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Abstract 
We examine the effect of entry by French firms into a new export market on the dynamics of their 
patents’ citations received from that destination. Applying a difference-in-differences identification 
strategy with a staggered treatment design, we show that: (i) entering a new foreign market has a 
significant impact on the long-run flow of citations; (ii) the impact is mostly driven by the extensive 
margin; (iii) inventors in destination countries patent mostly in products that do not directly 
compete with those of the exporting firm; (iv) the spillover intensity decreases with the 
technological distance between the exporting firm and the destination. 
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1 Introduction

Modern growth theory predicts that international trade should enhance produc-
tivity 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 successful innovators, thereby encouraging R&D investments.
Second, trade raises competition in product markets, which in turn encourages in-
novation that aims to escape competition among the most advanced firms. Third,
leaving aside these within-firm impacts on productivity, trade induces selection
effects that favor more innovative firms. And finally, trade also induces knowledge
spillovers that allow producers in recipient countries to catch up with the tech-
nological frontier (see Melitz and Redding, 2021 for a review). Using detailed
trade and patent data, we focus on this last channel and show that firms export
more than goods. They also export the ideas and technologies embedded in these
goods, which then show up in the form of new innovations developed in the
destination country.

To motivate our analysis, we document that the countries to which France ex-
ports are closely related to the countries whose patents cite prior French patents.
In Figure 1a, we plot the long difference change in the number of French ex-
porters from 1995 to 2012 (the difference between the number of French exporters
in 2012 and the number in 1995) across countries. Each color corresponds to a
decile in the long-difference distribution across countries. Dark red (dark blue)
corresponds to countries with the largest (resp. smallest) increase in the number
of exporters from 1995 to 2012. In Figure 1b, we plot the long difference change
in the number of citations to French patents from 1995 to 2012 across countries;
again the dark red (dark blue) color refers to countries in the highest (resp. low-
est) decile in terms of long difference increases in citations. We see that countries
experiencing the largest increase in the number of French exporters also experi-
ence the largest increase in patent citations to French innovations over the same
time period. The regression coefficient between the two long differences is equal
to 1.62 (with a standard error of 0.22).

To more directly measure the spillover from the French exporters to a destina-
tion to local innovation, we exploit comprehensive patent and French export data
during 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 des-
tination country. We then investigate how the pattern of a French firm’s citation
count in a destination changes over time whenever it starts exporting to that des-
tination. Increases in a new exporter’s citations represent new patents recorded
in that destination subsequent to the exporter’s entry in that destination. Those
patents citing the French exporter represent a measure of its technological influ-
ence in that destination. We use the timing of the exporter’s entry into a market
relative to its citations in that market to infer a causal relationship between the
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Figure 1: Evolution of Trade and Innovation Linkages

(a) Number of French Exporters (b) Patent 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.

two.

More specifically, we use a difference-in-differences (DiD) strategy to analyze
the dynamic response of patent citations to a French firm’s export market entry in
a particular year. We rely on a staggered treatment adoption design that exploits
the fact that firms enter their export markets at different times. The identifying as-
sumption is the existence of a common trend between entrants and non-entrants:
inventors in a foreign country would have cited French entrants at the same rate
as non entrants had the French firms not entered the country. To strengthen the
plausibility of this assumption, we exploit the high dimensionality of our dataset
and incorporate fixed effects for both firm-year and destination-technology field-
year to capture common shocks to treated and not yet treated observations. We
therefore isolate variations coming from within firm change in the flow of citations
across all of its current and future export destinations after absorbing destination
effects. Additionally, we address potential weighting issues introduced by con-
ventional estimators in staggered designs by drawing on the latest improvements
in DiD estimation methods from de Chaisemartin and d’Haultfoeuille (2020).

Our first finding is that exporting to a new foreign market increases the flow
of triadic citations received by the exporter from firms in that market (i.e. cita-
tions from a patent belonging to a triadic family, see OECD, 2009). More precisely,
entering a new foreign market has a significant and positive impact on its triadic
patents’ citations starting three years after export market entry and sharply in-
creasing over time until 11 years after entry at which point citations start petering
out. The underlying idea is that entry into this new market raises the visibility of
the exporter’s technology to domestic firms in the market. Those domestic firms
can then more readily generate further innovations that build upon that technol-
ogy, conditional on the host country’s degree of absorptive capacity (Cohen and
Levinthal, 1989). Our second finding is that entering a new foreign market has a
greater impact on the extensive margin – the probability of obtaining at least one
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triadic citations – than the intensive margin – the probability of obtaining many
citations.

These findings are robust to many different specification checks: 1) the choice
of functional form for the left-hand side citation variable; 2) additional fixed ef-
fects; 3) dropping from the sample citations added by the patent office or by the
patent examiner; and 4) restricting our sample to foreign destinations with no for-
eign direct investment ties with the exporting firm, thus controlling for citations
generated by the exporter-owned affiliates toward their parent company.

Our third finding is that new patents in a destination country involve prod-
ucts that do not directly compete with those produced by the French exporter: the
spillovers involving non-competing products are significantly higher than those
associated with competing products. Finally, we examine how the magnitude of
the knowledge spillovers vary with the technological distance between the French
exporter and the destination country, as measured by differences in patent qual-
ity. We find that the spillover intensity is hump-shaped with a peak when the
quality of the new patents in a destination lags slightly behind that of the French
exporter. This is consistent with the view that firms in a destination country with
substantially lower “absorptive capacity” are unable to take advantage of the ex-
porter’s more advanced technology. At the other end, destinations with the most
advanced technologies may find the French exporter’s technology less valuable
relative to their own technologies. Conversely, firms situated in countries midway
on the technological spectrum seem to gain the most, benefiting from an R&D-
enhanced technology transfer from exporting firms, echoing the dual functions of
R&D outlined by Griffith et al. (2004).

Our analysis relates to several other strands of literature. There is first the liter-
ature on spillovers and international trade. Seminal works by Coe and Helpman
(1995) and Coe et al. (2009) demonstrate that a nation’s productivity is intricately
linked to the R&D and innovation levels of its trading partners, with the strength
of these spillovers intensifying alongside the nation’s trade openness. The use
of patent data, especially citation networks as a means to track the international
diffusion of innovation, was further advanced by Jaffe and Trajtenberg (1999).1

Further evidence of the international dimension of such spillovers is provided by
Branstetter (2001) and Keller (2004), suggesting a potential link to international
trade and globalization. Keller and Yeaple (2009); Keller (2010) and Aitken and
Harrison (1999) explore potential mechanisms and highlight the significant role
played by firms operating across borders in driving the global distribution of tech-
nology and underscore the dual conduits of trade and multinational activity as
vectors for these externalities. Our work adds to this discourse by pinpointing a
causal effect of exports on the diffusion of innovation in the destination country
that operates even in the absence of foreign direct investment.

