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Abstract

This paper examines how the degree of stickiness in business relationships influences the
real impact of aggregate uncertainty. We first develop a novel index of relationship stick-
iness (RS) for more than 5,000 HS6 products based on the duration of firm-to-firm trade.
The RS measure is derived from a stylized search model in which a higher degree of stick-
iness implies a lower probability of switching and longer firm-to-firm trade relationships,
conditional on match quality. Relationship stickiness shapes the dynamics of firm-to-firm
relationships in response to uncertainty shocks. Uncertainty shocks induce a significant
and larger decrease in the rate at which new firm-to-firm relationships are formed in high-
RS product categories. The relationship between uncertainty and separation rates also
varies along the distribution of RS indices, the probability of a trade relationship ending
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being significantly reduced in sticky-product markets in uncertain times. These results
provide evidence that trade of sticky products is characterized by wait-and-see behaviors
during uncertainty episodes.
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1 Introduction

How do firm-to-firm relationships shape the response of international trade to macroeconomic
shocks? One defining characteristic of trade relationships is their degree of stickiness. Stan-
dard trade models assume transactions take place in spot markets where relationships can be
initiated or replaced at virtually no cost. Yet increasing evidence shows a number of product
markets display a large degree of stickiness that results in persistent firm-to-firm relation-
ships.1 Responding to macroeconomic shocks is likely to be more difficult for firms engaged
in such sticky relationships. One type of shock in which stickiness might be especially rel-
evant is uncertainty shocks. Following Dixit and Pindyck (1994), uncertainty indeed affects
investment behaviors by creating an option value of waiting. Such transmission of economic
shocks to the real economy is likely to be especially pervasive in the presence of relationship
stickiness.

In this paper, we study this question and make two main contributions. First, we provide
a novel measure of relationship stickiness recovered from unique firm-to-firm trade data. Sec-
ond, we study the transmission of uncertainty shocks to international trade in sticky-product
markets. Our measure of relationship stickiness (RS) exploits a rich panel of all firm-to-firm
relationships involving French exporters and their European partners over the 2002-2006 pe-
riod. We use the mean duration of trade relationships to back out a product-level measure of
relationship stickiness. Armed with this measure and external time-series of aggregate uncer-
tainty in various destination countries, we then study how trade adjusts to uncertainty shocks
and how the mechanism of the adjustment varies depending on the degree of product sticki-
ness. Uncertainty leads to a drop in the creation of new relationships and, in sticky-product
markets, a reduced separation rate within firm-to-firm relationships. Such adjustments are
consistent with wait-and-see behaviors in periods of high uncertainty in markets character-
ized by high relationship-specific investments. When comparing uncertainty shocks with GDP
shocks, we find such behaviors to be specific to uncertainty episodes.

Our measure of relationship stickiness builds on the idea that the duration of firm-to-firm
trade relationships conveys information on the relational specificity of products. The measure
is backed by a simple theoretical framework of firm-to-firm input trade. In this model, firms
receive offers randomly and decide to switch to a new input supplier whenever its offer is
sufficiently below the price charged by the buyer’s existing partner. In this environment, larger

1The literature uses several terms to characterize sticky trade relationships, notably investment specificity
(Feenstra and Hanson, 2005), relationship specificity (Nunn, 2007), locked-in effects (Antràs and Chor, 2013),
or input specificity (Barrot and Sauvagnat, 2016). Throughout the paper, we will refer to this characteristics
as relationship stickiness.
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switching costs and more frictions contribute to lengthening existing firm-to-firm relationships,
conditional on the quality of a match. The duration of relationships is thus a relevant moment
that can be exploited to recover a product-level measure of stickiness.2 For estimation, we
use French firm-to-firm export data, whose panel dimension allows us to follow importers over
time, and compute the duration of each of the importers’ relationships with a French firm. The
unique level of disaggregation of the data allows us to control for individual characteristics that
affect the quality of a match and contribute to the dispersion in the duration of relationships,
within a product category. After controlling for the quality of a match, we can use the
variability of average durations across products to recover a measure of relationship stickiness
(RS) for more than 5,000 HS6 products.

We present a body of evidence supporting the view that the recovered measure of rela-
tionship stickiness does capture relational specificity at the product level. First, we show
the measure is stable when computed from French exports to different destinations or over
different time periods.3 Second, we find the stickiness measure varies substantially across
sectors and across products within a sector. Specialty chemicals or parts and accessories that
entail large customization costs are found among the most sticky products, whereas motor
vehicles or men’s suits are among the least sticky products. Third, we show that our mea-
sure correlates with existing proxies for relationship specificity found in the literature. For
instance, it correlates with the measures developed by Rauch (1999) and Nunn (2007), but it
displays substantially more variability, notably within the group of manufacturing products.
More sticky categories also turn out to be more complex products, products with a smaller
elasticity of substitution, and products that are more upstream in the value chain. Fourth,
we find that the measure relates to product-level outcomes in a way that is consistent with
three theoretical results from the literature: sectors with more sticky products display a higher
share of intrafirm trade as predicted by Antràs and Chor (2013); relational stickiness interacts
with institutional quality to shape countries’ comparative advantages as in Levchenko (2007)
and Nunn (2007); and trade of more sticky products is more sensitive to distance, consistent
with the view that the information and monitoring costs related to distance are exacerbated
by relationship stickiness (Rauch, 1999; Head and Ries, 2008).

Armed with this novel measure, we study how relationship stickiness affects the adjustment

2The measure is thus backed out from the ex-post duration of firm-to-firm relationships. As a consequence,
it is agnostic about the exact microeconomic features that lead to such stickiness, which can be explained by
a combination of switching costs, relationship-specific sunk investments, information asymmetries, or informa-
tional frictions.

3We also show that the measure correlates with the duration of trade relationships between countries,
suggesting that our duration-based measure captures product characteristics that are not specific to France.
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of trade flows to uncertainty shocks. Uncertainty has been shown to be a potential threat to
economic growth, because it reduces firms’ incentive to invest (Bloom, 2009). Our analysis
focuses on one particular type of investments, namely, investments associated with the firm’s
international expansion. Indeed, international trade is associated with substantial sunk costs
that affect trade at the extensive margin. For this reason, uncertainty shocks have a large
effect on this dimension of firms’ activity (Novy and Taylor, 2019). We provide evidence
consistent with this view using highly disaggregated trade data.

We bring together micro data on firm-to-firm relationships and macro data on uncertainty
to quantify the trade impact of high-uncertainty episodes. Our analysis uses the “World
Uncertainty Index” developed by Ahir et al. (2019) to recover external measures of uncertainty
shocks. The database covers 143 countries, including 12 countries in our sample, from 1996
onwards, and measures uncertainty at a quarterly frequency using text-mining techniques
applied to the quarterly Economist Intelligence Unit (EIU) country reports. Based on this
database, we can construct a panel of “uncertainty shocks” that we merge with product-level
information on the number of new (and disrupted) relationships involving French firms and
their European partners, at a quarterly frequency.

Periods of high policy uncertainty systematically display a reduced number of new trade
relationships involving French exporters and European importers. Quantitative effects some-
what vary depending on the specification, with a contemporaneous effect estimated between
-1% and -9%, and a persistence over at least six months. More interestingly, we show that
the impact of uncertainty is especially pronounced in product markets that feature a high
degree of stickiness. The impact of uncertainty on the establishment of new firm-to-firm re-
lationships varies between -2% and -11% when moving from the first to the third quartile of
the distribution of RS, from the least to the most sticky markets. We also provide evidence
of separation rates being affected by uncertainty. Here, the qualitative impact varies along
the RS distribution. More uncertainty is associated with a higher probability of trade rela-
tionships ending in less sticky markets, whereas the separation rate is instead muted where
relationships are stickier, on average.4

In high-stickiness product markets, uncertainty episodes are thus associated with wait-
and-see behaviors that materialize in the data through muted adjustments at the extensive
margin. This finding is consistent with the view that such markets feature high costs of

4At first view, such a result may appear mechanical, because product markets that exhibit longer rela-
tionships are likely to adjust less at the extensive margin. However, the identification strategy adopted to
estimate this effect uses the variability across relationships within a product. The systematic cross-product
heterogeneity in separation rates that contributes to the dispersion in RS indicators is thus controlled for and
does not contribute to the identification of a trade response to uncertainty shocks.
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switching from one supplier to another. Because the option value of staying with an existing
partner increases in periods of high uncertainty, we observe less turnover in firm-to-firm
relationships in risky times in markets characterized by such high switching costs. Stickiness
in firm-to-firm relationships is a significant driver of the response of the economy to policy
uncertainty.5

We conclude the analysis by studying the implications of these results for trade growth.
Consistent with the previous literature, we estimate a -12 pp response of product-level trade
growth to uncertainty episodes. The vast majority of this effect is driven by a lower net entry
of firm-to-firm relationships, which is especially pronounced in sticky markets. Interestingly,
we can compare our results with those associated with a shock to the level of growth in
the destination. Episodes of low growth are also associated with significantly less product-
level trade. But around 50% of the effect is driven by the intensive margin, especially in
sticky-product markets. This finding echoes the argument in Antras (2020) that severe but
temporary shocks such as the 2008-09 trade collapse or the COVID-crisis are unlikely to
change firms’ sourcing strategies due to stickiness in trade relationships (in particular in global
value chains). Our finding that adverse shocks lead to a slow-down in the creation of new
relationships and, for shocks to the level of demand, a sharp drop along the intensive margin,
but that they are not associated with a strong increase in the disruption of firm-to-firm trade
relationships in sticky products, is consistent with this view.

Related literature. The paper contributes primarily to two strands of the literature,
namely, the trade literature on relation-specific investments, and the macroeconomics litera-
ture on uncertainty and the business cycle. The importance of stickiness in an international
context has been underlined repeatedly. The interplay of relation specificity with the legal
environment shapes the specialization of countries (Levchenko, 2007; Nunn, 2007), and asso-
ciated welfare gains (Chor and Ma, 2020). The degree of relation specificity also governs the
decision to integrate suppliers at home or abroad (Acemoglu et al., 2009; Antràs and Chor,
2013). Last, the purpose and optimal design of trade policy depends on the specificity of
business relationships (Antràs and Staiger, 2012).6

In this literature, relationship specificity is usually proxied using either the measure de-
veloped by Rauch (1999), or the measure developed by Nunn (2007).7 Our contribution to

5A corollary of our results is that uncertainty is especially costly for firms engaged in global value chains,
whose products are characterized by a high degree of stickiness (Antràs and Chor, 2013).

