions and sources for the all the variables used in the empirical exercise, and
provides the composition of country samples.
Figure 5 plots international patent families counts, aggregated across sectors and for
the main countries and regions in our sample. EU-G3 comprises Germany, France and the
United Kingdom. On average, 3/4 of all international patent families can be attributed to
a first inventor in a G5 country. Korea and China have emerged as new global innovators
over the course of our sample.32
Table 8 provides data sources. Table 9 and Table 10 list countries and sectors used in
the estimations.

32

The increase in Chinese patenting would be much more dramatic if simple patent applications would
be used. Their representativeness is however questionable, as the Chinese Patent Promoting Policies (PPP)
have contributed not only to an explosion in patent applications, but also to a deterioration in the average
patent quality (e.g. Long and Wang (2016)).
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Table 8: For the CEPIIs distances measures see the GeoDist Database. Acronyms: EPO
= European Patent Office; IPC = International Patent Classification; JPO = Japan Patent
Office; USPTO = United States Patent and Trademark Office; UNIDO = United Nations Industrial Development organisation; WIOT = World InputOutput Tables. OECD ANBERD
database: for each country-sector, the initial R&D stock is assumed to equal R&D0 /(g + δ),
where R&D0 is the initial R&D spending, δ is the annual depreciation rate (assumed to be
10 percent), and g is the average growth rate of R&D spending in that country-sector during
the first five years (for most country-sectors, R&D data start in 1986). Patents attribution:
We attribute a patent to the publication year for the patent count, but to the application
year for the citation count Self-citations, which are defined as citations between patents with
identical inventor, are excluded from the count). Citations that occur more than four years
after the publication of the cited patent are also excluded (the bulk of citations happens
within very few years after publication and restricting the window to either 3 or 5 years
hardly affects relative citation counts).
32

Table 9: List of sectors in estimation samples. Due to R&D data availability, the construction
and IT services sectors are only included in the first-stage regression (gravity).

Table 10: List of countries in estimation samples. The classification of countries into advanced economies and emerging economies is as of the beginning of the sample period, that
is, around 1995. Israel, Korea, and Singapore all became advanced economies around 1997
and thus are classified as advanced economies in the sample.
33

Figure 6: Effect of barriers, including cross-sectoral citations (left panel). Effect of barriers,
with unrestricted source country (right panel). The bars show the fraction of knowledge that
diffuses across the individual barrier. The line is the cumulative effect of the barriers.

A.2

Sensitivity analysis for gravity model

This appendix presents a series of sensitivity analyses to illustrate how results depend on
the extension of the model to inter-sectoral spillovers or spillovers from all countries as well
as the exclusion of China from the estimation.
Inclusion of cross-sectoral citations. In the baseline we restrict ourselves to citations between same-sector pairs, as this is where technology diffusion is likely to be most pronounced.
Here we expand the sample to include cross-sectoral patent citations, which allows us to test
the effect of an additional dummy dif f.isic indicating whether the citing and cited sectors
differ. The left panel of Figure 6 presents the regression result for the share of knowledge
that flows from a given country-sector. As can be expected, crossing a sectoral barrier entails
a significant reduction in knowledge diffusion. Accordingly, the average φ̂ now converges to
levels just below 10 percent, roughly half compared to the same-sector setup.
Unrestricted source country sample. Instead of expanding the sample to cross-sectoral
citations, we can relax the restriction that the cited patents are from a G5 inventor. In this
specification all countries enter on the cited as well as citing side, meaning they are both
source and recipient of technology diffusion. The differences with the baseline estimation
are small, shown in the right panel of Figure 6. The effect of most barriers is slightly higher
than in the baseline, which is consistent with findings in Peri (2005) that information from
non-leaders tends to diffuse less.
Excluding China from the baseline regression. The exclusion of China from the baseline
estimation seems justified as its size and rapid evolution could be the main driver of the
results. We find that the importance of the national border is reduced by about one half,
partly compensated by an increased importance of technology variables. Moreover, a shift
is observed between sharing a border (getting weaker) and international distance (getting
stronger). Overall, point estimates and the average φ̂ are largely comparable to our baseline.
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Table 11: Fisher-type panel unit root test. The table presents p-values for rejecting the Null
hypothesis that all panels contain unit root in favor of the alternative that at least one panel
is stationary, as a function of the assumed asymptotic distribution. The test is based on
augmented Dickey-Full tests, allow for panel-specific AR parameters, but not trend or drift.

A.3

Unit root and co-integration tests

In one of the robustness checks we use dynamic OLS to estimate the impact of foreign
knowledge on innovation. This appendix provides the results of the stationarity and cointegration tests supporting it. Coe et al. (2009) have found that TFP and R&D both have
unit roots and are cointegrated. It is thus not unreasonable to expect that the same applies
to patenting and R&D. Our test results are however rather inconclusive, as particularly the
evidence of unit roots is generally weak. To the extent that this still warrants testing for
cointegration, we find some support for it, which motivates the use of dynamic OLS for a
sensitivity analysis.
We start by testing the order of integration of the three series of interest, which are
patenting and the stocks of foreign and domestic R&D spending. For all of them, the panel
is strongly unbalanced, which restricts us to the use of Fisher type tests.33 Table 11 shows
the p-values for rejecting the Null hypothesis that all panels contain unit roots.
The test clearly rejects the Null hypothesis for patenting but provides more mixed results
for domestic and foreign R&D depending on which asymptotic distribution is assumed. While
the results would rather support the rejection of the Null, the tests are not conclusive. To
err on the side of caution, we still proceed with a cointegration test.
Panel cointegration tests, such as the ones proposed by Kao and Chiang (2001), Pedroni
(1999) and Pedroni (2004)) and Williams (2013), generally allow for unbalanced panels but
require long enough time series to run time-series regressions on the individual panels.34 The
results of the various tests in Table 12 all clearly reject the null hypothesis of “no cointegration” in favor of the alternative that either all or at least some panels are cointegrated.
However, such result should be read in conjunction with our previous finding that there is
only weak evidence of unit roots in the panel suggests, a fact that by itself would not call
for the use of dynamic OLS. For this reason, we present the results of dynamic OLS simply
as a sensitivity analysis. Finally, notice also that due to data limitation the cointegration
tests as well as the sensitivity analysis using dynamic OLS is not presented for TFP.
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The Im-Pesaran-Shin test which generally works with unbalanced panels had insufficient observations
even when using interpolation to fill in missing data in the series.
34
In order to satisfy this condition for the three variables, we linearly interpolate missing years in the data
and drop any country-sector with less than 5 observations.
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Table 12: Cointegration tests. The table shows test statistics and p-values for rejecting the
Null of no integration in favor of the alternative that either all or some panels are cointegrated
for different types of cointegration tests.
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