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1 Introduction

Modern growth theory predicts that international trade should enhance productivity growth
for several reasons. First, trade allows potential innovators to sell to a larger market; and
by increasing market size, trade increases the size of ex post rents that accrue to success-
ful innovators, thereby encouraging R&D investments. Second, trade raises competition
in product markets, which in turn encourages innovation aimed at escaping competition
by more advanced firms while discouraging innovation by laggard firms in the domestic
economy. Third, trade induces knowledge spillovers which allows producers in recipient
countries to catch up with the technological frontier. In previous work (see Aghion et al.,
2018) we used French firm-level accounting, trade, and patent information to provide evi-
dence on the market size and competition effects of trade expansion. In this paper, we use
the same datasets to provide evidence of a knowledge spillover effect for trade expansion.

The following stylized fact motivates our analysis in this paper. In Figure 1a, we plot
the long difference between the number of French exporters from 1995 to 2012 (i.e the
difference between the number of French exporters in 2012 and the number in 1995) for
the various geographical regions of the world. Each color corresponds to a decile in the
long difference distribution across regions. Dark red corresponds to regions with the largest
increase in the number of exporters from 1995 to 2012, whereas dark blue corresponds to
the regions with the smallest increase in the number of exporters from 1995 to 2012. In
Figure 1b, we plot the long difference between the number of citations to French patents
from 1995 to 2012 for different regions worldwide; again the dark red (resp. dark red)
color refers to regions lying in the highest (resp. lowest) decile in terms of long difference
increases in citations. We see that those destinations experiencing the largest increase in the
number of French exporters also experience the largest increase in patent citations to French
innovations over the same time period. The covariance between the two long differences is
equal to 1.62 (s.e.=0.22).!

Figure 1: EvoLuTioN oF TRADE AND INNOVATION LINKAGES

(a) Number of French Exporters (b) Citations

Notes: Evolution in the number of French exporters in each country (left-hand side panel) and the number of citations received from
each country (right-hand side panel) between 1995 and 2012. Colors correspond to different deciles in the corresponding quantity.

'That is: LD Ln Citations; = 1.62(s.e. = 0.22) x LD Ln Exporters; + v;
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We begin with a comprehensive set of patents belonging to French exporters over the
1995-2012 period. For every year and potential export destination, we construct a citation
count for each exporters’ patents. These citations come from new patents introduced in that
year by firms or inventors operating in the destination country. We then investigate how a
French firm’s citation count in a destination changes whenever that firm starts exporting to
that destination. Increases in a new exporter’s citations represent new patents recorded in
that destination subsequent to the exporter’s entry into the destination. Those patents citing
the French exporter represent a measure of its technological influence in that destination.
We use the timing of the exporter’s entry into a market and its citations in that market to
infer a causal relationship between the two.

We show that exporting to a new foreign market increases the flow of citations received
by the exporter from that market. The underlying idea is that entry into that new market
raises the visibility of the exporter’s technology to domestic firms in the market. Those
domestic firms can then more easily generate further innovations that build on that technol-
ogy, conditional on the host country’s degree of absorptive capacity (Cohen and Levinthal,
1989).

More specifically, we use a difference-in-difference strategy to analyze the response of
patent citations to a French firm’s export market entry in a particular year. To deal with
potential endogeneity of our results (in particular for the fact that exporting firms have
better technologies or technologies that are better suited to the destination country), we
leverage the high dimensionality of our dataset to condition on a large number of fixed
effects. We also adapt an identification strategy from Watzinger et al. (2017, 2018), who
study the knowledge spillovers induced by professor transfers across universities. This
allows us to build a control group of French firms with an ex-ante similar probability of
entry into a given market, but who did not enter in that particular year.

Our first main finding is that this impact of entry on citations (and hence knowledge
flows in the destination) is positive and significant starting 3 years after export market
entry, and peaking after 5 years.” Quantitatively, we find that export market entry induces
an 38.7% increase in the exporter’s mean citation rate. We also find that export market
entry leads to a 3.3 pp increase in the probability of receiving citations for exporters with
no citations.