6Outside of the trade literature, input specificity has also been shown to be a significant determinant of
the propagation of shocks in value chains (Barrot and Sauvagnat, 2016). And Hémous and Olsen (2018) study
how stickiness in business relationships can affect innovation incentives.

7Other related measures have been developed, including the Herfindahl index of intermediate input use
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this literature is a novel measure of product relationship specificity at a disaggregated level
recovered from the duration of firm-to-firm trade relationships. The measures developed by
Rauch (1999) and Nunn (2007) rely on a characterization of the markets on which products
are traded. Rauch’s measure is based on hand classification of product categories across three
groups: differentiated products, products traded in organized markets, and products with
posted prices. Nunn’s measure uses Rauch’s classification to assess the specificity of inputs
entering production processes, a good being called more “specific” when its production is
more intensive in differentiated inputs. Whereas such classifications have proved useful, we
propose a measure computed at a finer level of disaggregation and that captures the impact
of a wider set of product-market characteristics contributing to stickiness.

From this point of view, the closest paper to ours is Monarch (2014), who structurally
estimates the cost of switching across Chinese suppliers for US importers. The author finds
that halving switching costs would reduce the US-China import price index by 15%. Because of
computational issues, he focuses on 50 exported products. We develop a less computationally
demanding procedure to estimate these costs, which allows us to recover them for a wide
range of products.8 Furthermore, we work with highly disaggregated seller-buyer relationships
observed over various destinations. Doing so allows us to purge our measure from country-
specific costs and obtain a measure of relationship stickiness at the fine product level.9

Our paper also contributes to the literature on uncertainty and economic growth. Follow-
ing the seminal contribution by Dixit and Pindyck (1994), a large theoretical and empirical
literature has emerged, that studies the consequences of uncertainty in macroeconomics. At
the microeconomic level, uncertainty is empirically shown to affect the relationship between

(Levchenko, 2007), the share of wholesalers importing a product (Bernard et al., 2010), suppliers’ R&D expenses
and the number of patents that they issued (Barrot and Sauvagnat, 2016), or the distance to final demand
(Antràs et al., 2012). Chor and Ma (2020) develop a measure of contractibility in the spirit of Nunn (2007).

8In this procedure, relationship stickiness is evaluated in relative terms along the distribution of products.
As a consequence, we cannot directly interpret our estimates in terms of a monetary switching cost, which
Monarch (2014) can do. We have checked that, for the 44 products that we can match with his estimates, the
correlation between his and our measures is positive.

9The present paper further contributes to the large literature on the duration of trade relationships. The
literature has mainly focused on the impact of size, distance, and product differentiation on the duration of
trade relationships (e.g., Besedes and Prusa, 2006). Whereas most of the papers in the literature look at the
duration of trade flows at the product-level, Schmidt-Eisenlohr and Monarch (2015) and Heise (2016) instead
exploit firm-to-firm data, as we do. Schmidt-Eisenlohr and Monarch (2015) show the survival probability of
seller-buyer relationships increases with their size and age, using matched US importer-exporter data. And
Heise (2016) studies the systematic relationship between exchange-rate pass-through and the duration of firm-
to-firm relationships. Instead, we use the duration of seller-buyer relationships in international markets to back
out a measure of relationship stickiness, controlling for individual characteristics.
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patenting and firms’ productivity (Bloom and Reenen, 2002), the responsiveness of invest-
ment to demand shocks (Bloom et al., 2007), or hiring decisions (?). In the aggregate, the
level of policy uncertainty affects aggregate output and employment (Bloom, 2009). Closer to
us is the literature on uncertainty and trade. Novy and Taylor (2019) link uncertainty to the
volatility of international trade. A series of papers discuss the reduction in policy uncertainty
induced by Portugal’s accession to the European Community (Handley and Limao, 2015), and
China’s entry into the WTO (Handley and Limao, 2017a; Pierce and Schott, 2016), and how
it explains the boom in exports after entry. Several papers have also explored the impact of
Brexit-driven uncertainty on trade. Graziano et al. (2018), Ahmad et al. (2020), and Exton
and Rigo (2020) document significant extensive and intensive responses of product-level trade
flows to changes in uncertainty tied to the Brexit. In comparison with this literature, we
provide further evidence that uncertainty affects trade at the firm-to-firm extensive margin
and that the effect is more pronounced in stickier product markets. Consistent with Carballo
et al. (2018), we find uncertainty affects trade flows through the extensive margin.

The rest of the paper is organized as follows. Section 2 describes the firm-to-firm data used
throughout the paper, and provides stylized facts on the structure and duration of firm-to-firm
relationships. Section 3 derives our measure of relationship stickiness from a parsimonious
search model, explains how it is estimated, and discusses how it compares with alternative
measures used in the related literature. Section 4 is devoted to the empirical investigation of
the trade impact of policy uncertainty. Finally, section 5 concludes.

2 Data

2.1 Dataset

Both our measure of relationship stickiness and the empirical analysis based on this measure
take advantage of a panel of firm-to-firm trade data provided to us by the French customs and
described in Bergounhon et al. (2018). The dataset covers each export transaction between
French firms and their individual partners in the EU. Importantly, the data identify and
follow over time both firms involved in the transaction, the exporting French firm and its
client. Each transaction is also characterized by a product category (at the 8-digit level of the
European combined nomenclature), a date (month and year), and the value of the shipment
(in euros). The dataset covers the period from 1993 to 2017, but the analysis exploits various
sub-periods. The main reason we do not work on the whole panel is that the nomenclature
for product categories, which is exploited to characterize product markets by their stickiness,
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changes over time.10 As a consequence, we use the harmonization algorithm described in
Behrens et al. (2018) to recover time-invariant product categories. The induced information
loss is minimized when the algorithm is applied over shorter horizons, which explains that we
work on various sub-periods.11 In the baseline specification, relationship stickiness is measured
using data from 1996 to 2006, with left-censoring controlled for using pre-1996 data. We also
check the robustness over time, using the 2011-2017 period as an alternative.12 Armed with
the corresponding measures of relationship stickiness, we then assess the role of uncertainty
on the dynamics of firm-to-firm relationships using data over 2000-2010 and 2011-2017.

For each product category, we observe all firm-to-firm relationships involving a French
exporter and a European buyer, over time.13 However, we do not observe another interesting
part of the network, namely, transactions between foreign importers and their non-French
suppliers. Over 1996-2006, we observe as many as 101 millions firm-to-firm transactions.
Table B.5 in Appendix provides descriptive statistics on the dimensionality of the data, in
the overall EU as well as in each destination. We observe almost 110,000 different French
exporters over the period, that interact with 1.7 million foreign importers. Many of these firms
sell/purchase several products so that the dimensionality increases by an order of magnitude
once products are controlled for (columns (4) and (5)). Finally, we observe a total of 19.5
millions firm-to-firm relationships that thus interact in over five transactions, on average.14

2.2 Structure of the firm-to-firm data

Although the dimensionality of the data is important, not all transactions are used in the
estimation sample. In particular, the estimation of relationship stickiness neglects all buyers
that we observe over a single transaction throughout the period under study. These one-shot

10Another constraint that we take into account while selecting the sub-periods of analysis is a discontinuity
in the data between 2010 and 2011 attributable to a change in the declaration threshold above which firms
report the type of products being exported.

11See the discussion in Bergounhon et al. (2018) of the trade-off incurred when working with such harmo-
nization algorithms, between working on longer periods, and maintaining the granularity of the (harmonized)
product classification.

12The 2011-2017 sample comes with some caveats as the threshold to declare the product category of exports
has jumped from 150K euros per year to 460K euros in 2011. This change in threshold raises concerns properly
identifying the beginning or the end of trade relationships.

13Whereas the dataset is exhaustive, exports from the smallest French exporters cannot be exploited, because
these firms are allowed to complete a simplified form that does not specify the product category. In 2007, the
simplified regime concerned 21,616 exporters (out of 66,131), accounting for 2% of transactions and .5% of the
value of French exports.

14The data do not allow us to distinguish between arm’s length and intrafirm trade. Some of these firm-to-
firm relationships may thus involve affiliates of the same multinational firm.
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buyers represent as much as 44% of the importers in the raw data (see Figure B.1 in Appendix)
and 1.5% of the value of trade. The reason we abstract from these one-time transactions is
that our empirical strategy is based on the duration of a relationship that is not defined when
the importer is observed just once. One may argue that neglecting these transactions biases
our measure of stickiness up because these firms may have switched to a non-French partner
immediately after their first transaction. But censoring at the beginning and end of the period
is also likely to generate a lot of these observations.15 Our strategy thus consists of ignoring
these transactions to estimate the degree of stickiness at the product level and using them
ex-post to check whether they indeed are concentrated in those sectors that we find display
less stickiness. As expected, we find one-shot buyers are more prevalent in markets featuring
a lower degree of stickiness.

The remaining foreign buyers also display considerable heterogeneity regarding the “inten-
sity” of their relationships with French exporters. This heterogeneity is illustrated in Figure
B.1. Fifteen percent of foreign buyers are observed over two transactions, with 20% of these
firms interacting twice with the same French firm and the rest switching between the first and
the second transactions. At the other side of the spectrum, about 15% of foreign buyers are
observed over more than 10 different transactions, often involving several partners.16 These
firms are good candidates for observing the duration of their relationships with French firms.