More closely related to our analysis is MacGarvie (2006), which uses panel

1See also Eaton and Kortum (1996); Peri (2005); Cotterlaz and Guillouzouic (2020).
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data on French manufacturing firms and their export links with eight developed
countries to reveal that these firms’ patents more frequently cite patents from
countries they import from. The depth of our data, combined with our dynamic
estimation method, allows us to thoroughly assess the long-run responses of for-
eign triadic citations well before and after a firm’s initial export activity. This
enables us to uncover the nuanced effects of trade on knowledge dissemination
and to more accurately determine the timing and causality of these impacts.2

Our work contributes to the recent body of research on the nexus between
trade and innovation. It aligns with studies examining the impact of imports on
innovation (Bloom et al., 2016; Autor et al., 2020; Bombardini et al., 2017; Aghion
et al., forthcoming) as well as those exploring the relationship between exports
and innovation (Lileeva and Trefler, 2010; Aghion et al., 2022). While existing
studies primarily focus on the effects of trade in terms of competition and market
expansion, our research isolates and quantifies the technological spillovers arising
from trade activities.

And lastly, our methodology share similarities with the literature on academia,
scientists and citations. Azoulay et al. (2010) and Jaravel et al. (2018) analyze the
impact of an inventor’s death on the subsequent innovation and income patterns
of the inventor’s surviving coauthors. Waldinger (2011) analyzes the impact of the
dismissal of Jewish scientists by the Nazi government in Germany in the 1930s.
And Watzinger et al. (2017, 2018) analyze the impact of the mobility of scientists
across German universities on local citations to their work. Our paper develops a
way to adapt these experimental settings for firms in the context of the analysis
of trade and technology spillovers.

The remaining parts of our paper are organized as follows. Section 2 presents
the data and details of our empirical strategy. Section 3 presents our main re-
sults and performs robustness checks. Section 4 decomposes the spillover across
products – separating out products that directly compete with those produced
by the French exporter. Section 5 decomposes the spillover across characteristics
of the exporter and the destination country, highlighting how the strength of the
spillover varies with both the quality of the exporter’s patents and the level of
technological development in the destination country.

2Our analysis uncovers a short-term effect corresponding to a 23% increase from the sample
mean, and a long-term effect of up to 107%, as opposed to the 71% short-term increase found in
MacGarvie (2006).
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2 Data and Methodology

2.1 Data

We build a database that covers all French firms and links export, production,
and innovation/citation data from 1994 to 2012. Our database is built from three
separate sources. First, detailed customs data provide information on French
exports by firm, destination country, and product (covering over 10,000 different
product categories consistent with 8-digit CN codes).3 From this database, we
extract the date of first entry into a foreign market for each firm (using exports in
1993 to infer entry in 1994).

Our second data source is the Insee-DGFiP administrative fiscal dataset (FICUS-
FARE). This dataset is drawn from compulsory reporting to fiscal authorities in
France, supplemented by further census data collected by Insee. We use this data
to assign each firm to a 4-digit (NACE) sector and compute their labor productiv-
ity as the ratio of value added over employment in full time equivalent.

Our third data source is the Spring 2016 PATSTAT dataset from the European
Patent Office. This dataset contains detailed information on all patent applica-
tions from most patent offices worldwide, including information on the network
of patent linkages via citations. We use it to measure the French firms’ patent
stocks and the citations from foreign inventors across countries to French firms’
patents and match them using the matching algorithm developed by Lequien et
al. (2019) and used in e.g. Aghion et al. (2022), which generates matches between
all French firms with more than ten employees and their patent applications. We
restrict the set of citations, i.e. new foreign patents citing a French patent, to
“triadic citations”, that is, a citation from a foreign patent belonging to a family
of triadic patents to a French patent. A family of triadic patents is a family of
patents (patents related to the same invention but filed in different patent offices)
that include publications in the European Patent Office (EPO), the Japan Patent
Office (JPO) and the United States Patent and Trademark Office (USPTO). Filing
applications in all three of those major patent offices represents a significant cost
for the patenting firm. Those patents represent innovations that were deemed
valuable enough to warrant the additional protection coverage (Lanjouw, 1998,
Harhoff et al., 2003, Squicciarini et al., 2013).

Patent citations are commonly utilized as indicators of the knowledge flow
between entities (Jaffe and Trajtenberg, 1999). However, not every citation neces-
sarily signifies a knowledge spillover between the owner of the citing patent and
the cited one. Instead, it may reflect the patent examiner’s awareness of prior art
that the inventor was not privy to (Alcacer and Gittelman, 2006). Within the PAT-
STAT patent database, citations fall into three primary categories (Figure A.1 in

3i.e. one extra level of disaggregation compared to HS6 UN Comtrade harmonized data. Cus-
toms data are from the Direction Générale des Douanes et Droits Indirects.
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Appendix A): (i) those added by the applicant prior to filing (approximately 34%),
(ii) those included during the patent office’s initial search process (around 80%),
and (iii) those inserted by the examiner (about 0.5%). Yet, even if a citation is not
directly added by the applicant, the latter sometimes discloses to the patent of-
fice “the trade names and providers of any goods or services in competition with
the goods” that inspired the invention. The patent office then finds the relevant
patent and adds the citation. In this case, the patent added by the patent office
during the search may still reflect knowledge spillovers between patent owners.
Nevertheless, we check the robustness of our main result by estimating our base-
line model on a sub-sample restricted to citations added by the applicant. We find
similar effects that follow the same dynamics with the same order of magnitude.

The patent data also provide us with the main technological field of each
patent as defined by the World Patent Intellectual Property Organisation. This
classification assigns the finer International Patent Classification (IPC) codes to 35
large categories - “technological fields” - that balance both size and homogeneity.
We use this patent level information to assign a technological field to each firm
based on the most frequent field in its stock of patents.

Finally, we identify the French exporters’ foreign affiliates using the Insee LIFI
dataset. Specifically, we use the “fichier des entreprises” table to back out the date
when a French parent company opens or acquires an affiliate in a foreign country.

We seek to measure the knowledge spillovers from new French exporters-
innovators who enter an export destination during our 1995-2012 sample years.
There are 6,753 such firms who enter one of 156 destinations during our sample
years and own at least one patent. Those firms account for 125,700 patents that
have generated 614,847 citations (new patents) in foreign destinations. Those
entries represent 139,954 potential knowledge spillover links between a foreign
patent and a French firm.