We investigate whether relatively more productive firms generate more/better knowl-
edge flows, but do not find major differences across the distribution of exporting firms. On
the other hand, we find that the characteristics of the destinations do matter: the level of
development (as measured by GDP per capita) strongly influences those spillovers. We find
that the spillover intensity is hump-shaped with a peak around 55-60 percentile of the GDP
per capita distribution across destinations. The spillover intensity steadily decreases with
development for richer countries beyond that peak — but remains positive. We also find a
negative and significant spillover for the poorest set of destinations. This is consistent with
the view that firms in those destinations have much lower “absorptive capacity” to use the

’This timing lag is consistent with the time needed post-entry for new research to generate new priority
patents.



knowledge spillover from the new French exporters, and mainly suffer from the increased
competition effect generated by those French firms. Development then enhances a desti-
nation’s ability to absorb - and build upon - the technology of the French exporters. At
the other end, highly developed destinations may have already discovered the technologies
that would allow them to make use of the French firm’s technology. Overall, our results
vindicate Cohen and Levinthal (1989)’s view stated in the following quote: “Economists
conventionally think of R&D as generating one product: new information. We suggest that
R&D not only generates new information, but also enhances the firm’s ability to assimilate
and exploit existing information. [...] we show that, contrary to the traditional result,

intra-industry spillovers may encourage equilibrium industry R&D investment.” (Cohen
and Levinthal, 1989, p.569).

Our analysis relates to several other strands of literature. There is first the literature on
spillovers and trade, starting with Coe and Helpman (1995a), who show that a country’s
TFP is positively correlated not only with domestic R&D but also with foreign R&D and
to an extent which increases with the country’s degree of openness to foreign trade.” We
contribute to this literature by using firm-level data and patent citation data to identify a
causal effect of export on the innovative activity in the destination country.

Second, our paper relates to the recent literature on trade and innovation, including
papers on both, imports and innovation (see Bloom et al., 2016; Autor et al., 2016; Bom-
bardini et al., 2017) and on exports and innovation (see Lileeva and Trefler, 2010; Aghion
et al., 2018). Overall, this literature concentrates on the competition and market size effects
of trade. We contribute to that literature by looking at the technological spillover effects
of trade, and more precisely at how exporting to a destination country affects the exporting
firm’s patent citations by firms in that destination country.

Third is the literature on academia, scientists and citations. Thus Azoulay et al. (2010)
and more recently Bell et al. (2018) analyze the impact of an inventor’s death on the sub-
sequent innovation and income patterns of the inventor’s surviving coauthors. Waldinger
(2011) analyzes the impact of the dismissal of Jewish scientists’s by the Nazi government in
Germany in the *30s. And Watzinger et al. (2017, 2018) analyze the impact of the mobility
of scientists across German universities on local citations to their work. We contribute to
this and the broader literature on knowledge spillovers and absorptive capacity by looking
at how trade interacts with knowledge spillovers and absorptive capacity.*

The remaining part of the paper is organized as follows. Section 2 briefly presents the
data and details our empirical strategy and section 3 shows our baseline results. We conduct
further robustness tests in section 4. Section 5 concludes.

3See also Keller and Yeaple, 2009, Coe et al., 2009, and Keller and Yeaple, 2009.
4See Aghion and Jaravel (2015) for more detailed references to that literature.
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2 Data and Methodology

2.1 Data

We build a database that covers all French firms and linking export, production and in-
novation/citation data from 1994 to 2012. Our database builds on three separate sources.
First, detailed customs data provide French exports by product and country of destination
for each French firm over 1993-2012. Every firm must report its exports by destination
country and by very detailed product (with a classification of 10,000 different products
consistent with 8-digit HS codes). From this database, we extract the date of first entry into
a foreign market for each firm. Our second data source is the INSEE-DGFiP administrative
fiscal dataset (FICUS-FARE), which provides extensive production and financial informa-
tion for all firms operating in France. This data is drawn from compulsory reporting to
fiscal authorities in France, supplemented by further census data collected by INSEE.

Our third data source is the Spring 2016 PATSTAT dataset from the European Patent
Office. This contains detailed information on all patent applications from most of the patent
offices around the world. We use information on the network of patent linkages via cita-
tions. Although each French firm has a unique identifying number (Siren) across all French
databases, patent offices identify firms using only their name. The recording of the name is
sometimes inconsistent from one patent to another, and may also contain typos. Various al-
gorithms have been developed to harmonize assignees’ names (for example this is the case
of the OECD’s Harmonized Assignee Name database) but none of those have been applied
specifically to French firms. One notable exception is the rigorous matching algorithm de-
veloped by Lequien et al. (2019) to link each patent application with the Siren numbers
of the corresponding French firms; for all firms with more than ten employees. Based on
supervised learning, this new method provides significant performance improvements rela-
tive to previous methods used in the empirical patent literature: its recall rate (i.e. the share
of all the true matches that are accurate) is 86.1% and its precision rate (i.e. the share of
the identified matches that are accurate) is 97.0%. This is the matching procedure we use
for our empirical analysis in this paper.