Figure 1 shows the distribution of the number of French partners with whom individual
buyers interact over their entire time in the dataset.17 Overall, 67% of buyers have a single
partner in France, whereas less than 7% have three partners or more (see the circles line).
Of course, interacting with a single partner in France is more likely to happen for firms
that are involved in a small number of transactions. The other three distributions thus use
information on the number of partners per buyer, for importers that are involved in at least 5,
10, or 50 transactions. Even within the subset of importers that we observe over as many as
50 transactions, we observe a third of “loyal” buyers that repeatedly interact with the same
exporter. Such behavior is consistent with the idea that some firm-to-firm relationships in
international markets are especially sticky. The question that the empirical analysis addresses
is whether this stickiness is systematically related to the specificities of some products or

15Indeed, we do observe that the time distribution of these one-time transactions is not homogenous across
years. In particular, the share of one-transaction buyers is significantly larger in the first and last periods of
the sample.

16Almost one out of 10 buyers observed over more than 10 transactions always interact with the same French
seller.

17Here and in the rest of the paper, statistics are based on the sub-sample that excludes buyers appearing
just once in the data.
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Figure 1: Distribution of the number of French partners, per buyer×product
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Notes: Cumulated distribution of the number of partners, per foreign buyer (×product). A partner
is a French exporting firm. The number of partners is calculated over the sub-sample of importers
that are involved in at least two transactions ("All") and at least 5, 10 and 50 transactions.

sectors.18

We terminate this raw description of the data structure with a last stylized fact later used
to motivate our econometric model. Namely, we now argue that the network under study
displays many-to-one matching, once the product dimension is controlled for. At a point in
time (defined by a particular month in a particular year), we observe most buyers purchasing a
particular product from a single seller, whereas sellers simultaneously serve several importers
(even within a country). This finding is illustrated in Figure 2, which shows the distribution in
the number of sellers interacting with a given importer during a particular month (top panel)
and the distribution in the number of partners from the same country a French exporter is
interacting with (bottom panel). More than 90% of importers have only one French supplier
for a given product within a given month. Even when we concentrate on importers that we
observe over many (i.e., at least 50) transactions, this proportion is high, above 80%. Instead,
26% of French exporters sell the same product within the same month to several partners
located in the same country, the proportion increasing to 55% when we pool partners located

18Some of these faithful relationships may take place within multinational companies. As explained in foot-
note 14, the data do not allow us to control for this possibility. We cannot exclude that relationship stickiness
emerges as a consequence of intra-firm trade (or vice-versa). We show estimated relationship stickiness is
indeed correlated with an (external) measure of intra-firm trade.
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Figure 2: Distribution of the number of partners, per buyer/seller and date
(month×year)
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("All") and at least 5, 10, and 50 transactions.
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in different countries.19,20 Given this data structure, the model in section 3 assumes many-to-
one matching with importers interacting with a single supplier at a point in time. When the
same importer is seen interacting with two different exporters within a month, we consider
the two transactions to be sequential with a duration of half a month for the first transaction.
In a robustness check, we have also tried removing from the estimation sample the 10% of
importers that we eventually see interacting with multiple sellers within a month. Results
available upon request are virtually unchanged.

2.3 Duration of firm-to-firm relationships

Using the time series of each buyer’s interactions with French firms, we are able to construct
the main statistic at the root of the estimation, namely, the duration of a buyer’s relationships
with French firms.21 Figure 3 and Table B.6 provide statistics on this variable. In Table B.6,
we take the perspective of a particular importer of a good and compute, for each of these
individuals, the mean duration of its relationships with French firms (“Mean duration”),
the frequency of its transactions with French firms (“Frequency of transactions”), and the
probability that, conditional on switching from one French exporter to another, it returns to
an exporter it had already interacted with in the past (“Proba Recall”). Figure 3 instead takes
the perspective of a single firm-to-firm (× product) relationship and computes durations, the
distribution of which is illustrated in the figure.

Statistics show considerable variability across importers, in terms of the mean duration
of their relationships with French firms. The median importer in our data interacts with
a given French firm over a period of 10 months. A small number of importers, however,
display substantially stickier relationships, as shown by the mean of the distribution that is
substantially above this number, at 18 months. Although these statistics are calculated for

19This is in contrast with Bernard et al. (2018) who use qualitatively similar data and find that the matching
between exporters and importers display many-to-many relationships. Beyond their data covering a different
country, a possible reason for such discrepancy is that they do not condition on a particular product while we
do. Indeed, we do see in our data that buyers often interact with several French exporters in a given month,
although to purchase different products (see Figure B.2 and the comparison with Figure 2, the later counting
the number of partners within a product while the former cumulates partners across products within a firm).
Once we condition on a given product, purchasing from multiple French exporters becomes very rare.

20The many-to-one structure of firm-to-firm trade relationships at the product level is also documented by
Monarch (2014) using data on U.S. imports from China. Monarch (2014) further shows that U.S. importers
tend to import from a single country, as do Belgian importers as documented by Muûls (2015).

21Note that all the statistics are treated for left censoring. Namely, we use information on trade between
1993 and 1996 to differentiate a relationship that starts in 1996 or later from a relationship that pre-existed
the estimation period. To control for right-censoring, we neglect from the analysis all firm-to-firm relationships
starting during the last year of the estimation sample.
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Figure 3: Distribution of the durations in firm-to-firm relationships
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Notes: Distribution of durations, as a share of total number of relationships (“count”) and as a
share of aggregate export value (“value”). Statistics are recovered from the 19.5 million firm-to-firm
relationships identified over the 1996-2006 period.

each importer, averaging across all relationships it has with French suppliers, our analysis
further exploits the granularity of the data to control for individual determinants of the
duration of firm-to-firm relationships; that is, we directly exploit the durations represented
in Figure 3. Here, the mode is at one month which corresponds to an importer that interacts
with two different French firms over two consecutive months for the same product. These
very short relationships represent less than 40% of the population, whereas roughly 30% of
firm-to-firm relationships last more than a year. Part of this heterogeneity is the consequence
of heterogeneous match qualities, an importer being more likely to switch if her current
match is not satisfactory. Results in Table B.7 show the duration of trade relationships is
positively correlated with the size of the transaction, which we use as proxy for the quality
of the match between the buyer and its supplier. This correlation is true both across buyers
within a product and within a buyer, across the different suppliers it meets throughout their
interactions with French firms. This correlation is fully taken into account in our empirical
framework, which recovers a measure of the mean duration of trade relationships, conditional
on the quality of a match.

Another feature of the data is that the frequency of transactions displays significant het-
erogeneity across importers (second line in Table B.6). On average, the probability of a
transaction occurring in a given month is .33, which corresponds to a transaction every three
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months. However, 25% of buyers purchase French products more than once every two months,
whereas in the first quartile of the distribution, firms purchase products less than once every
10 months. In the model and in statistics in Table B.6 and Figure 3, the duration of a re-
lationship is calculated between the first time a seller and buyer interact and the first time
the same buyer interacts with a different French exporter.22 Therefore, we do not keep the
whole history of an importer’s partners in memory and instead suppose a new relationship
with a French seller that the importer had already interacted with before is equivalent to
a new relationship with a new partner. Abstracting from the whole history of the buyer’s
interactions with French sellers and focusing on the probability of switching to a new supplier
greatly simplifies the analysis. Moreover, the probability of a “recall”, that is, of a buyer
switching back to a supplier it knows from before, is very small in the data (see the last line
in Table B.6).

3 Measuring relationship stickiness

Section 2 shows how firm-to-firm trade data can be used to measure and document hetero-
geneity in the duration of business relationships across firms and products. In this section, we
explain how to build and estimate a measure of relationship specificity at the product-level
from the duration of firm-to-firm relationships. We then benchmark our measure against
various indicators in the literature to gauge its relevance.

3.1 Empirical strategy

The model is a simple search model between sellers and buyers of a given product. We
assume products systematically vary in terms of their degree of business stickiness because
of heterogeneous search frictions and heterogeneous costs associated with switching from
one supplier to the other. Such cross-sectional heterogeneity might be explained by the
products sold being more or less substitutable, by the size of relationship-specific investments
varying across products, or by any other product-specific characteristics. We remain purposely
agnostic on the exact micro-foundations at the root of such stickiness. We consider instead
these features as given and use the cross-section of products to quantify their relative size
across product categories.

22We also tried to measure duration as the numbers of non-interrupted transactions between two firms. In a
such case, if transactions occur in January and March, the number of transactions is two, whereas the number
of months is three. The index of stickiness computed with this alternative definition is correlated at .7 with
our baseline measure.
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Suppose an importer is willing to purchase a certain product. Every period, it receives
with probability λ an offer p̃ from a new input supplier and decides whether to stick to its
existing partner or switch and benefit from this offer. Suppose p̃ is the (quality-ajusted) price
at which the new input supplier is willing to sell the product. It is the realization of a random
variable P drawn into a cumulated distribution function HP (p) = P(P ≤ p). Conditional on
its current deal p, a firm may decide to switch suppliers as soon as it receives an offer that is
not only better but also covers its switching cost. That is, the firm decides to switch whenever
p̃ < p

γ , where γ > 1 is the wedge between the current price and the buyer’s reservation price.
This wedge may stem from switching costs being sunk upon starting a new relationship, but
it could also reflect search costs incurred to be able to draw a price offer with probability λ.
Our representation of these costs is deliberately very stylized, which, as we show below, allows
us to draw a simple link between their magnitude and the expected switching probability, and
thus the expected duration of a relationship. Indeed, switching suppliers then occurs with
probability λHP (p/γ).23

Under these conditions, the length of a buyer-seller relationship, conditional on its price,
follows a geometric law with mean

E[T |p] =
+∞∑
k=1

k(1− λHP (p/γ))k−1λHP (p/γ) = 1
λHP (p/γ) . (1)

This formula generalizes in continuous time where offers follow a Poisson process and the
probability of receiving an offer during an infinitely small period of time dt is λdt. The
duration T of a relationship at price p then follows an exponential law E with parameter
λHP (p/γ) denoted by

T |p ∼ E [λHP (p/γ)].