2.2 Identification strategy

We want to measure how a French firm’s entry into a new export market affects
its flow of new citations (to its patents) from that destination. The most natural
approach is to aggregate our data at the firm-destination level. More specifically,
we estimate how a firm f ’s entry into a new export market j affects subsequent
citations Yf ,j,t in year t to its stock of existing patents received from firms located
in that destination j. Our baseline specification is:

Yf ,j,t = ∑
k>0

βk × 1E f ,j=t−k + χ( f , j, t) + ε f ,j,t. (1)

The generic control function χ( f , j, t) incorporates characteristics of the firm f and
destination market j in year t. In this baseline specification, we use a set of firm-
year and destination-technological field-year fixed effects. The main coefficients
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of interest βk capture the additional citations that can be linked to firm f ’s export
market entry k years before the citation date t (entry in year t− k).

We use a DiD estimation with a staggered treatment adoption design, which
relies on variation in the year of export market entry for a firm. The identifying as-
sumption is the existence of a common trend between entrants and non-entrants:
inventors in a destination j would have cited French entrants at the same rate as
non-entrants had the French firms not entered that destination.

Two reasons support this assumption: First, the sample is restricted to innova-
tive active exporters (firms with a positive stock of patents that export during the
sample period) and firm-destination pairs that are eventually “treated” by export
market entry. Within this relatively more homogeneous sample, we only exploit
differences in the timing of entry between two or more export destinations for a
given firm. Second, there are no discernible pre-tends linking the entry decision
to prior citations.

We implement the de Chaisemartin and d’Haultfoeuille (2020) DiD estimator.
This estimation accounts for potential weighting issues that arise with the stan-
dard DiD estimator (see for instance Callaway and Sant’Anna, 2019 and Goodman-
Bacon, 2018).4 Thus we estimate βk in equation (1) using:

DIDk =
T

∑
t=0

Nk
t

NDIDk

DIDt,k, (2)

where

DIDt,k = ∑
f ,j:E f ,j=t−k

1
Nk

t
(

Now︷︸︸︷
Ỹf ,j,t−

Before︷       ︸︸       ︷
Ỹf ,j,t−k−1)︸                                         ︷︷                                         ︸

Treated

− ∑
f ,j:E f ,j>t

1
Nnt

t
(

Now︷︸︸︷
Ỹf ,j,t−

Before︷       ︸︸       ︷
Ỹf ,j,t−k−1)︸                                       ︷︷                                       ︸

Not yet Treated

, (3)

where Nk
t denotes the number of firm-destination links treated at date t− k and

NDIDk = ∑t Nk
t . Ỹ is the residualized outcome over a set of fixed effects. In our

baseline regression, we include firm-year and destination-technological field-year
fixed effects. These capture global innovation shocks in a given market and the
firm’s innovation intensity. We compute a relatively large set of lags and leads in
order to capture the full evolution of citations to firm f ’s patents following its

4In particular de Chaisemartin and d’Haultfoeuille (2020) show that the coefficients identified
by the canonical two-way fixed effect (TWFE) estimator capture a combination of the actual treat-
ment effects and of “weights” effects. In the case of a staggered design, the TWFE mechanically
computes negative weights for some periods and groups. In some cases this may result in neg-
ative estimated coefficients when the treatment effects are in fact positive. This problem is more
acute in the presence of treatment effect heterogeneity, either across groups or across periods. The
methodology developed in de Chaisemartin and d’Haultfoeuille (2020), which we follow here, is
meant to avoid this problem.
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entry into destination j. We cluster standard errors at the destination-sector level
as we expect that entry by French firms is not randomly assigned across those
markets. This allows for auto-correlation and correlation of the error terms across
exporters in this cluster.

In our baseline, we estimate DIDk with the outcome variables Ỹ measured in
levels as the number of triadic citations. Thus, ∆Ỹ captures the average change
for the treated destination-firm pairs relative to the untreated. As opposed to a
measure in logs, we do not need to drop observations with zero citation flows. We
expect a lower frequency of zeroes from the treated destination following entry.
Dropping those observations would bias DIDt,k toward zero. We show that these
results are robust to functional form misspecification in Section 3.2 and to the use
of various other transformations for the left-hand side variable in Section B.6.

3 Results

3.1 Baseline firm-level results

We estimate the parameters DIDk from Equation (1) and report their values D̂IDk
and associated 99% confidence intervals in Figure 2. Recall that k = 0 marks
the first year a firm exports to country j. The outcome variable is the count
of triadic citations to the French firm’s patents. In the regression, we control
for destination-technological field-year and for firm-year fixed effects. Standard
errors are clustered at the destination-sector level.

As we see in Figure 2, the estimates for the pre-entry coefficients are not sig-
nificantly different from zero: in other words, there are no pre-trends. Starting
2 years after export market entry, the estimates for the post-entry coefficients
are significantly positive, reflecting the time lag for inventors in the destination
to build upon the exporter’s technology. The triadic citations then steadily and
sharply increase over time until they eventually peter out 11 years after entry. This
shows that the trade-induced technological spillovers lead to long-lasting bursts
of innovation in the destination country.

Magnitude Quantitatively, new exporters receive on average an additional 0.067
citations for their patents from that destination during the 12 years after entry
(compared to a destination that the firm has not yet entered at that time). This
corresponds to a 99.1% increase from the 0.068 mean citation rate in our sample.

To assess the magnitude of the full treatment effect, we compute the sum of
coefficients at different horizons, starting from the year of treatment. After 6 years,
we find a cumulative coefficient of 0.175. Over this 6 year time window post-
entry, a new exporter receives an average of 0.583 citations from that destination,
whereas a non-exporter (to that destination) receives an average of 0.408 citations.
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Figure 2: Baseline estimation of the effect of entry on citations
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Notes: This figure presents estimates of the coefficient DIDk from Equation (2). The x-axis
represents the value of k, k = 0 being the first year the firm exports to country j. 99% error bands,
computed with robust standard errors clustered at the destination-sector level, are displayed as
blue brackets.

This corresponds to a 71.1% higher level of citations from the destination country.
After 12 years, the cumulative coefficient is 0.876. A new exporter receives an
average of 1.692 citations from that destination, whereas the non-exporter receives
an average of 0.816 citations. Those results and results for other time horizons are
presented in Table B.1 in Appendix B.1.

3.2 Entry and the distribution of citation counts

The effect of export market entry on the number of citations to the new exporter
may be driven either by an “extensive margin” effect – entry into a destination
induces the exporter’s patents to be cited for the first time in that destination – or
it may be driven by an “intensive margin” effect – the exporter’s citations in a des-
tination increase with entry from a positive base level. To quantify those margins,
we use the “distribution regression” method developed in Chernozhukov et al.
(2013) to estimate the entire conditional distribution of the citation count variable
Y. Importantly, this does not require the outcome to have a smooth conditional
density as in quantile regressions.