We seek to measure the knowledge spillovers from new French exporters-innovators
(who enter an export destination during our 1995-2012 sample years) to firms/inventors in
that destination. There are 7,976 such French exporters-innovators (with at least one patent
that can potentially be cited) who enter one of 158 destinations during our sample years.’
Those firms own 147,183 patents that have generated 511,326 citations (new patents) in
Foreign destinations. Those citations represent 40,957 potential knowledge spillover links
between a Foreign patent and a French firm. Of those potential links, 13,462 have been
treated in the sense that the cited French firm has entered the corresponding export desti-
nation during our sample years. All those numbers are reported in Table 1.

>We do not use information on firm-destination links when we observe that firm exporting to that desti-
nation in the first two years of our customs data prior to our sample years (1993-94). We cannot infer when,
before 1993, that firm started exporting to that destination.



Table 1: Descriptive Statistics

Level N

Years 18 (1995-2012)
Destinations 158
Firms 7,976
Patent 147,183
Citations 511,326
Links (firms * destination) 40,957

— Ever treated 13,462

2.2 Empirical methodology

We want to estimate how a French firm’s entry into a new export market affects its flow of
new citations from this destination to the firm’s patents.

The most natural approach is to aggregate our data at the firm-destination level. More
specifically, we look at how a firm’s entry into a new export market j affects subsequent
citations received from firms located in this destination j. We thus estimate the following
distributed lead/lag model:

kl‘l‘l(l)(

Yije= Do BeX ENTRY i+ Xpj+ X+ Xjss + Ep e (1)
k:kmin

k#—1

In this equation, j is a country and f a French firm operating in sector s. Our depen-
dent variable, Yy ;,, measures the number of citations made at ¢ by firms in country j to
the stock of existing patents filed by firm f. ENTRY;, is a dummy variable equal to 1
if firm f declares some positive exports to country j during year ¢ for the first time in our
sample. xyj, xr: and y, respectively denote firm-destination, firm-year and destination-
sector-year fixed effects, and are meant to capture global innovation shock in a given market
(Y j.5,1), firm innovation intensity (y r,) and country-firm specificities. We include a relatively
large set of lags and leads in order to capture the full evolution of citations made to f fol-
lowing its entry. Our identification relies on the fact that entry decision is not affected by
future citations. We check that this is not the case by looking at the coefficient on the leads
(pre-trends) and we return back to this question in the next subsection.

This specification does not allow to distinguish between the different patents owned by
the firm. In particular, it does not allow to separate citations made to new patents from those
made to older patents (namely to those patents that existed prior to entry). To investigate
this more in detail, we disaggregate our data further and consider a panel at the patent-
destination-level. We therefore also consider the following model:
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Yoje= > BeX ENTRYpji+6X Xyt + Xi, + Xty + Xz + Epjo )
where Y, ;; is the number of priority patents by applicants in destination country j citing
patent p of technology class z and filed at date 7 by a firm f (or said differently, the flow of
destination-specific citations received by p from j during year #). As previously, ENTRY,;,
is a dummy equal to one if French firm f enters destination j for the first time at date t.
This level of aggregation allows us to also control for the number of citations received by
patents filed at 7 from f prior to entry (at t=t,) X,,, —; = ?:00 Y, tworia:- We also control for
the global lifecycle of an innovation within each technological field when the French and
foreign (j) patent were filed by introducing the dummies y;, . and y;, and add a dummy for

the entry date y,,. Lastly, we cluster the standard errors at the link-level i.e. by firm-country
(f. J) pair.

2.3 Endogeneity of entry

One immediate concern is that the correlation between entry and the subsequent increase in
citations may partly reflect the fact that better performing firms (with patents that are more
likely to be cited) have a higher probability of entering new export markets. To deal with
this selection problem, we take inspiration from Watzinger et al. (2017, 2018), who study
the knowledge spillovers induced by professor transfers across universities. Those authors
use administrative data from German universities. Every year a university in Germany
creates a list of professors eligible for transfers. The probability of transfer within that
list is as good as random. The authors then measure the effect of mobility within a list of
eligible professors on the Patent-to-Article and Article-to-Article citation counts.