The expected duration of a relationship is thus the inverse of the probability of switching.
It is a function of the firm’s existing deal p, the product-specific degree of business stickiness
as measured by γ, and the frequency of offers λ, which reflects the extent of frictions in that
market. Everything else equal, a firm that has met a more competitive supplier is more

23Here, we implicitly assumed p is determined prior to the arrival of a new offer, that is, we do not let the
firm and its supplier re-negotiate over the price when a better offer arrives. Alternatively, one may argue that
the new offer induces the importer and its existing partner to renegotiate “on-the-match” (see Postel-Vinay and
Robin (2002) for an application of this assumption in the context of frictional labor markets). Although such
an assumption would suggest firm-to-firm prices tend to decrease with the age of the buyer-seller relationship
(consistent with Fontaine et al. (2020)), it would not affect the expected duration of a firm-to-firm relationship,
the object of interest in this paper. The reason is that in our model as in this framework, the importer always
ends up interacting with the firm with the lowest cost of serving her, which does not depend on the supplier’s
price offer but only her ability to beat potential competitors.
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likely to interact with it over a long relationship. But conditional on a quality-adjusted
price, larger switching costs and less frequent offers are also expected to lengthen firm-to-firm
relationships. These product characteristics are what we want our measure of relationship
stickiness to capture. We now explain how to estimate it using observed durations in the
data.

To bring the model to the data, we make two additional parametric assumptions. First, we
assume the distribution of quality-adjusted prices is inverse-Pareto with shape parameter k.
Second, the importer’s demand curve is assumed to be iso-elastic with σ > 1 being the price
elasticity of demand.24 Under these assumptions, one can write the distribution of durations
conditional on the size r of the transaction, instead of the (unobserved) price offered by the
supplier:

T |r ∼ E
[

1
η

(
r

rmin

)− k
σ−1
]
, (2)

where rmin is the lower bound of the distribution of transactions and η ≡ γk

λ . Hereafter, we
interpret η as a product-specific indicator of relationship stickiness, capturing various forces
that tend to lengthen firm-to-firm relationships, conditional on a match. In the context of
our model, longer durations conditional on a match can be the outcome of less frequent offers
(a low λ), large switching costs (a high γ), or little dispersion in the distribution of price
offers (a high k). Although the parametric assumptions required to recover equation (2)
are obviously important, we argue the model’s insight, namely, that such product-specific
characteristics tend to increase durations, conditional on a match, is likely to hold under
alternative parametric assumptions.

Our data are a vector of realized durations for all relationships involving a European
buyer and a French exporter. To recover the parameters of equation (2), we use the statistical
properties of the product-specific empirical distribution of these random variables. Under the
model’s assumptions, the expected duration of a relationship conditional on transactions r
falling in the quantile of order q of its product-specific distribution follows:25

24Taken together, these two assumptions imply the distribution of observed transactions between buyers and
sellers is approximately Pareto for large transactions. This implication agrees, for instance, with the canonical
model of firm heterogeneity under monopolistic competition (Melitz and Redding (2014))

25The second line uses the property of the Pareto distribution. If X is Pareto distributed with shape
parameter κ and locus xm, then q

Q
= 1 −

(
Xq

Xm

)κ
, where Q is the number of cut points, and Xq is the value

for the qth cut-point. See details in Appendix A.2.
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E [T | R ∈ Rq] = E
[
η

(
R

rmin

)− k
σ−1 ∣∣R ∈ Rq

]

= η ln
[
P(R ≥ rq−1)
P(R ≥ rq)

]
, (3)

where Rq denotes the qth quantile of the distribution:

Rq := [rq−1, rq] ≡
{
r | H̄−1

R

(
q − 1
Q

)
≤ r ≤ H̄−1

R

(
q

Q

)}
and H̄R(r) ≡ P(R > r). Because equation (3) is log-linear in η and η is specific to product
categories but constant across countries and transaction size, it is enough to use a fixed effect
model to recover an estimate of the product-specific index of relationship stickiness, up to a
constant. See the details of the empirical implementation in Appendix A.2.

3.2 Stylized facts on relationship-specific indicators

Using the strategy described in section 3.1, we recover the relative level of stickiness for 5,186
HS6 products. Figure 4 shows the distribution of estimates. We see significant differences
in the level of relationship stickiness across HS6 products, with a mean at 2.86, a median at
2.97, and an interquartile range of 0.63. Because we estimate the log of the η parameter, an
interquartile of .63 means the expected duration of trade flows, conditional on the quality of
the match, is 1.88 times larger at the 75th percentile of the product distribution than at the
25th, which is sizable. Note the precision of estimates, however, varies across products, as
shown by the grey area in Figure 4.26 Empirically, products for which the number of fim-to-
firm relationships is large tend to display tighter confidence intervals, the correlation between
these two variables being high at 75%. This feature is expected as the empirical strategy
implicitly relies on the law of large numbers to smooth the impact of heterogeneity in durations

26Given the size of standard errors, listing products found at each tail of the distribution might not be very
informative. A glance at the data reveals that among the most relationship-specific products are a number of
industrial chemical, pharmaceutical, and mineral products. These goods are highly differentiated, are often
customized to the particular needs of the firm’s client, and tend to be purchased frequently, thus generating
long-lasting relationships between the firm and its client. These facts may seem surprising, because chemicals
are often considered as homogenous products. Note the chemical industry is split between commodity and
specialty chemicals, the latter being chemicals that are tailored for each client. At the other side of the
distribution, one finds a number of final-good products that are usually produced in large quantities and sold
in anonymous markets (e.g., men’s suits), some non-differentiated primary goods (ferro-alloys or raw sild), and
a number of capital goods, such as machines used in the textile industry that are purchased infrequently and
are not subject to relationship stickiness as a consequence.
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Figure 4: Distribution of RS estimates
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Notes: The figure shows the distribution of estimated relationship stickiness indicators (solid line)
and their 10% confidence interval (grey area). The distribution covers 5,186 HS6 products.

within deciles of the product-specific subsamples. The larger the number of relationships, the
better the approximation. Importantly, the number of underlying observations does not affect
the point estimates, which are orthogonal to the number of observations. We take this margin
of error into account in the empirical analysis using a parametric bootstrap procedure.

Table 1 shows how our measure correlates with other product-specific attributes used
in the literature. The first column reports the pairwise correlation coefficients, and column
(2) reports the coefficients of a regression of our RS measure on all other characteristics.
The degree of product stickiness is positively correlated with alternative measures of product
specificity used in the literature, most notably, Rauch (1999) and Nunn (2007). Differentiated
products tend to be more relationship specific, as shown by the positive correlation with the
dummy for differentiated products recovered from Rauch (1999) and the negative correlation
with elasticities of substitution estimated in Imbs and Mejean (2015). More complex goods
also involve more stickiness, as shown by the positive correlation of our indicator with both
Nunn (2007) and Hausmann and Hidalgo (2014). We find little correlation with Nunn (2007)
indicator. The reason is the difference in the level of aggregation. To give a concrete exam-
ple, in his index, the car industry has a high level of input specificity. Consistent with this
measure, we find most parts and accessories in this industry have a high level of stickiness.
But final products like cars do not, which lessens the correlation. Finally, we find a positive
correlation between the level of upstreamness of a product and its degree of stickiness. This
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Table 1: Correlation with other measures

Measure Corr(η,.) OLS η
(1) (2)

1differentiated (Rauch) .08∗∗∗ .06∗∗

Share of not homogen. products (Nunn) .04∗∗ −.02
Upstreamness (Antras et al. ) .14∗∗∗ .21∗∗∗

Elasticity of subs. (Imbs & Mejean) -.6∗∗∗ -.16∗∗∗

Product complexity (Haussman & Hidalgo) .16∗∗∗ .09∗∗∗

Observations 3,863
R2 - .12

Notes: This table reports the pairwise correlation coefficients (column (1))
and the multivariate correlations (column (2)) bewteen estimated RS indices
and various characteristics of these products. Robust standard errors in ().
Significance levels: * 10%, ** 5%, *** 10%.

correlation suggests products far from the final demand entail more buyer-specific investment,
more elaborated contracts, or more customization than products dedicated to final consump-
tion, which is consistent with Antràs and Chor (2013) view that global value chains entail
substantial locked-in effect.

Although these correlations all have the expected sign, the linear combination of existing
indicators only explains 12% of the heterogeneity recovered from our estimation (column (2)).
The reason is that the RS indicator is extremely heterogeneous, including within particular
industries.27 The high disparity of stickiness is further illustrated in Figure B.3, which com-
pares average RS measures across categories of the broad economic classification (BEC).28

Final consumption goods like cars or consumer goods display, on average, a low level of
stickiness, whereas parts and accessories or food processed for the industry display higher
average RS indices. Here as well, however, we see a significant level of dispersion within these
categories.

In Table B.8, we present the results of a regression of our measure of stickiness on various
statistics directly calculated from the firm-to-firm data. We first show products that with a
higher share of buyers that appear only once in our data and with a higher share of buyers
that interact with several suppliers within a month exhibit lower levels of stickiness. These
correlations are consistent with the view that if buyers can afford to enter markets for short

27A typical example is the degree of stickiness in the mineral-product industry that encompasses some of
the most and the least relationship-specific products.

28BEC categories corresponding to less than five hs6 products are excluded from the figure.
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periods of time or if they trade with many suppliers, they can more easily switch from one
supplier to another.29 We then explore two predictions of our model, namely, that stickiness
should be higher in markets with more frictions and where the distribution of sales in more
concentrated. As a proxy of sales distribution, we measure the concentration of exports
across French firms for each product category. As expected, product categories with a higher
level of sales concentration exhibit a higher level of stickiness. The explanatory power of
sales concentration is low (R2 of 1%), however, suggesting the distribution of sales is not
the main force explaining heterogeneity in stickiness across products. As a rough measure of
frictions, we compute the dispersion of unit values recovered from the whole distribution of
transaction-level unit values within product categories. The correlation between stickiness and
price dispersion is positive and significant (R2 of 3%), consistent with the view that products
with higher levels of frictions are more sticky. Last, we look at the correlation between the
activity of wholesalers in a product category and the level of stickiness. We find a negative
and significant correlation between stickiness and the share of wholesalers, which is consistent
with the view that the least sticky products involve less customization and specificity and are
thus more likely to be exported by intermediaries.