In Figure 3a, each point is estimated using a linear probability model. This
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corresponds to the effect for the probability of the exporter accumulating more
citations than the indicated value (horizontal axis) six years after entry. The
fixed effects are the same as in the baseline regression (firm-year and destination-
technological field-year) and we once again cluster the standard errors at the
destination-sector level (the blue bands show the 99% confidence intervals). The
first coefficient corresponds to a regression where the outcome variable is a dummy
that is set to one when the citation rate is strictly greater than zero. This is the ex-
tensive margin. We find that entry increases the probability of being cited by 0.3
percentage points (p.p.) after 6 years relative to a base probability of 1.4%. The ef-
fect is similar for low (below 5)—but positive—citation counts, but then decreases
for higher citation counts. Entry increases the probability of receiving more than
10 citations by only 0.12 p.p.; and it increases the probability of receiving more
than 20 citations by just 0.05 p.p.. Yet, those lower effects remain significant over
the entire distribution of citation counts. We report the full dynamic response
for selected citation count thresholds in Appendix B.2. The extensive margin ef-
fect on the probability of receiving at least 1 citation increases with time and is
the highest after 8 years (+ 0.7 p.p.). To summarize, export market entry has a
much more substantial impact on the extensive margin of citations (the exporter’s
patent first being cited in the destination) than on the intensive margin (further
increases in the exporter’s citation counts).

In Figure 3b, we plot the sample cumulative distribution for citations in red.
This is computed only on not yet treated observations. The counterfactual dis-
tribution is plotted in blue. It is obtained by taking the sample distribution and
adding the coefficients from the top panel, thereby including the impact of entry.5

3.3 Robustness checks

Our findings are robust to the choice of functional form for the left-hand side
variable (Figure B.5), to alternate fixed effects specifications (Figure B.7), to using
the Borusyak et al. (2021)’s DiD estimator (Figure B.6), to dropping from the
sample the citations added by either the patent office or the patent examiner
(Figure B.2), and to keeping only the patents filed prior to entry (Figure B.3). We
also show that while opening an affiliate in a given country is associated with an
increase in citations to the parent company from this country (Figure B.8), this
mechanism does not drive our results: they are robust to restricting our sample to
destinations with no affiliate links with the exporter. This controls for citations by
affiliates back to patents owned by their parent company (assuming the French
exporter is ultimate parent/owner of the multinational network, see Figure B.4).

5As the sample cumulative distribution function shows, triadic citations are rare events. They
become less rare after entry. While this is especially true for firms receiving a small number of
triadic citations, it is striking that virtually no firm receives a large number of triadic citations
from a country where it has not exported to yet.
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Figure 3: Effect of Entry on the Distribution of Citations per Firms
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4 The Channels for Knowledge Spillovers

The knowledge spillovers we have uncovered could be driven by horizontal com-
petition forces, by vertical production incentives, or by other synergies that cannot
be attributed to either of those channels. An example of the horizontal channel
is a new patent related to a product that is similar to the one produced by the
new French exporter. An example of the vertical channel is a new patent related
to an upstream or downstream product relative to the one produced by the new
French exporter. In this section, we evaluate the relative magnitude of these chan-
nels for knowledge spillovers. We also further separate out knowledge spillovers
that are associated with multinational ties between the French exporter and the
destination, regardless of whether the channel is horizontal or vertical.

4.1 Descriptive statistics

In order to measure the contribution of those distinct spillover channels, we first
need to classify the cited and citing patents according to the products with which
they are associated. We start with the most detailed technological IPC codes of
each patent in our database and convert it into a 6-digit HS product code and then
associate this product with an end-use category: consumption, intermediate pro-
cessed, intermediate primary, and capital.6 We attribute the spillover to the hori-
zontal competition channel when the cited-citing patents share the same product
code. We then attribute the spillover to the vertical channel when the patent pair
have different end-use categories. This leaves a group of “non-competing” patent
pairs that share the same end-use category but have different product codes. Fi-
nally, any citations from the previous categories where the citing patent desti-
nation contains affiliates of the French exporter is assigned to a fourth category,
which thus captures within-firm knowledge flows in addition to pure spillovers.

Figure B.10a reports the frequency of the cited-citing pairs using all end-use
categories, further separating out pairs related to the same product code and to
the same multinational network. Figure B.10b reports the frequency across the ag-
gregated groups that we defined previously: the bulk of the patent pairs (79%) are
associated with non-competing products, split relatively evenly between patent
pairs with the same end-use category (horizontal) and different end-use cate-
gories (vertical). 11% of the cited-citing patent pairs are associated with compet-
ing products. And the remaining 10% of the patent pairs involve French exporters
that own an affiliate in the destination country, hence spillovers associated with
these pairs are more likely to reflect intra-firm knowledge transfers.

6See Appendix A for details on this overall mapping procedure.
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4.2 Regression results

We use our baseline identification strategy to measure the effect of export entry
on the spillover channel towards the citing firms in the destination countries. We
deviate from our baseline in one respect: we normalize the flow of citations for
each type by the pre-entry average citation rate for that specific type. This allows
us to compare spillover effects across the different groups of cited-citing patent
pairs. We index the groups previously defined and used in Figure B.10b by c. The
outcome variable yc

f ,j,t is the raw citation counts to exporter f ’s patents coming
from destination j in year t, divided by the average pre-entry citation rate for the
corresponding type c. Thus, we estimate:

yc
f ,j,t = ∑

k>0
βc

k1E f ,j=t−k + χ( f , j, t) + ε f ,j,t. (4)

Figure 4 summarizes the estimation results. It shows that export entry has a
positive and significant impact on all three types of knowledge spillovers.7 How-
ever, the spillovers from the two “non-competing” channels – both horizontal and
vertical – are larger. Those differences between each of the two “non-competing”
channels and the “competing” (same product) one are significant in most of the
later years, four or more years after export market entry.8

7The impact is even larger for the fourth group corresponding with destinations with affiliates,
as it cumulates pure spillovers effects with within-firm citations.

8See Appendix B.9 for details.
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Figure 4: Knowledge spillovers by channel
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Notes: Figure 4 presents estimates of the coefficient βc
k from Equation (4) for each sub-sample of

diffusion channels. 99% confidence interval are presented. Standard errors are clustered at the
destination-sector level.

5 Knowledge spillovers and technology gaps between
exporter and destination

In this section, we investigate how knowledge spillovers vary with the technology
gap between the exporter and the corresponding sectors in the destination. We
measure those gaps using the average difference in patent quality between France
and the destination in each technological field.

Our conjecture is that it should be more difficult for innovators in destinations
with technologies far behind the French ones to absorb and build upon them.9

At the other extreme, innovators in destinations with technologies closer to the
technological frontier than the French ones should find little or less value in in-
novating upon them. Accordingly, destinations with technologies closer to the
French ones should exhibit the highest spillovers.