Similarly, we construct a control group of French firms for every French exporter ob-
served to enter a new foreign market in a given year. Firms in this control group have a
similar probability of entering that destination in that given year. All of our subsequent
regressions on patent/citations flows are then reported within this control group. We thus
start by estimating the probability that each French firm enters an export destination for
the first time in each year. We then partition all those firms (by destination-year) into bins
according to their predicted entry percentile. Within each bin, there are firms that enter the
foreign market early, or late, or never; and there are firms that exit that foreign market early,
late or never. This first-stage analysis allows us to control for the selection endogeneity by
always comparing an entrant (exporter to a new destination) within its control group in our
second stage.

In that second stage, we measure the impact of export entry on the knowledge flows
between the entering firm and new priority patents in the destination (citing the exporter’s
prior patents) as in equation (2) but we now control for export entry selection by condi-
tioning our estimates on iso-probability bin fixed effect we previously described. Thus, our
results are estimated within a bin of firm-destination-year triplets with very similar proba-
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bilities of export market entry. We provide further details on this empirical methodology
as well as first stage results in Appendix A.

3 Results

3.1 Baseline firm-level results

We estimate parameters S from equation (1) and report their values ,@k and associated
95% confidence intervals in Figures 2. These figures vary by the set of fixed effects that
are included in the estimations. More precisely, Figure 2a conditions on firm-year and
destination-sector-year effects while Figure 2b conditions on destination-firm and destination-
sector-year effects. Note that the former is only identified for firms that export in more than
one destination. Figure 2c estimates the full model from equation (1), that is including
Xrj+ Xt + Xjke In all cases, we observe a similar pattern: the marginal impact of entry
on the number of citations received by the firm spikes after 3 to 5 years. We also report the
same model as in Figure 2c but using a semi-dynamic approach, i.e. we impose 5; = 0 for
all k < 0 (i.e. we set the pre-trend to exactly 0). Results are presented in Figure 2d.

In all these specifications, the dependent variable is the number of citations originated
from country j divided by the previous year’s stock of patents of firm f. We have also
experimented with other functional forms for the dependent variable in section 3.3.

Magnitude:
TBD

3.2 Patent-level results

We now turn to our estimations at the patent-destination unit. This level of disaggregation
allows us to look more precisely at how entry into a foreign market affects the standard
lifecycle of the citations received by a given patents and to control more precisely for the
observable characteristics of this patents (technological class, quality, age etc...).

We first run the analog of Figure 2a and 2b, i.e. conditioning on firm-year and destination-
firm fixed effects. We would ideally want to control for a full firm-destination-year set of
fixed effects in order to capture the endogenous decision of entering a given market. While
this is technically feasible, in that case identification comes from comparing the flow of
citations from a given in country to two different patents of the same firm, conditional on
all observable characteristics and in particular their age. Instead, we prefer to implement
our strategy based on the construction of destination-time specific probability of entry as
described in Section 2.3.

We first verify that there is no difference between the treated group and the control
group prior to entry: the regression points for the leads fluctuate around zero and are not
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Figure 2: BASELINE FIRM LEVEL RESULTS

(a) Within firm-year (b) Within firm-destination

-6 -4 2 0 2 4 6 E
Time with respect to Entry Time with respect to Entry

(c) Within firm-year and firm-destination (d) Semi-Dynamic
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Time with respect to Entry Time with respect to Entry
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Notes: Panel 2a presents the results from estimating Equation x with firm-year and sector-destination-year fixed effects. Panel 2b
presents the results from estimating Equation y with firm-destination and sector-destination-year fixed effects. Panel 2¢ presents the re-
sults from estimating Equation z with firm-destination, sector-destination-year and firm-year fixed effects. Panel 2d is the semi-dynamic
version of Panel 2c.

significant. But entering into a market leads to a marked and significant increase in citations
after 3 years — lasting for 3 years (3 to 5 years post-entry). This effect progressively dies
out thereafter.

Figure 3a graphically depicts all the estimated leads and lags coefficients for entry (the
main coefficients of interest 3;), along with their 95% confidence intervals, for our fully
dynamic specification with pre-entry periods, corresponding to equation (2) to which we
add a probability bin fixed effect. The dependent variable this time is the flow of citations
received by a patent p from a destination j.