A final check of the distribution of estimates consists of studying their stability across
estimation samples. Our argument is indeed that the estimation strategy allows us to capture
the ex-post impact of product-specific attributes. If this is the case, we should expect our
estimates to be roughly consistent regardless of the time period or the country sample used
to estimate relationship stickiness. We therefore estimated a country-specific distribution of
RS indicators using the same empirical strategy but estimating RS for each destination.30

The pairwise correlation between country-specific measures is around .5. More importantly,
the correlation between the baseline distribution recovered from the pooled sample and the
country-specific estimates is high, between 69% and 74%. We also assess the stability of our
estimates over time, by estimating relationship stickiness using the 2011-2017 period. Here
as well, the correlation is significant, at .6. Note our baseline distribution of RS indices is the
one estimated over 1996-2006, because the underlying customs data are of better quality in
the earlier years of the sample.31

29We also compute stickiness on a sample in which we exclude buyers interacting with several suppliers
within a month. Stickiness measured on this sample has a correlation of .87 with our baseline measure.

30Here, we focus on those countries that are important destinations for France exports, namely, Belgium,
Germany, Italy, Spain, and the UK, because the empirical strategy requires the observation of a sufficient
number of firm-to-firm relationships for each product category.

31As mentioned in section 2, the dataset is censored because the Customs does not request that firms declare
the product exported, below a certain threshold. Because the threshold tripled in 2011, censoring is significantly
larger in the most recent period.
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3.3 External validity tests

We conclude the description of the proposed measure of relationship-specific indices by re-
producing some results in the literature showing a significant impact of relationship-specific
investments on various trade outcomes. Whereas the literature is based on alternative mea-
sures of relationship specificity, we show the same qualitative results are confirmed using our
indicator instead. We think of these exercises as useful sanity checks that the measure we
later exploit to assess the impact of uncertainty in sticky-product markets indeed captures
what it is meant to. We summarize insights recovered from these exercises in the main text
and report the detailed results in Appendix A.3.

Antràs and Chor (2013) argue the locked-in effect induced by relationship-specific invest-
ments may have consequences for firms’ propensity to vertically integrate. In their property-
rights model, downstream firms have an incentive to integrate suppliers because of contractual
frictions in the procurement of a customized component later integrated in the production.
A corollary of such a framework is that vertical integration should be more pervasive in prod-
uct markets that display more intense locked-in effects. We confirm this result in Table A.2
using the prevalence of intra-firm trade as a measure of vertical integration. Using US trade
data, we show intra-firm trade as a share of overall trade is significantly larger for products
displaying high RS indicators. Alone, RS explains 10% of the cross-product dispersion in the
data.

Nunn (2007) and Levchenko (2007) argue high-relationship-specific investment goods re-
quire sounds institutions, in the form of quality of contract enforcement, property rights,
shareholder protection, and so on. As a consequence, institutions can shape the geography of
trade as other sources of comparative advantages do. In Table A.3, we replicate the empirical
exercise in Nunn (2007) using more disaggregated data and our measure of relationship-
stickiness. We further control for the relation-specificity measure developed by Nunn (2007)
to identify an effect beyond and above Nunn’s. Both his measure and ours point in the same
direction, namely, a specialization of countries with better institutions into the production of
goods that are more relationship-specific.

Finally, we investigate the impact of relationship stickiness in a gravity context. Namely,
Table A.4 interacts distance with our measure of relationship stickiness in an otherwise stan-
dard gravity equation for bilateral trade. We find the negative impact of distance on trade
flows is stronger for product categories that exhibit a higher degree of relationship stickiness.
Although a structural interpretation is not possible in this reduced-form context, several the-
oretical mechanisms can help rationalize the evidence. First, the increased distance elasticity
may be explained by information frictions being large in stickier markets, which on the one
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hand increases the cost of switching to a new supplier, and on the other hand reinforces the
geographic concentration of trade (Rauch, 1999). An alternative interpretation is that stickier
relationships are associated with higher monitoring costs, which increase with distance (Head
and Ries, 2008).

These sanity checks all point into the same direction. Our indicator of relationship stick-
iness seems to capture meaningful variability across (disaggregated) product markets, which
correlates with external indicators in a way that is consistent with our interpretation.

4 Trade, uncertainty, and stickiness

With the measure of relationship-stickiness at hand, we now turn to the paper’s core ques-
tion, namely, how product stickiness shapes the adjustment of trade to economic-uncertainty
shocks.

4.1 Motivation, data and empirical strategy

In the tradition of Dixit and Pindyck (1994), the transmission of uncertainty shocks to the
real economy is interpreted as a consequence of firms’ investment decisions, with firms being
reluctant to invest in uncertain times.

In the international economics literature, the real option of waiting is often driven by
the presence of sunk costs to establish a new relationship. In Handley and Limao (2017b),
trade-policy driven uncertainty lowers the probability of entry in a destination in presence
of a sunk entry cost. In Fillat and Garetto (2015), a higher sunk cost of entry widens the
band of inaction: it reduces the probability that a domestic firm enters a foreign market while
reducing the exit probability for already exporting firms. Uncertainty may also affect entry
and exit decisions in international markets if international trade is subject to search frictions
and the search process is costly. The mechanism would thus be similar to Schaal (2017) who
show that in presence of search costs and search frictions in the labor market, uncertainty
reduces firms’ decision to hire new workers and to fire current ones.

In this literature, the real option of waiting increases with sunk costs and search frictions,
conditional on a level of uncertainty. Importantly, these parameters are precisely those that
drive the dispersion in our measure of relationship stickiness. More specifically, relationship
stickiness is higher for products that have high sunk costs and/or for which there are a high
level of frictions. We thus conjecture the option value of waiting – to start or to end a
relationship – should be increasing along the distribution of RS indices.

We test these hypotheses by combining our index of stickiness with measures of policy
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uncertainty. The Poisson specification estimated in the analysis takes the following generic
form:

E(Xpct|Uncertaintyct, RSp, FE) = exp (αUncertaintyct + βRSp + γRSp × Uncertct + FE) ,
(4)

where the left-hand-side variable is a measure of trade computed for each country c, product
p, and period t. Importantly, we systematically control for product or product×period fixed
effects so that the identification exploits the variability across destinations and eventually
over time, within a product. This dimension of heterogeneity has been largely neglected when
estimating relationship stickiness and is thus useful to separately identify the response of trade
to uncertainty shocks, conditional on the level of stickiness.

Our measure of stickiness is estimated, and we use the standard errors associated with the
RS measure to account for this first-stage error. For each product, we make 400 draws of RS in
a Gaussian distribution calibrated to the mean and standard deviation of the corresponding
estimated standard errors. We then run 400 regressions using the relationship stickiness
generated in these draws. The coefficients and their standard errors reported in estimation
tables are obtained by taking the mean and standard deviation of these estimates.

In equation (4), Uncertaintyct represents a measure of policy uncertainty for country c
and period t, which is described below. The tested assumption is that uncertainty impedes
trade and the α coefficient is thus expected to be negative. By digging into various margins of
international trade, we can further investigate the mechanisms. In particular, we expect the
impact of uncertainty to mostly work through the extensive margin, that is, the net creation of
firm-to-firm relationships, which is associated with considerable costs and should thus react to
uncertainty. Finally, we also expect the impact of uncertainty to be particularly pronounced
in high relationship-stickiness sectors, which we capture with the interaction term between
uncertainty and the RS indicator (RSp × Uncertct).

A legitimate concern is that the analysis relies on data similar to those used to estimate
relationship stickiness. Note, however, that whereas stickiness is estimated by exploiting
differences in duration across product categories, our analysis of the impact of uncertainty in-
cludes product fixed effects, and thus exploits a different dimension of the data. Furthermore,
if our measure of stickiness were contaminated by uncertainty - stickiness reflecting, for in-
stance, a higher sensitivity to uncertainty - the interaction between stickiness and uncertainty
wouldn’t be significant.32

We measure uncertainty episodes at the country and quarterly levels using the “World Un-
32One can also make the point that, as long as uncertainty increases the duration of relationships more for

the more sticky products, the product ranking of stickiness will not be affected.
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certainty Index” (WUI) developed in Ahir et al. (2019). Using text analysis of the Economist
Intelligence Unit country reports, they construct an uncertainty-index series for 143 countries,
at a quarterly frequency from 1996 onwards. The approach to construct the WUI is to count
the number of times uncertainty is mentioned in the EIU country reports and scale these num-
bers by the total number of words in each report. Based on the WUI series for 12 countries
in our sample, we define uncertainty episodes as periods when the uncertainty index is one
standard deviation above its average level.33 The corresponding series are matched with the
firm-to-firm trade data for 2000-2010 and 2011-2016, aggregated to the quarterly frequency
to fit with the WUI data. Figure B.4 shows a heat map of the corresponding uncertainty
series. Although the panel solely covers EU countries, the data display a significant degree of
heterogeneity across countries and over time. In some specifications, we also control for GDP
growth shocks in the destination to separately identify the impact of uncertainty and other
aspects of business cycles. Market-price GDP growth data are taken from Eurostat’s national
accounts indicators. The GDP shocks are computed as periods in which GDP growth is lower
than the average minus one standard deviation of GDP growth.