9In line with the theory of Aghion et al. (2005). See also Van Patten (2021) for a framework that
incorporates heterogeneous learning abilities among importers.
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5.1 Measuring the technology gaps

To test this conjecture, we follow the innovation literature and the OECD patent
data manual to construct a measure of patent quality based on a patent’s for-
ward citations. However, it is well known that propensity to patent and cite vary
strongly from one technology to another and from one country to another. There-
fore, we proceed as follows. For each technological field and destination, we
measure proximity to the technology frontier using the number of all citations
received from USPTO patents and standardize this number by the number of ci-
tations during the same period to USPTO patents in the same technological field
and coming from all USPTO patents (denoted QUALi,j).10 We then measure the
proximity to the technology frontier in the same way for the French firm using
the French proximity to the frontier for each of the technological fields of the
firm’s patent portfolio (denoted QUALi,FR). We then construct the technology
gap as the difference in those ratios, destination versus France, for the exporter’s
technological fields. We therefore use the US as a benchmark to standardize the
count of citations in each technology and country. In Appendix C, we show that
the citation share from the United States is a good proxy for the distance to the
technological frontier for the French exporters: The correlation between that cita-
tion share and the exporters’ labor productivity growth is positive and significant.
We also construct a different measure of patent quality based on the number of
patent offices protecting the firm’s patents; and then show that we can replicate
all of our main results using this alternate measure (see Appendix D).

In practice, we proceed in three steps: (i) We collect all the technological field
codes for each cited and citing patent in our dataset. (ii) For each destination-
technological field pairs, we compute the ratio of citations received from U.S.
patents to all citations from U.S. patents to U.S. patents in the same technological
field (we use 3-digit IPC codes) over the period 2000-2010; and repeat this exer-
cise for France. Then, in order to aggregate this measure at the firm level, we
consider a weighted average of the difference between QUALi,j in the destination
j , France and QUALi,FR across firm f ’s technological fields:11

GAPj, f = ∑
i

wi, f
(
QUALi,j −QUALi,FR

)
.

10Formally, for any technology i and country j, we calculate the proximity to the frontier as:

QUALi,j =
∑p∈(US,.) ∑p′∈(j,i) Cit(p, p′)

∑p∈(US,.) ∑p′∈(US,i) Cit(p, p′)
,

where Cit(p, p′) is an indicator equal to one if patent p (filed at the USPTO regardless of the
technological field) cites patent p′ (in country j and technological field i).

11We proxy firm f ’s technological quality by its exposure to the quality of French technological
fields. The more a firm patents in technological fields where France gets a high share of U.S.
citations, the higher its measure of quality is.

16



The firm-level technological field weight wi, f is computed using the count of that
technological field’s appearance in the portfolio of the firm’s patents – expressed
as a share of the total count. For example, if the car technological field appears
twice and the GPS technological field appears once in the full firm’s patent history,
then the car and GPS technological fields are assigned weights of 2/3 and 1/3.

Figure C.2 in Appendix C shows the cumulative distribution of GAPj, f . Ap-
proximately 90% of the destinations have negative technology gaps with the cor-
responding French exporter. For 50% of those destinations, the gap is greater than
30 citations per thousand US citations.

5.2 Knowledge spillover and absorptive capacity

As we previously motivated, we anticipate that destinations with technologies
that are closer to those of the French exporter will exhibit the highest spillovers.
In other words, that destination’s absorptive capacity for the knowledge spillover
is highest relative to destinations with technologies that are either far below or far
above the French exporter’s technology. To test this, we use our technology gap
measure to estimate:

Yf ,j,t = ∑
k>0

(
βk × 1E f ,j=t−k + γ

g
k GAPg

f ,j × 1E f ,j=t−k

)
+ χ( f , j, t) + ε f ,j,t, (5)

where γ
g
k is a time varying coefficient that represents the effect of entry at differ-

ent technology gap values g, GAPg
f ,j. To capture the possibility of a non-linear

relationship between the technological gap and the trade-induced knowledge
spillovers Yf ,j,t from the exporter f to destination j, we combine the DiD estimator
from de Chaisemartin and d’Haultfoeuille (2020) with a local linear estimator. In
words, we estimate a sequence of DiD coefficients locally at various points in the
distribution of GAPg

f ,j.

The results are shown graphically in Figure 5. We find strong evidence that the
strength of the spillovers is hump-shaped in the destination’s absorptive capacity
relative to the new French exporter. Theoretically, there is no reason to expect
that peak spillovers occur when the technology gap between the destination and
the French exporter is zero: there are forces pushing down the spillover for des-
tinations with large positive or negative gaps, but no reason to expect that those
forces are symmetric. Empirically, we find that they are not: the peak spillovers
occur for destinations that lag behind by 30 US citations per thousand citations.
This is the median technology gap in our sample. Figure 5 clearly highlights how
the strength of those spillovers decreases for destinations with both higher and
lower levels of technology gaps. For destinations with positive technology gaps,
the spillover effect is nonetheless still positive and significant. For destinations
with the lowest negative technology gaps below −70 , accounting for roughly 5%
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of our sample, the spillover is no longer significantly different from zero.

Figure 5: Technology gap and the effect of entry on citations
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Notes: This figure presents estimates of the coefficient γk=6 from Equation (5). This figure plots
the effect of the initial entry into a foreign destination estimated locally at a given point of the
distribution of the firm-destination technological distance. The dependant variable is the number
of citations. We use Gaussian weights with a bandwidth set to 5. 99% confidence interval are
presented. Standard errors are clustered at the destination-sector level.

6 Conclusion

Using French firm-level fiscal, customs, and patent citation data over the period
1995-2012, we estimate the impact of export market entry on the citations of the
exporter’s patents in the destination country. We find a positive and significant
effect of entry on those citations. Moreover: (i) entering a new foreign market has
a greater impact on the extensive margin – the probability of obtaining at least one
or a few triadic citations – than the intensive margin – the probability of obtaining
many citations; (ii) inventors in destination countries patent mostly in products
that do not directly compete with those of the exporting firm; (iii) the spillover
intensity is hump-shaped with respect to the technological distance between the
exporting firm and the destination country. Overall, our results validate the no-
tion that trade induces technological spillovers (in line with Coe and Helpman,
1995). And the results are also consistent with Cohen and Levinthal (1989)’s view
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that spillovers occur conditionally upon the recipient country exhibiting sufficient
absorptive capacity.