Figure 3b repeats the same exercise as Figure 3a, but uses a semi-dynamic specification
where we omit the pre-trend dummies to gain additional years of observations. This figure
shows similar post-entry effects to those in the fully dynamic specification (both in magni-
tudes and in precision): entry increases received citations 3 to 5 years after entry, and has
no significant impact at shorter or longer horizons.

Magnitude: Quantitatively, firms entering into a destination receive an additional 0.011-
0.013 citations for their patents from that destination 3 to 5 years after entry, compared
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Figure 3: MAIN SpeCIFICATION: PrIORITY CiTATIONS COUNT

(a) Fully-dynamic (b) Semi-dynamic
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Notes: These figures show the coefficients S from the estimation of our baseline Equation 2. Left-hand side subfigure estimate all co-
efficients while right-hand side subfigure assumes that all lead coefficients are 0. 95% confidence interval are presented. Standard errors
are clustered at the link (firm-destination) level.

to similar firms that had not entered that destination at that time. This corresponds to a
16-18% increase from the mean citation rate in our sample.

In order to assess the magnitude of the full treatment effect, we compute the sum of
coefficients and find a total coefficient of 0.0424. Over this 8 year time window after entry,
a firm receives an average of 0.51 citations whereas a firm that does not export to that
destination receives an average of 0.46 citations. This corresponds to a 13.3% increase in
citations from the export destination country.

3.3 Different functional forms

In the following two figures, we explore the impact of changing the functional form for the
dependent variable either at the firm level or at the patent level. In all cases, we will stick
with our semi-dynamic specification in order maximize the number of observations.

At the firm level: in Figure 2, we have used the number of citations per patent as a
dependent variable. This is one of many functional forms that we can consider in order
to capture the actual data generating process. In Figure 4a and 4b, we consider two other
concave functions, respectively [n(1 + C) and H [C]® where C is the number of citations
received by firm f from country j at time ¢ to any patents in its portfolio. By using these
functional forms, we want to allow for both the intensive and the extensive margin to be
estimated (that is, we want the dependent variable to be defined if C = 0, we come back to
this in next section).

4 is the inverse hyperbolic sin function: H(C) = % log (C + VI + Cz). This function gives more weight
to the extensive margin than the log(1 + C) and is otherwise very similar.
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Figure 4: FirM LEVEL REGRESSION - OTHER LHS VARIABLE

(a) log(1 + C) (b) H(C)
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Notes: These figures show the coefficients 8y from the estimation of our baseline Equation 1. The dependent variable is defined as
the log of 1 + the number of new citations made to the stock of patents in the left-hand side subfigure and the inverse hyperbolic sine
function of these new citations in the right-hand side subfigure. Standard errors are clustered at the link (firm-destination) level.

At the patent level: We do the same exercises at the patent level. In Figure 5a the de-
pendent variable is In(1 + C), whereas in Figure 5b the dependent variable is a hyperbolic
function H [C]. These figures confirm that the pattern from our baseline Figure 3b is not
particularly sensitive to changes in the functional form of the dependent variable.

Figure 5: MAIN SPECIFICATION: ALTERNATIVE LHS VARIABLES

(a) log(1 + C) (b) H(C)

.01+ 0154

014
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Time with respect to Entry Time with respect to Entry

Notes: This figure shows the estimated 3 coefficients from the estimation of our baseline Equation 2. The dependant variable is log(1 +
C) in the left panel, and H(C) in the right panel. 95% confidence interval are presented. Standard errors are clustered at the link level.

3.4 Extensive vs Intensive margin decomposition

We now decompose the overall response of citations into an extensive margin component —
a binary transition from no citations to positive citations — and an intensive margin compo-
nent — an increase in citations conditional on a positive number of citations. Figure 6 shows
the result from the binary response regression. As we previously discussed, the results can
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be interpreted as a linear probability model yielding the probability that an entrant is cited
in the export destination. We see that this dynamic pattern is very similar to our baseline
regression, with a significant increase in the citation probability 3 to 5 years after entry.
The probability of being cited increases with entry 3 to 5 years after entry. Entry increases
the probability of a citation by 3.3 percentage point 3 to 5 years after entry. This implies
that an entering firm is 66% more likely to obtain a citation relative to a firm that does not
enter in that same year.