4.2 Uncertainty and the extensive margin

We first estimate the impact of uncertainty shocks on the formation of new firm-to-firm rela-
tionships. Here, new relationships are defined as the first transaction involving a particular
pair of firms, going back to data from 1993 to avoid left-censoring. Results are presented
in Table 2. They consistently show that episodes of high uncertainty are associated with
significantly fewer creations of new firm-to-firm relationships, especially in product markets
displaying stickier relationships. In column (1), the cross-product heterogeneity in the elas-
ticity of trade to uncertainty is identified with product×quarter fixed effects to control for
seasonality and country×period fixed effects so that the identification is across products. The
negative coefficient on the interaction suggests that, in comparison with normal times, periods
of high uncertainty are characterized by significantly fewer new firm-to-firm relationships in
high-RS product markets. The result is confirmed in column (2), where the identification is
within a product×period and across countries that do or do not experience high-uncertainty
episodes. In comparison with others, destinations that feature high-uncertainty episodes are
characterized by a significantly lower rate of creations of new firm-to-firm relationships, es-
pecially in high-relationship-specific product markets. In quantitative terms, specification (1)

33We have also tried with uncertainty episodes defined as periods in which the index is 1.64 standard
deviations above its average. Results are virtually unchanged. In Table 2, we also present results that directly
use the level of the index to measure uncertainty.
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Table 2: Uncertainty and the creation of new trade relationships: Baseline results

(1) (2) (3) (4) (5)
Dep. var: # new trade relationships

Uncertainty-shock dummy 0.37∗∗∗

(0.008)
- × RS index -0.15∗∗∗ -0.12∗∗∗ -0.13∗∗∗

(0.003) (0.002) (0.008)
Uncertainty index 1.27∗∗∗

(0.023)
- × RS index -0.51∗∗∗ -0.40∗∗∗

(0.008) (0.007)

Observations 3,302,770 3,302,770 3,302,770 3,302,770 1,500,366
Period 2000-2010 2000-2010 2000-2010 2000-2010 2011-2016
Fixed Effects
Product × quarter X X X

Product × period X X

Country X X

Country × period X X X

Notes: Poisson estimations with high-dimensional fixed effects. Uncertainty shocks is a dummy equal to
1 in periods when uncertainty in the destination country is above-average uncertainty plus one s.d. of
uncertainty. RS is our measure of relationship stickiness which is not centered (Mean: 2.9, P05: 1.8, P95:
3.5). Bootstrapped standard errors are in parentheses. Significance levels: * 10%, ** 5%, *** 1%.

implies the number of new relationships for a product in the first quartile of the distribution
of the RS indicator drops by about 2% in periods of high uncertainty as shown in Figure 5.
For a more sticky product, in the third quartile of the distribution of RS, the number of new
relationships drops by 11% in periods of uncertainty.34

Columns (3) and (4) use the value of the WUI rather than dummies for high-uncertainty
episodes. The finding that the negative effect of uncertainty on new relationships is stronger
for more sticky products is robust. Finally, column (5) tests the robustness of the result to
the period of analysis, using 2011-2016 instead of the 2000-2010 period used in the baseline.
As mentioned in section 2, the quality of the data is somewhat reduced in the most recent

34The first quartile is 2.61 and the third quartile is 3.23. For the first quartile, we thus compute:
E(X|Uncertainty = 1)/E(X|Uncertainty = 0)− 1 = exp(.37− 2.61× 0.15)− 1 ==-0.021. The same formula
for the third quartile gives −0.108.
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Figure 5: Impact of an uncertainty shock on new relationships, along the distribu-
tion of RS
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Notes: This figure is recovered from results in Table 2, column (1). It shows the percentage-point
impact of an uncertainty shock, on the number of new firm-to-firm relationships.

period, because left-censoring induced by the declaration threshold for product categories in
the customs data severely increases in 2011. As a consequence, the measure of new firm-to-firm
relationships is noiser. Still, results based on these data are consistent with the baseline.

In Table B.9, we dig deeper into the trade effect of uncertainty by looking at its correlation
over space and time. In columns (1)-(2), we test for spillover effects of uncertainty shocks,
on other destination countries. In theory, an uncertainty shock in country c could have two
opposite effects on trade with alternative destinations. Trade could be diverted to these
destinations, so that the decline in the creation of new trade relationships in the destination
hit by the shock would be compensated by an increase in the rate at which French exporters
establish new relationships with importers from other countries. But the spillover could
also be negative, with uncertainty in one country reducing firms’ incentive to invest in new
trade relationships in other destinations as well. We expect this scenario if firms perceive
uncertainty to potentially spread to the rest of the EU. To address this question empirically,
the specification in column (2) of Table 2 is augmented with a variable summing uncertainty
shocks occurring in all alternative EU destinations but the country itself, interacted with the
RS indicator. Results suggest the overall spillover effect is negative, that is, shocks in another
EU destination induce a significant decline in the creation of new trade relationships in the
country under study. As expected, the effect is smaller than the impact of the shock itself
and is significantly larger in product markets displaying higher relationship stickiness. The
same qualitative results are found in column (2), using identification across products within
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Table 3: Uncertainty and the disruption of trade relationships

(1) (2)
Dep. var: # disrupted trade relationships

Uncertainty-shock dummy 0.23∗∗∗

(0.007)
- × RS index -0.08∗∗∗ -0.03∗∗∗

(0.003) (0.007)

Observations 2,546,156 2,546,156
Period 1996-2006 1996-2006
Fixed Effects
Product × quarter X

Product × period X

Country X

Country × period X

Notes: Poisson estimations with high-dimensional fixed effects. Uncer-
tainty shocks is a dummy equal to 1 in periods when uncertainty in
the destination country is above-average uncertainty plus one s.d. of
uncertainty. RS is our measure of relationship stickiness, which is not
centered (Mean:2.9, P05: 1.8, P95: 3.5). Bootstrapped standard errors
are in parentheses. Significance levels: * 10%, ** 5%, *** 1%.

a destination×period. In columns (3)-(4) of Table B.9, we finally study the dynamics of the
trade impact of uncertainty. To this aim, we augment the benchmark specification with lags
of the uncertainty variable, interacted with the RS indicator. The impact of uncertainty is
shown to be persistent over time, for at least four quarters.

Up to now, the analysis has focused on the creation of new firm-to-firm relationships as
an outcome variable. The reason is that the trade literature has extensively discussed the
prevalence of fixed costs as a barrier to the international development of firms. To the extent
that some of these costs affect the value of waiting, we also expect to see an impact on
separation rates. Firms should indeed be reluctant to end a costly trade relationship when
uncertainty is high. We investigate this possibility in Table 3. Here, the left-hand-side variable
is the number of disrupted relationships observed over a particular period. The variable is
constructed using relationships that we observe for the last time over a particular month.
The number of disrupted relationships over a quarter and destination is the number of such
relationships cumulated over the last quarter. The assumption is that, if these relationships
had not ended, firms would have been active at least once in the next quarter. This assumption
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Figure 6: Impact of an uncertainty shock on disrupted relationships, along the
distribution of RS

-.0
2

0
.0

2
.0

4
.0

6
Im

pa
ct

 o
f a

n 
un

ce
rta

in
ty

 s
ho

ck

0 20 40 60 80 100
Percentiles of RS distribution

Notes: This figure is recovered from results in Table 3, column (1). It shows the percentage-point
impact of an uncertainty shock, on the number of disrupted firm-to-firm relationships.

is reasonable because transactions take place once every three months, on average (Table B.6).

Results in Table 3 suggest the impact of uncertainty shocks on separation rates is indeed
significant, although the sign of the relationship varies along the distribution of relationship
stickiness. As illustrated in Figure 6, uncertainty periods are associated with significantly
more firm-to-firm separations, in product markets displaying little stickiness. In the first
quartile of the distribution, the impact is thus positive and significant, at 2%. In the third
quartile, the effect is instead negative, at -2%.

The fact that stickiness increases the real option of waiting is consistent with standard
models of investment choice under uncertainty. However, that uncertainty increases separation
rates for the least sticky products suggests instead that our measure of uncertainty also
has a negative impact on the level of expected profits. One can rationalize this positive
effect through two alternative interpretations. First, our measure of uncertainty may be
negatively correlated with expected demand, which would affect expected profits. Second,
even if uncertainty shocks were pure second-moment shocks, they could still have a level
impact in presence of managers’ risk aversion or non-constant elasticities of profits to demand
shocks. Whereas a first-moment negative shock on profits would only reinforce the negative
impact of uncertainty on entry, it could act as a countervailing force on exit: wait-and-see
behaviors would still dominate for high-enough levels of stickiness, while separation rates
could increase for low RS products.

In sum, results presented in this section provide strong evidence for a response of trade to
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uncertainty shocks, at the extensive margin. Such adjustments are consistent with episodes of
high uncertainty generating significant wait-and-see behaviors from firms that need to invest
money in their international development, especially in sticky markets. In the next section,
we conclude the analysis by studying the consequences of such behaviors for overall trade
adjustments.

4.3 Trade adjustments to uncertainty and GDP shocks

We now examine what our results imply regarding the dynamics of trade in periods of high
uncertainty. We follow Bricongne et al. (2012) and Carballo et al. (2018) by decompos-
ing the mid-point growth in product-level trade of French exports into an intensive-margin
component, the growth of trade within continuing relationships, and two extensive margin
components, the start of new relationships and the ending of existing relationships.35 Trade
growth is computed using year-on-year growth for each quarter to remove seasonality. We
then regress product-level growth and its components on uncertainty and its interaction with
relationship stickiness. Here, we further control for GDP shocks and its interaction so that
we can compare the dynamics of trade with uncertainty and GDP shocks. For comparability
purposes, the GDP shock variable is a dummy that takes the value of 1 when the growth
in the destination is one standard deviation below its average over the period of estimation.
Results are robust if we use the growth level instead.

We report the point estimates in Table 4, and plot the implied response of the different
margins to uncertaity and GDP shocks in Figure 7. The top panel summarizes the response
of trade growth to an uncertainty shock, and the bottom panel concerns a growth shock.
Several interesting results emerge from the comparison of these graphs. First, both shocks
are associated with significantly less trade growth. In comparison with normal times, episodes
of high uncertainty are associated with 12 percentage points less growth, on average. The
impact of a drop in the destination country’s growth is larger, at -25 percentage points. For
uncertainty shocks, the impact is roughly constant over the distribution of RS indices. Instead,
the impact of a GDP shock is 6 percentage points larger at the 10th than at the 1st decile of
the distribution. Second, the margins of adjustments to both shocks are significantly different.
The response of trade to uncertainty shocks is mostly driven by the extensive margin, namely,
the wait-and-see behaviors documented earlier, which is in line with Carballo et al. (2018).