Our main finding that trade induces knowledge spillovers is in line with the
notion that trade is a source of cross-country convergence. In addition, fostering
development in the destination country increases the country’s ability to build
upon the innovations brought by foreign exporters, thus inducing a reinforcing
loop for productivity growth.
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APPENDIX

A Patent Data

Our patent data source is the Spring 2016 PATSTAT dataset from the European
Patent Office. This dataset contains detailed information on all patent applications
from most patent offices worldwide, including information on the network of
patent linkages via citations and the origin of these citations (see Figure A.1 and
discussion in Section 2). We use it to measure French firms’ patent stocks and
the citations from foreign inventors to French firms’ patents. PATSTAT is a set
of tables, each containing different types of information, that can be combined
together in many different ways. Table A.1 describes specifically which tables
were used in this paper.

Table A.1: PATSTAT

Table Content & Purpose
TLS201 Application filling date of each patent &

application authority of each patent to determine which patent
families are "triadic" (patents related to the same invention but
filed in at least the European Patent Office (EPO), the Japan
Patent Office (JPO) and the United States Patent and
Trademark Office (USPTO).

TLS207 List of applicants of each patent
TLS906 Country of residence of each applicant
TLS212 Citation linkage between each pairs of citing-cited patents

& nature of the citation (added by the applicant, the examiner, etc.)
TLS230 Aggregate technological field for each patent that we use to compute

the fixed effects.
TLS209 IPC technological codes associated with each patent. Used to

compute technological field to technological field citations
Notes: This table describes which PATSTAT tables were used in this paper.

Additionally, we convert IPC (International Patent Classification) technologi-
cal code to HS (Harmonized System) product code using the matching developed
by Lybbert and Zolas, 2014. Their probabilistic matching is based on the lex-
icographic proximity between industry and patent description. The HS codes
are then converted to BEC (Broad Economic Categories) end-use categories us-
ing the appropriate UNSTAT concordance table (https://unstats.un.org/unsd/
classifications/Econ).

Finally, each French firm has a unique identifying number (Siren) across all
French administrative databases while patent offices identify firms using only
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their name. We use the matching algorithm developed by Lequien et al. (2019) to
link each patent application with the Siren numbers of the corresponding French
firms.

Figure A.1: Citation Origins
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Notes: This figure shows who added the citation to a given patent. APP: Applicant added citations; ISR/PRS/SEA:
citations added during the 1st phase of the research for prior art by the patent office; EXA: Examiner added citations. A
citation may belong to several categories.

B Robustness

B.1 Cumulative results at different horizons

Table B.1: Results Summary

k = 3 k = 6 k = 9 k = 12
∑k DIDk 0.047 0.175 0.505 0.876
% Increase 23.09 42.82 82.45 107.34
E(C)× k 0.204 0.408 0.612 0.816

NOTE: This table presents estimates of the cumulutive effect ∑k>0 DIDk at different horizons
and its percentage increase relative to the sample mean.
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B.2 Distribution regressions: dynamic results

We reports the results from estimating the same specification as in Section 3.2 for
all pre- and post-entry coefficients for selected thresholds of the triadic citations
variable in Figure B.1.

Figure B.1: Fully dynamic distribution regressions
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Notes: This figure presents the results from estimating Equation (2) where the outcome variable
is a dummy variable equals to 1 when the French firm is cited more than a certain threshold of
citations by the destination country that year. Everything else in unchanged.

B.3 Citations added by the applicant

Here we estimate our baseline model, but we restrict our attention to citations
added by the foreign patent applicant, thus we ignore the citations added during
the initial search process by the patent office, and we also ignore the citations
added by the patent examiner. Fixed effects and the clustering of standard errors
remain the same as in the baseline regression. In Figure B.2 the outcome variable
is the raw count of triadic citations Y as in the baseline regression. Entry entails
a similar impact as in the baseline regression. We can therefore exclude that the
knowledge spillover we uncover only touches the patent examiner.

B.4 Citations to the pre-entry stock of patents

Keeping everything else unchanged, we now estimate the effect of entry on the
citations to the pre-entry stock of patents of the exporting firm. The export entry
generated exposure and citations to existing patents, as the positive coefficients
presented in Figure B.3 show.
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Figure B.2: Firm level regression - Applicant added Citations
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Notes: Panel B.2 presents the results from estimating Equation 2 after restricting citations to ap-
plicant added citations only. Everything else in unchanged.

B.5 Trade without affiliates

The affiliates of a French parent company may conduct R&D activity and would
naturally be inclined to cite intellectual property developed and owned by their
parent company. Furthermore with a foreign affiliate in a country, foreign firms in
this country may cite the French firm’s patents because they observe the produc-
tion process or the products sold directly and locally by the affiliate rather than
because they observe the exported product by the parent company. To account
for these mechanisms, we reproduce our baseline results on a sample restricted to
foreign destinations where the firm never opens an affiliate. As Figure B.4 shows
the dynamics pattern of citations remains the same as in the baseline specifica-
tion, even though the smaller coefficients indicate that part of the effect captured
in the baseline estimates might be due to affiliates innovating in the destination
country – which also constitutes a technological transfer.12

12Excluding countries with affiliates, 0.11 extra citations are recorded in the 10th year after
entry, which corresponds to an increase of 239% over the sample average of 0.046 citations. The
corresponding increase in the baseline regression is 410%.
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Figure B.3: Effect of entry on pre-entry patents
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Notes: This figure presents estimates of the coefficient DIDk from Equation (2). The sample
excludes citations to patents that did not exist at the time of entry. The x-axis represents the value
of k, k = 0 being the first year the firm exports to country j. 99% error bands, computed with
robust standard errors clustered at the destination-sector level, are displayed as blue brackets.

B.6 Different functional forms

We estimate Equation (2) replacing the triadic citation count Y by its inverse hy-
perbolic sinusH(C), by its cubic root and by log(1+Y) (Figure B.5). Each of those
transformations assigns slightly different weights to the intensive and extensive
margins (Chen and Roth, 2022). The results remain qualitatively the same as in
the baseline regression: flat pre-trends, a small initial increase in the outcome
variable, and a sharp increase after 2 years, which fades away after a decade.

B.7 Fixed Effects

In the main section, we showed results for the baseline specification where we
use fixed effects to account for firm dynamics and destination dynamics by in-
troducing both firm-year and country-technological field-year fixed effects. In
Figure B.7, we contrast our baseline results (in blue) with several other plausible
specifications. The results remain qualitatively the same: flat pre-trends, an effect
that increases over time, then partially fades away after a decade. When control-
ling for a firm-year-region fixed effect, the effect on citations appears much more
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Figure B.4: Excluding countries with affiliates
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Notes: This figure presents estimates of the coefficient DIDk from Equation (2). The sample
excludes the destination-firm pairs for destinations where the firm owns an affiliate. The x-axis
represents the value of k, k = 0 being the first year the firm exports to country j. 99% error bands,
computed with robust standard errors clustered at the destination-sector level, are displayed as
blue brackets.

persistent (red curve).