Figure 6: Y = {0, 1}

.01

.005

-.0054

T T T T

-4 0 4 8
Time with respect to Entry

Notes: This figure shows the estimated 3 coefficients from the estimation of our baseline Equation 2. The dependant
variable is the status of the technological link between the firm’s applicants and the foreign country’s applicants. 95%
confidence interval are presented. Standard errors are clustered at the link level.

Going further, we use a distribution regression technique. We construct dummy vari-
ables that describe the cumulative distribution of citations rates. Each dummy equals one
for destination that experienced a citation rate greater than x. We estimate effects on a
series of dummies that move from O to 25 in 0.05 increments (“distribution regression”
Chernozhukov et al. (2013)). See Goodman-Bacon and Cunningham (2019) for a more
recent application.

The effect measured in our baseline specification is largely explained by an increase in
the probability of getting a few more citations per patent. The effect on the probability of
getting more than 3 citations per patent is a precisely measured at zero.

The first coeflicient is a regression where the outcome variable is a dummy that takes
one if the citation rate is strictly greater than zero. It is therefore the effect on the extensive
margin. We also plot the fully dynamic estimation of this in Figure 8. The estimated equa-
tion is the same equation as the baseline but the outcome variable is a dummy indicating
whether or not the patent receives any citations that year.
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Figure 7: Distribution Regression

.04
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Notes: This figure plots the DiD effect of the initial entry into a foreign destination on the probability of having a citation
rate greater than the amount on the x-axis. For details on “distribution regression” see Chernozhukov et al. (2013). This
reflects changes in the cumulative distribution of citation rates. 95% confidence interval are presented. Standard errors are
clustered at the firm and destination level.

Figure 8: Extensive margin
.06
.04+

.02+

-.02+

-.04-]

T T T T T T
-6 -4 -2 0 2 4 6
Time with respect to Entry

Notes: This figure plots the effect of the initial entry into a foreign destination on the probability of being cited more than
once that year. 95% confidence interval are presented. Standard errors are clustered at the link level.

3.5 Heterogeneity

In this subsection, we investigate how the impact of entry on citations varies with both the
exporting firm’s productivity (an indication of the technology embodied in the patents),
and the level of development of the destination country (which we use as a proxy for the
country’s degree of absorptive capacity). As we already mentioned, we measure these het-
erogeneous responses by moving to a static version of the treatment variable with a unique
entry dummy equal to O before entry and to 1 thereafter. Moreover, we use a kernel re-
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weighting scheme across the various percentiles in the variable with heterogeneous effects.
The kernel approach allows us to flexibly estimate the functional form of the marginal ef-
fect of entry on patent citation across the percentiles in the heterogeneity variable. Each dot
in the figure corresponds to the effect on citations estimated at a given percentile of the het-
erogeneous response variable (with Gaussian weights and a bandwidth of 20 percentiles).

3.5.1 Impact of the exporting firm’s productivity

We first investigate the impact of a firm’s productivity on the impact of the spillover entry.
A more productive firm is expected to generate patents that embody better or more valuable
technologies. Those patents are presumably more likely to induce follow-up innovations
by other firms, and should be reflected in additional citations whenever those innovations
lead to new patents. We adapt the baseline second stage regression to allow for varying
B coeflicients across percentiles in the distribution of French firm’s productivity (at date
t — 1) at the entry stage. Productivity is measured by the firm’s value added per employee.
In Figure 9a, each dot corresponds to the effect of the initial entry into a foreign market
estimated locally at a given percentile of the ex-ante productivity distribution. The blue
band corresponds to the 90% confidence interval. We see that the effect of entry on new
patent citations steadily increases over most of the productivity range (excluding firms with
the lowest and the very highest levels of productivity). However, this increase is very slight.

Figure 9: HereroGENEOUS EFFECTS

(a) Productivity (b) GDP per capita
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Notes: This figure plots the effect of the initial entry into a foreign destination estimated locally at a given percentile of the ex-ante dis-
tribution of firm-level productivity (LHS subfigure) and country-level GDP per capita (RHS subfigure). The dependant variable is the
number of citations. We use Gaussian weights with a bandwidth set to 20 centiles. 90% confidence interval are presented. Standard
errors are clustered at the link (country-firm) level.