35Unlike Bricongne et al. (2012) and Carballo et al. (2018) but consistent with our previous investigations,
our unit of analysis is at the seller-buyer level. The entry term is thus the start of a new relationship between
a French seller and a foreign buyer for a given product. The seller may thus have been active in the market
during the previous period.
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Figure 7: Impact of shocks on trade growth, along the distribution of RS
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Notes: These figures summarized the response of product-level trade to an uncertainty shock (top
panel) and a shock to the destination market’s growth (bottom panel). Results are recovered from
the estimation of the following equation:

Ypct = αUncertct + γRSp × Uncertct + βGDPct + δRSp ×GDPct + FE + εpct

where the LHS variable is the mid-point growth rate or one of its components, Uncertct and
GDPct respectively denote an uncertainty and GDP shocks, and FE denotes fixed effects at the
product×country level.
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Table 4: Uncertainty and trade growth: margin decomposition

(1) (2) (3) (4)
Dep. var: Growth =Start + End + Intensive

RS index -0.07*** -0.21*** 0.13*** 0.01***
(0.002) (0.002) (0.001) (0.001)

Uncertainty shock -0.11*** -0.05*** -0.06*** 0.001
(0.004) (0.002) (0.002) (0.001)

- × RS index -0.01*** -0.02*** 0.01*** -0.003***
(0.001) (0.001) (0.001) (0.0004)

GDP shock -0.14*** -0.16*** -0.002 0.02
(0.007) (0.004) (0.003) (0.003)

- × RS index -0.04*** 0.01*** -0.01*** -0.03***
(0.002) (0.001) (0.001) (0.001)

Observations 3,538,965 3,538,965 3,538,965 3,538,965
Notes: OLS estimation. Bootstrapped standard errors are in parentheses. Growth
is the 12-month growth of product-level French exports to a destination. Start, end,
and intensive are the different growth margins, namely the number of new seller-buyer
relationships, the number of disrupted relationships, and the evolution of seller-buyer
sales along the intensive margin. Uncertainty shocks is a dummy equal to one in
periods when uncertainty in the destination country is above average uncertainty
plus one s.d. of uncertainty. GDP shock is a dummy equal to one in periods when
GDP growth is below average GDP growth minus one s.d. of GDP growth. RS is
our measure of relationship stickiness, which is not centered (Mean: 2.9, P05: 1.8,
P95: 3.5). Significance levels: ∗ 10%, ∗∗ 5%, ∗ ∗ ∗ 1%.

Instead, the intensive margin is a significant driver of the response of trade to GDP shocks.
This finding is consistent with evidence in Bricongne et al. (2012) who show the trade collapse
in 2008 was largely driven by the intensive margin. In the panel under study, the intensive
margin contributes to one fifth to one third of the overall adjustment, depending on the degree
of stickiness in the product market. Finally, the intensity of trade adjustments does vary along
the distribution of stickiness. For uncertainty shocks, the heterogeneity mostly kicks in at
the extensive margin. Consistent with results in section 4.2, results show strong evidence
for muted extensive adjustments in sticky-product markets, with fewer entries somewhat
compensated by fewer separations. When the shock hits GDP growth, the heterogeneity
instead affects adjustments at the intensive margin, whereas the response of trade at the
extensive margin is roughly constant. Intensive adjustments amount to 9.5 percentage points
at the 10th decile of the RS distribution, against only 4.5 p.p. at the 1th decile.

We check the robustness of our results by using two alternative proxies for first and second
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moment shocks. More specifically, we use the average stock returns and the average volatility
of returns computed by Baker et al. (2020).36 The results, presented in Table B.10, show an
increase in the volatility of returns is associated to a decrease in entry – magnified for the
most sticky products, and a increase in the disruption of trade relationships – dampened for
the most sticky products. These findings are consistent with the wait-and-see behavior of
sticky products when uncertainty increases.37

Antras (2020) argues severe but temporary shocks such as the 2008-09 trade collapse or the
COVID-crisis do not fundamentally change firms’ sourcing strategies and are likely followed
by a fast recovery. Our findings are consistent with this view. The adverse effect of negative
shocks is mainly driven by a reduction in the creation of new relationships and, for first-
moment shocks, a drop in firm-to-firm trade along the intensive margin. By contrast, negative
shocks have little impact, if any, on the disruption of sticky firm-to-firm trade relationships.
Firms are thus likely to expand quickly in the aftermath of a negative shock by building on
their existing relationships.

5 Conclusion

In this paper, we discuss the extent to which stickiness in firm-to-firm relationships can am-
plify the real impact of uncertainty with a particular emphasis on international trade. This
question is a topical one for at least two reasons. On the one hand, uncertainty is prevalent
in the current international context. Firms engaged in international markets have to cope
with the uncertainty induced by negotiations over Brexit, the trade war involving the US and
most of its partners, and now the consequences of the COVID-19 pandemic. On the other
hand, sticky trade relationships are prevalent within global value chains. The fragmentation
of production processes generates locked-in effects as a consequence of relationship-specific
investments (Antràs and Chor, 2013). Firms engaged in global value chains often need to
customize product, or adjust their logistics chain to the particular needs of the firm located
downstream. This need generates a substantial degree of persistence in firm-to-firm relation-
ships.

We study the interaction between these two phenomena from an empirical standpoint. We
exploit highly detailed firm-to-firm data involving French firms and their partners in the EU,
covering a period of more than 20 years. Using these data, we first construct an indicator of
relationship stickiness at the product level. The empirical strategy consists of comparing the

36We use the macro measures computed by Baker et al. (2020), because they have a better country coverage.
37An increase in the level of returns (a positive shock to the first moment) leads to higher export growth, in

particular for the most sticky products, which is largely driven by the intensive margin.
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average duration of firm-to-firm relationships conditional on a match quality and derive from
this comparison an ex-post measure of stickiness. Armed with the RS indicator, we estimate
the propagation of uncertainty shocks to the real economy. We estimate a significant impact of
uncertainty on the extensive margin of trade. Episodes of high uncertainty are characterized
by significantly fewer new firm-to-firm relationships, the impact being stronger in product
markets displaying stickier firm-to-firm relationships. This finding is consistent with sticky
relationships generating high sunk costs, which firms are reluctant to pay in periods of high
uncertainty. The propagation of policy uncertainty to the real economy is thus intimately
linked to the type of relationship in which sellers and buyers are engaged. The modern
organization of production into fragmented processes increases the sensitivity of the economy
to uncertainty shocks.

Finally, note we have focused here on trade adjustment to uncertainty shocks, but stick-
iness may be important for a range of macroeconomic outcomes. The responses of trade
to exchange-rate shocks or trade policy might differ across products with different levels of
stickiness (Heise, 2016). The degree of stickiness also affects the international transmission
of shocks, with implications for the level and the comovement of economic fluctuations. We
hope the measure developed in this paper will stimulate research along these questions.
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A Appendix

A.1 Measuring the duration of a trade relationship
In the model, the duration of a relationship is written as a function of the probability of a
switch, that is, of an importer leaving its current partner to start interacting with a new one.
In the data, the two objects do not map exactly, because of the heterogeneity in the frequency
of transactions. This difference is illustrated in Table A.1, which compares statistics on (i)
the mean duration of a buyer’s relationships with French suppliers, (ii) the inverse of the
probability of this buyer’s switching to a new supplier, and (iii) the inverse of the probability
of switching, conditional on trade. If buyers purchased French products at regular intervals,
for example every month, the three statistics would deliver the same information. As shown in
the second line of Table B.6, the frequency of transactions is neither close to 1, nor homogenous
across buyers. On average, the probability of a transaction occuring in a given month is equal
to .332, which corresponds to a transaction every three months. Twenty-five percent of buyers,
however, purchase French products more than once every two months, whereas in the first
quartile of the distribution, firms purchase products less than once every 10 months. Because
of heterogeneous frequencies, the three available measures of duration are not equivalent. In
general, one can show that the mean duration is between the two switching probabilities.
In the data, the three statistics are correlated at more than 50%, meaning heterogeneity in
the frequency of transactions does not completely distort the distribution of trade durations,
across buyers and products.

A.2 Detailed on the estimation of relationship stickiness
As explained in section 3.1, relationship stickiness is estimated by exploiting the following
prediction of a search model with switching costs:

lnE [T | R ∈ Rq] = ln η + ln ln
[
P(R ≥ rq−1)
P(R ≥ rq)

]
, (A.1)

where E [T | R ∈ Rq] is the expected duration of a transaction, conditional on the transaction
falling in the qth quantile of the distribution, η ≡ γk

λ is the product-specific index of business
stickiness, and ln

[
P(R≥rq−1)
P(R≥rq)

]
solely depends on the definition of quantiles.

The empirical counterpart of the left-hand side of this equation is the log of the mean
duration of firm-to-firm relationships, in various size quantiles of the product- and country-
specific distribution:

Durqpc ≡
1

Nqpc

∑
sb∈Rqpc

Dursb(c)p,
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Table A.1: Descriptive statistics on alternative measures of the duration of firm-
to-firm relationships

Mean Median P25 P75
Mean duration 18 10 3 25
1/P(switch) 9 20 9 41
1/P(switch|Trade) 2 3 2 6

Notes: This table provides statistics on alternative measures of durations. The first line is
our benchmark measure, defined as the mean number of months between the first transaction
involving a particular buyer and one of its supplier and the next transaction in which the
same buyer interacts with a different partner (“Mean duration”). “1/P(switch)” is the inverse
of the switching probability recovered as the number of switching episodes divided by the
total number of months a particular buyer is present in the data. “1/P(switch|Trade)” is the
inverse of the switching probability conditional on a transaction, computed as the number of
switching episodes over the total number of transactions. Statistics are calculated for each
importer before averaging across buyers, using the dataset covering 1996-2006.

where Dursb(c)p is the duration of the relationship involving buyer b(c) located in country c,
French exporter s, and product p, and Nqpc is the number of such relationships in the quantile
under study (Rqpc). Durqpc is the empirical counterpart of the expectation term in (3).

Based on this (noisy) measure of conditional expected durations, recovering a relative
measure of relationship stickiness using the following log-linear specification is thus possible:

logDurqpc = FEp + α ln ln
[
P(R ≥ rq−1)
P(R ≥ rq)

]
+ εqpc, (A.2)

where FEp is a product fixed effect, and εqpc is the error term. Because the regression is
estimated on the pooled sample of firm-to-firm relationships involving importers from various
origin countries, we control for unobserved heterogeneity across countries using an additional
set of country-specific fixed effects FEc. The product fixed effect recovered from equation
(A.2) can be interpreted as a measure of the relative stickiness of relationships in product
market p.