B.8 Affiliate induced spillovers

While it is not the main purpose of this paper, a by-product of our data collection
effort is that we can look at what happens to citation linkages after a French
parent company opens or acquire an affiliate in a foreign country. Using the
same identification strategy as the one we use to isolate the effect of trade on
knowledge diffusion, we provide some evidence that opening an affiliate in a
destination country also generates an increase in citations to the patents of the
parent company. This complements the results from Amiti et al. (2023) that shows
that domestic firms that start selling to foreign affiliates experience higher Total
Factor Productivity which the authors interpret as evidence of spillovers from
Foreign Direct Investment.
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Figure B.5: Other LHS functional forms
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Notes: Panel B.5a presents the results from estimating Equation (2) after transforming the out-
come variable with the Inverse Hyperbolic Sine. In Panel B.5b we use the cubic root of citations,
in Panel B.5c the log of 1+ the number of citations and in Panel B.5d a dummy variable equals to 1
when the French firm is cited by the destination country that year. Everything else in unchanged.

B.9 The Channels of knowledge spillovers

We estimate the following equation to formally test the statistical difference be-
tween the two “non-competing” products channels against the “competing” prod-
ucts channel, excluding the group with potential multinational connections:

ynon-competing
f ,j,t − ycompeting

f ,j,t = ∑
k>0

βc
k1E f ,j=t−k + χ( f , j, t) + ε f ,j,t. (6)

In this case, the coefficient βc
k captures the increased citation rate of each non-

competing channel (horizontal and vertical) relative to the competing channel.
As in our baseline model, we use the generic control function χ( f , j, t) for the
firm and destination controls: firm-year and destination-technological field-year
fixed effects.

The differences between each of the two “non-competing” channels and the
“competing” (same product) one are significant in most of the later years, four or
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Figure B.6: Baseline estimation of the effect of entry on citations
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Notes: This figure presents estimates obtained using the Borusyak et al. (2021) DiD estimator.
The x-axis represents the value of k, k = 0 being the first year the firm exports to country j. 99%
error bands, computed with robust standard errors clustered at the destination-sector level, are
displayed as blue brackets.

more years after export market entry.
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Figure B.7: Controlling for different fixed effects structures
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Notes: This figure presents estimates of the coefficients DIDk from Equation (2). The x-axis
represents the value of k, k = 0 being the first year the firm exports to country j. 99% error bands,
computed with robust standard errors clustered at the destination-sector level, are displayed
as blue brackets. This specification replaces the set of fixed effects with various combination:
firm-year + country-technological field-productivity decile-year in purple; firm-year + country-
sector-year in orange ; firm-region-year fixed effects in red. Region groups correspond to wide
geographical regions such North America, South America, Western Europe, etc. technological
field groups are built based on the technological field that a firm most frequently patents in.
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Figure B.8: Effect of opening an affiliate on citations
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Notes: This figure presents estimates of the coefficient DIDk from Equation (2). The x-axis
represents the value of k, k = 0 being the first year the firm declares owning an affiliate in
country j. 99% error bands, computed with robust standard errors clustered at the destination-
sector level, are displayed as blue brackets. This specification includes firm-year and destination-
technological field-year fixed effects as well as a control for the log(1+exports) to the destination
country.
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Figure B.9: Knowledge spillovers by channel
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Notes: This Figure presents estimates of the coefficient βc
k from Equation (6) where the dependant

variable is the difference between the two categories presented and the reference category -
“competing” (same product).

Figure B.10: Innovation Networks
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gregate categories (same products; different products, same end-use categories; different end-use
categories).
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C Citations from the US and productivity growth

Figure C.1 suggests that a high citation share from the US is a good proxy of
the distance to the technological frontier. Firms patenting in fields with a higher
share of US citations display higher labor productivity growth. A one standard
deviation higher citation rate from the US (e.g. going from the citation rate of the
chemical industry to that of the pharmaceutical industry) is associated with a 3.1
log percentage points higher growth rate of value-added per worker.

Figure C.1: Labor productivity growth and citations from the US
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Notes: This figure presents a binscatter of the standardized citation share from the US to French
firms (WQUAL f over 2000-2010) versus the observed labor productivity growth (100× log dif-
ference of value added per worker) of those firms over 2000-2010.
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Figure C.2: Distribution of technological distances
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Notes: This figure presents the CDF of the firm-destination measure of technological distance.
The measure is winsorized at the 2.5-97.5 level.

D Alternative way of measuring patent quality

D.1 Impact of the exporting firm’s patent quality

Measuring patent quality

We follow the OECD patent data manual to construct an alternative measure of
patent quality for the French exporting firm. We use the number of patent offices
the patent was submitted to by the firm. Submitting a patent to a higher number
of patent offices amounts to extending the geographical coverage of intellectual
property protection for the patent. Doing so is costly for the firm, hence the firm
will decide to incur the additional cost of applying to more patent offices only if
it anticipates the patent to be sufficiently successful, which we take as reflecting
the patent’s quality.

Figure D.1 shows the distribution of the number of patent office submissions
(over all patents of the firm and in log) for the French exporting firms. We see
that 25% of firms submit to only one patent office, 50% of firms submit to less
than 6 patent offices. Only 10% of firms submit to more than 66 offices.

We test whether the number of patent office submissions is truly related to
more common measures of firm quality. We first describe the relationship be-
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Figure D.1: Distribution of the number of patent offices used by firms
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Notes: This figure presents the cumulative distribution of the log of the number of patent offices
where firms apply for protection (summed over all patents).

tween the number of patent office submissions and firm level productivity mea-
sured by the value added divided by the number of employees. Figure D.2 depicts
a binscatter of the log of the number of patent offices against the log of the firm’s
value added per worker. Each dot corresponds to a bin that contains 2.5 percent
of the overall distribution of firm productivities. The figure shows that beyond
the 15th percentile of firm-level productivities, patent quality measured by the
number of patent offices is clearly positively correlated with labor productivity.

Next, one can look at the extent to which our measure of patent quality relates
to the firm’s ability and/or propensity to export to destinations that are further
away from France. In Figure D.3 we group firms according to the average distance
between France and the firms’ export markets. Each color represents a different
quartile on the scale of export distances. The figure shows a positive correlation
between our measure of patent quality and the average export distance of a firm,
which is consistent with the view that French firms with higher quality patents
are willing to pay a higher trade cost to reach more remote export markets.