3.5.2 Impact of a destination’s development level

The transfer of knowledge from a French exporter to firms in the export destination is likely
to depend upon the destination’s technological development relative to the French exporter.
If firms in the destination country lag far behind the French firm, then presumably these
firms are not adequately equipped to build on the French firm’s innovation, and therefore
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the French firm’s entry should have limited impact on innovation in the destination country.
The French firm might even deter such innovation in the destination country due to the
increased competition it induces for potential innovators in that country (see Aghion et
al., 2005): as a result, the impact of the French firm’s entry on citations by firms in the
destination country may even turn negative. On the other hand, if firms in the destination
country are neck-and-neck with the French firm, then these firms can easily build upon the
French firm’s technology to generate new innovations: in that case entry by the French
firm should increase citations by the destination country of the firm’s innovations. Finally,
if firms in the destination country are far ahead of the French firm’s technology, then these
firms will often not find it useful to develop further the French innovation as they already
enjoy a better technology: entry by the French firm would then have little to no impact on
its citations by firms in the destination country.’

To test for a differential impact of entry on citations varying with a destination’s devel-
opment level, we run a similar version of our static specification described above. But we
now allow for our coeflicient to vary across the percentiles of the destinations’ GDP per
capita. At low levels of GDP per capita (below the 30th percentile), entry decreases cita-
tions (Figure 9b). At intermediate-high level of GDP per capita (between the 30th and the
60th percentile), entry increases citation. The effect is then decreasing in GDP per capita
for the richest countries, though it remains significantly positive.

4 Robustness and extensions

4.1 Placebos

In the baseline specification, we clustered standard errors at the firm-country link level.

This provided us with standard errors that are asymptotically robust to serial auto-correlation
for the error term as well as to correlations across patents within a link. Here we implement

Chetty et al. (2009)’s non-parametric permutation test of 8; = 0 for k = {5}

To do so, we randomly reassign the date of entry into an export destination across links
and then we re-estimate equation (1). We repeat this process 2000 times in order to obtain
an empirical distribution of placebo coefficients ,Bf . If entry had no effect on citations, we
would expect our baseline estimate to fall somewhere in the middle of the distribution of the
coeflicients of the placebo coeflicients ,@f . Since that test does not rely on any parametric
assumption regarding the structure of the error term, it is immune to the over-rejection of
the null hypothesis highlighted by Bertrand et al. (2004).

We plot the histogram of this distribution of placebo coefficients in Figure 10. The
figure confirms that our coefficient of interest B;—s (the solid blue line) lies on the right
of the 99" percentile (the red dashed lines) of the distribution of placebo coefficients. It

7All these developments should have different consequences for the destination firms’ products as well,
but the lack of data on those products prevents us from assessing such impacts. They also bring about different
consequences for the French exporter’s products, which we plan to investigate in future work.
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confirms that initial entry into a destination leads to an increase in citations.

Figure 10: Random Permutations

P50 99 Bis = 0.0253
H ]

Percent

0 .02
Value of estimated placebo [3,_s

Notes: Those figures present the distribution of 2000 estimates of the coefficient ,B;: after performing a random permutation.
The dark blue lines corresponds to the coefficient from our baseline regression. 2.

4.2 Alternative measurement of spillovers
4.2.1 Second-order citations

TBD

4.2.2 Semantic-based distance

TBD

4.3 Spillovers to the rest of the group
We change the outcome variable. It is now the citation rate of the other firms that belonged

to the group at the time of the patent application. We leave the rest unchanged compared to
the baseline. We find a small positive effect. include Figure 11
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Figure 11: Main Specification: Triadic citations to the rest of the group
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Notes: This figure shows the coefficients from the estimation of our baseline Equation 2. 95% confidence interval are
presented. Standard errors are clustered at the link level.

5 Discussion and conclusion

In this paper we use French firm-level fiscal, custom, and patent citation data over the period
1995-2012 to estimate the impact of export market entry on the citations of the exporter’s
prior patents in the destination country. We find a positive and significant effect of entry
on those citations. Overall, our results validate the notion that trade induces technological
spillovers (in line with Coe and Helpman, 1995b). And the results are also consistent with
Cohen and Levinthal (1989)’s view that spillovers occur conditionally upon the recipient
country exhibiting sufficient absorptive capacity.