To address the concern that our measure of patent quality could reflect firm
level characteristics other than patent quality per se, in Figure D.4 we regress the
number of patent offices on a set of fixed effects. The figure shows that around
60% of the variance in the number of patent offices is unexplained by aggregate
and firm level factors. Aggregate factors such as the year of application, techno-
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Figure D.2: Relationship between labor productivity and the firm-level average
number of patent offices per patent
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Notes: This figure presents a binscatter of the relationship between labor productivity and the
average number of patent offices per patent used by firms. Bin size is set at 2.5 percentiles.

logical fields and the interaction between the two, only explains about 17% of the
variance in the number of patent offices. A firm fixed effect only explains about
35% of the variance. The residual (60%), after controlling for all possible com-
binations of fixed effects, is by construction related to differences across patents
within firms.

Figure D.5 shows the relationship between the number of patent offices used
for a given patent and its total number of citations five years later. We see that the
more patent offices a patent is applied to, the more citations it collects.

Heterogeneous effect of entry with respect to patent quality

Overall, Figures D.2, D.3 and D.4 provide support to using the number of patent
offices per patent as a proxy for patent quality. We now look at the impact of a
firm’s average patent quality on how entry by firm affects subsequent citations
to its patents by firms in destination countries. Presumably, firms with higher
quality patents are more likely to induce follow-up innovations by firms in the
destination countries, and therefore to generate more citations to their patents. To
see this, we adapt the baseline regression to allow for varying coefficients with
respect to the quality of the exporting firm’s patents. More specifically, in Figure
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Figure D.3: Relationship between the average distance to their export market and
the firm average patent offices per patent
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Notes: cumulative distribution of the number of patent offices per patent where firms apply for
protection after grouping firms according to the average distance of their export market.

D.6 we combine the de Chaisemartin and d’Haultfoeuille (2020)’s estimator with
a local linear estimation and use a kernel re-weighting scheme across levels of
average patent quality. This kernel approach allows us to flexibly estimate the
functional form of the marginal effect of entry on subsequent patent citations by
firms in the destination countries, across level in average firm-level patent quality.
The kernel is estimated with a bandwidth of x.

Each point on the blue line in Figure D.6 corresponds to the effect of entry on
subsequent citations estimated at a given level of firm’s average patent quality.
We see that the higher the average quality of a French firm’s patents, the stronger
the effect of entry by that firm on subsequent citations by firms in the destination
countries.

D.2 Knowledge spillover and absorptive capacity

The transfer of knowledge from a French exporter to firms in the export destina-
tion 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 the French firm’s entry should
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Figure D.4: Variance decomposition of patent quality
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Notes: R2 of regressions where the LHS variable is the number of patent offices where a patent
is filed on various sets of fixed effects.

have a 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 13: 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.14

To test for a differential impact of entry on citations varying with a destina-
tion’s development level, we run a similar version of our baseline specification

13See Aghion et al., 2005. See also Van Patten (2021) for a framework that incorporates hetero-
geneous learning abilities among importers

14All 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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Figure D.5: Patent Citations and Number of Patent offices
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Notes: Binscatter of the number of patent offices where each patent was applied to and the
number of citations each patent got 5 years after the application date.

described above. But we now allow for our coefficient of interest to vary across
the distribution of the destinations’ distance to the firm in terms of patent quality.
When the destination is far behind the firm, entry generates few citations (Figure
D.7). When the destination and the firm are closely matched, entry increases ci-
tation the most. The effect decreases as technological distance increases, though
it remains significantly positive.

D.3 Effect of entry on patent quality

Next, we look at the effect of the French firm’s average patent quality on the
quality of subsequent citations to the firm’s patents by firms in the destination
countries. For that purpose, we build a sample of all citations by firms in destina-
tion countries, not just the triadic citations used in our analysis so far. To measure
the quality of a citing patent, we again use the number of patent offices the patent
is submitted to: for example a citing patent submitted to one patent office counts
for 1, whereas a citing patent submitted to three patent offices counts for 3. This
gives us a quality weighted measure of citations.

We first estimate our baseline model with firm-year and destination-technological
field-year fixed effects, but with quality-weighted citing patents as left-hand side
variable. Figure D.8 shows that this quality-adjusted measure of subsequent cita-
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Figure D.6: Relationship between patent quality and the effect of entry on cita-
tions
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Notes: This figure presents estimates of the coefficient DIDk from Equation (2). The x-axis
represents the value of the moderating variable. The coefficients are estimated locally along
the support of the distribution of the firm level proxy for patent quality. 99% error bands,
computed with robust standard errors clustered at the destination-sector level, are displayed as
blue brackets.

tions evolves over time pretty much as the raw triadic citations to a French firm’s
patent in our baseline regression, namely: (i) the pre-trends are flat and precisely
estimated close to zero; (ii) the increase in quality-weighted citations is moder-
ate during the first few years after entry by the French firm into the new foreign
market; (iii) the quality-adjusted citations then increase sharply until year 10 after
entry.

We further decompose the impact of the French firm entry on the quality-
adjusted citations received from the destination countries into a “quantity com-
ponent”, the number of citations by firms in destination countries, and a “qual-
ity component”, the average number of patent offices per citation in destination
countries (Figure D.9). Most of the increase in quality-adjusted citations after en
entry comes from the quantity of citations. The quality contribution is positive
but barely significant. The magnitudes of the effects uncovered are very large: af-
ter ten years, the citation rate is multiplied by 5.7, and given an increase in quality
of 4.3%, the quality weighted citations are multiplied by 5.8.

Overall, the analysis in this subsection has several interesting implications.
First it helps rule out that subsequent innovations post-entry would be purely
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Figure D.7: Relationship between technological distance and the effect of entry
on citations
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Notes: This figure plots the effect of the initial entry into a foreign destination estimated locally
at a given point of the ex-ante distribution of the firm-destination technological distance. The
dependant variable is the number of citations. We use Gaussian weights with a bandwidth set
to 0.5. 99% confidence interval are presented. Standard errors are clustered at the sector-country
level.

defensive or marginal improvements with low potential: if anything the quality
of the citations increase with entry. Second, the higher effect of entry on citations
for firms with higher quality technology has important implication in terms of
“gains from trade”: not only do higher quality firms export to more destinations,
but they also generate higher spillovers on inventors in destination countries.
Additionally, such spillovers translate into both a higher number of citing patents
and a higher quality of citing patents by firms in destination countries.
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Figure D.8: Effect of Entry on quality weighted citations
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Notes: This figure presents estimates of the coefficient DIDk from Equation (2). The x-axis
represents the value of k, k = 0 being the first year the firm exports to country j. 99% error bands,
computed with robust standard errors clustered at the destination-sector level, are displayed as
blue brackets.

Figure D.9: Quantity versus Quality
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Notes: Panel D.9a presents the results from estimating Equation 2 with the count of citations as
outcome variable. Panel D.9b presents the results from the same estimation but with the citation
quality proxy as outcome variable.
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