Our findings have several implications. First, our main findings that trade induces
knowledge spillovers is in line with the notion that trade is a source of cross-country con-
vergence. Second, fostering development in the destination country increases the country’s
ability to build upon the innovations brought by foreign exporters. Third, more produc-
tive firms — in addition to being more likely to export — are also more likely to induce
technological spillovers (though this increase is slight).

Our analysis can be extended in several interesting directions. We have measured tech-
nological spillovers using citations of the exporter’s prior patents in a destination. However,
one may question whether new patents in the destination country then subsequently lead
to an increase in productivity in the destination. If the answer is positive, then this should
somehow be reflected in future increases in productivity growth for the affected sectors
and destinations that are more highly exposed to entry by innovative firms. This and other
extensions of our analysis in this paper are left for future research.
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APPENDIX

A Endogeneity of entry

As explained in section 2.3, our first stage seeks to generate differences in the timing of
entry that is as good as random within the iso-probability group. In Figure 12 we depict
three firms with the same probability of entering a new foreign market in year . Firm 1
enters this destination at date 7, < 7. Firm 2 enters that same destination at date 7, > ¢, while
firm 3 never exports to that destination. Consider “treated” firms that enter this destination
in year t. We estimate the average effect of entry in that year relative to those 3 firms who
did not enter that destination in year ¢, yet have a very similar probability of having done
SO.

Figure 12: Exploiting random difference in timing within iso-probability bins

Ca\

In particular, this grouping will control for two other important types of technological
spillovers originating from French firms and their patents. One type does not involve any
trade linkages and depends only on the fact that a French firm’s technology can be observed
via its patent applications (a purely “technological” link). In Figure 12, citations of firm
2’s and firm 3’s patents in that destination in year ¢ must come via this link (since those
firms have not exported to the destination as of year 7). The other type of spillover involves
a current ongoing trade relationship in year ¢. Citations of firm 1’s patents may fall in this
category as this firm is currently exporting in that destination in year . We use the word
“may” as we also measure a potential delayed impact of firm 1’s entry in 7, < ¢ in year ¢.
Our regression method allows us to separate out the impact of entry relative to the impact of
a current ongoing trade relationship by using the timing of market entry and new citations
(observed in new priority patents from that destination).

For each firm-destination-year, we estimate a probability of initial market entry. We
estimate this first stage regression as a logit specification:

Pr(ENTRY; ;) = agGRAVITY ; + apFIRMy; + £¢ j,, 3)
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Table 2: Probability of First Entry

Pr(ENTRY,;,)
Probit + dummies
Ln GDPj, 0.127*
(6.69)
Ln GDPpc.j, 0.448*
(12.71)
Ln Employment;,;_, 0.110*
(72.86)
Ln Productivity s, 0.0567**
(15.50)
#products;,_ 0.0052***
(19.21)
#Destinations ;- 0.0567"
(153.36)
{Patentsy,_, -0.0004***
(-76.76)
Dummies country + year
Destinations-Years 517025
Pseudo R2 0.202

7 statistics in parentheses
*p<0.10, " p <0.05, ™ p <0.01

where: (1) ENTRY ,;, is adummy variable equal to one if firm f enters destination j at date
t, and is equal to zero otherwise; (i1)) GRAVITYj, is the usual vector of gravity variables
measuring the importance of destination country j for France at date ¢ (this includes the
geographical distance between France and country j, GDP and per capita GDP of country j
at date t); (iii) FIRM, includes firm-year characteristics (size, labor productivity measured
as value-added per employee).

Table 2 shows the results from this first-stage regression. These results match the stan-
dard results we find in the gravity literature. In particular, French firms are less likely to
enter destinations that are farther away from France, and more likely to enter bigger foreign
markets. Additionally, bigger and more productive French firms are more likely to enter
any given foreign market.

We present the distribution of the estimated propensity score for firms that enter and
firms that stay out in Figure 13. It illustrates that there is enough overlap between the two
distributions to allow the construction of equally likely bins.

We assign French firms to the same bin if their probability to enter country j at date ¢
belongs to the same percentile of the distribution of all the probabilities to enter destination
Jj at date ¢ for all French firms. As a robustness test, we also run specifications with larger-
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Figure 13: Distribution of Propensity Score for Entry and non Entry

Kernel density estimate

Pr(E2)
[ Entry [ No Entry

kernel = epanechnikov, bandwidth = 0.0205

Notes: This figure shows the density function of the estimated propensity score for firms that enter and firms that do not
enter.

sized bins.
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