To compute the mean duration conditional on a size quantile (Durqpc), we proceed as
follows: (i) We compute the size of a relationship as the average value of transactions involving
a given seller-buyer pair, in constant euros,38; (ii) we assign all the trade relationships to a
size-decile (specific to a product category); and (iii) We take the average duration within each
bin. Each distribution is cut into 10 quantiles, the eight deciles in between the 10th and
the 90th percentiles of the distribution plus a quantile defined by transactions between the
1st and the 10th percentile, and the quantile of transactions between the 90th and the 99th
percentiles.

A.3 External validity tests
Relationship stickiness and intrafirm trade. In Table A.2, we examine whether the
prevalence of intra-firm trade in US product-level trade data is systematically different along
the distribution of relationship-stickiness indicators. Namely, we correlate the relationship-
specific indicator with the share of intra-firm trade in US exports (columns (1)-(2)) and US

38Nominal values are deflated by the French PPI constructed by INSEE.
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imports (columns (3)-(4)). In columns (2) and (4), we further control for additional product-
level characteristics that we know are correlated with RS (see Section 3.2). The share of
intrafirm trade is computed from intra-firm trade data released by the Bureau of Economic
Analysis for year 2002. Intrafirm trade is reported by 6-digit NAICS categories that are
merged with the HS6 nomenclature (version 2002) using the correspondence developed by
Pierce and Schott (2012). We find a positive and significant correlation between the level of
relationship stickiness of a product and its share of intrafirm trade. Relationship stickiness
explains around 10% of the dispersion in the share of intrafirm trade across product categories.

Relationship stickiness and comparative advantages: Nunn (2007) and Levchenko
(2007) provide strong evidence that countries with good contract enforcement specialize in
the production of goods for which relationship-specific investments are most important. We
use this well-established result to test the validity of our measure. We reproduce the same
exercise as Nunn (2007) but working with more disaggregated data recovered from the UN-
COMTRADE database at the 6-digit level of the Harmonized Nomenclature which is merged
with our own measure of relationship stickiness. The results are reported in Table A.3. In
every regression, we further control for the relation-specificity measure developed by Nunn
(2007). In the first three columns, we follow Nunn and explain the value of countries’ exports
at the product level by an interaction term between the quality of the country’s institutions,
as measured by Kaufmann et al. (2010), and the degree of the relationship-stickiness of the
product. In columns (4) and (5), we deviate from Nunn (2007) and consider measures of
specialization that allow us to account for product-country pairs with zero trade flows, namely,
the Balassa index and a dummy identifying Balassa indices above 1.39 We confirm Nunn
(2007) findings that countries with good contract enforcement specialize in the production
of more relationship specific goods. In columns (3) and (5), we show both Nunn’s and our
measures of product stickiness have explanatory power in this regression. When we instead
us the Balassa index as a measure of comparative advantage, the interaction with Nunn’s
measure becomes unsignificant while our indicator remains positively associated with more
trade from countries with good enforcement laws.

Relationship stickiness and the distance effect: In a final sanity check, we investigate
how relationship stickiness interacts with standard determinants of international trade to
shape the geography of trade. Namely, we use the gravity equation and interact the distance
variable with our measure of relationship stickiness. Results are summarized in Table A.4.
Bilateral trade data at the hs6 level are taken from the BACI database for 2005 (Gaulier and
Zignago, 2010). Distance is the weighted distance between countries’ main cities from Mayer
and Zignago (2011). Finally, we also control for the product upstreamness in value chains
and its interaction with distance. Results consistently show the distance effect is magnified
in product markets that display more relationship stickiness. This result is true whatever
the structure of fixed effects, including in the most demanding specification in column (4).
The elasticity of trade to distance also seems to increase for more upstream goods, although
the effect is sensitive to the structure of fixed effects. Interpreting the magnified impact of
distance for high-RS products is not possible in such a reduced-form framework. A possible
interpretation is that information frictions are more stringent in those markets, which on the
one hand increases the cost of switching to a new supplier, and on the other hand induces the
geographic concentration of trade (Rauch, 1999). An alternative interpretation is that stickier
relationships are associated with higher monitoring costs, which increase with distance (Head
and Ries, 2008).

39The Balassa index is computed using BACI multilateral data and is defined as the value of product-level
exports originating from one particular source country over the value of worldwide exports in the same product
category.
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Table A.2: Share of intrafirm trade and relationship stickiness

(1) (2) (3) (4)
Share of intra-firm

exports imports
RS (η) 0.152*** 0.092*** 0.097*** 0.062**

(0.025) (0.034) (0.021) (0.026)
Nunn’ measure 0.409*** 0.202***

(0.066) (0.049)
Upstreamness 0.067*** 0.021*

(0.016) (0.012)
Elasticity (σ) -0.002 -0.008**

(0.006) (0.003)
Observations 439 378 439 378
R-squared 0.074 0.133 0.055 0.075
Robust standard errors are in parentheses with ∗, ∗∗, ∗∗∗ denoting significance at the 10, 5,
and 1% levels.

Table A.3: Institutional comparative advantage

(1) (2) (3) (4) (5)
log(exports) Balassa Index 1Balassa>1

Rule of law
× RS 0.196*** 0.224*** 0.110** 0.010***

(0.034) (0.030) (0.047) (0.003)
× Nunn specif. 0.812*** 1.070*** 0.367 0.041**

(0.100) (0.144) (0.302) (0.020)
× Upstreamness 0.077* 0.041 0.008

(0.045) (0.072) (0.005)
Fixed effects country(122) and sector(4, 326)
Observations 296,185 296,185 292,957 527,406 527,406
R-squared 0.604 0.606 0.609 0.012 0.139

Clustered (country) standard errors are in parentheses with ∗, ∗∗, ∗∗∗ denoting significance at the 10, 5, and
1% levels.
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Table A.4: Gravity for trade in goods with sticky relationship

(1) (2) (3) (4)
Distance (log) -0.553*** -0.370*** -0.521*** -0.893***

(0.015) (0.019) (0.020) (0.025)
- × RS -0.064*** -0.056*** -0.028***

(0.006) (0.006) (0.006)
- × Upstreamness 0.002 0.012** -0.021***

(0.005) (0.005) (0.007)
RS -0.198*** 0.322***

(0.007) (0.051)
Upstreamness 0.044*** 0.026

(0.005) (0.040)
Fixed effects
Exporter X X X

Importer X X X

Product X

Exporter×Product X

Importer×Product X

Observations 5,704,026 5,473,532
R-squared 0.164 0.164 0.285 0.578

Clustered (country) standard errors are in parentheses with ∗, ∗∗, ∗∗∗ denoting sig-
nificance at the 10, 5, and 1% levels.
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Table B.5: Summary statistics on the structure of the dataset

# transac. # sellers # buyers # sellers # buyers # buyer×seller
×products ×products ×products

(1) (2) (3) (4) (5) (6)
EU15 101,085,679 109,456 1,743,157 1,331,702 14,348,859 19,504,028
Belgium 20,093,986 75,611 220,839 644,380 2,567,705 3,680,980
Germany 19,591,647 61,949 380,942 500,587 2,690,140 3,609,025
Italy 12,766,637 52,825 302,048 386,961 2,185,160 2,835,711
Spain 12,696,214 54,079 259,753 424,676 1,973,209 2,537,203
UK 10,592,077 49,920 173,118 364,629 1,368,087 1,971,993
Netherlands 6,313,236 45,401 110,954 274,736 815,679 1,145,419
Portugal 4,940,157 34,244 77,370 242,825 785,200 1,048,799
Luxemburg 3,161,404 32,178 25,376 204,952 420,501 579,303
Austria 2,392,499 23,368 44,254 133,799 349,275 448,760
Greece 2,040,793 20,829 36,768 142,327 314,962 433,051
Sweden 2,029,067 20,934 36,153 119,912 270,737 358,207
Denmark 1,993,252 23,877 34,368 130,478 264,146 366,991
Ireland 1,391,572 18,062 23,445 95,108 205,661 297,275
Finland 1,083,138 14,499 17,769 78,293 138,397 191,311
Notes: This table is based on French customs firm-to-firm data for 1996-2006. The first line corresponds
to all countries, and the rest of the table gives statistics for individual countries. Column (1) reports the
number of transactions, a transaction being defined as a trade flow in a given month and year, involving
a particular seller-buyer pair, for a given product. Column (2) is the number of exporters observed over
the period. Column (3) is the number of importers. Column (4) is the number of seller-product pairs.
Column (5) is the number of buyer-product pairs. Column (6) is the number of seller-buyer-product triplets
observed over time, also called “relationships” in the rest of the paper.

B Additional results
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Figure B.1: Distribution of the number of transactions, per buyer×product
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Notes: Cumulated distribution of the number of transactions per foreign buyer (×product). A
transaction is the purchase of a particular good, to a given seller, in a given month. The light grey
line corresponds to the share in the population of buyers and the dark line measures what this
represents in the overall value of exports.

Table B.6: Descriptive statistics on the duration of firm-to-firm relationships

Mean Median P25 P75
Mean duration 18 10 3 25
Frequency of transactions 0.332 0.222 0.095 0.500
Proba Recall 0.013 0.000 0.000 0.000

Notes: This table gives statistics on the distribution of durations, frequencies, and recall
probabilities, across importers connected to French firms. The “Mean duration” of a buyer’s
relationships with French firms is computed as the mean number of months between its first
transaction with a given supplier and the next transaction with a different partner. The
“Frequency of transactions” is the probability of observing a transaction within a month,
computed as the number of transactions divided by the total number of months the buyer
is present in the data. Finally, “Proba Recall” is the probability that a buyer switches to
a French exporter that it had already interacted with in the past and is computed as the
number of recalls of an already known supplier divided by the number of switching episodes.
Statistics are calculated on the dataset covering the 1996-2006 period.
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Figure B.2: Distribution of the number of partners, per buyer/seller and date
(month×year), without conditionning on a particular product
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Notes: Cumulated distributions of the number of partners a French exporter interacts with in a
given country (bottom panel), and the number of partners a foreign buyer interacts with within
a particular month (top panel). Both statistics are calculated across products within a firm. The
number of partners is calculated over the sub-sample of importers (resp. exporters) that are involved
in at least two transactions over the period of analysis ("All"), and at least 5, 10 and 50 transactions.
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Table B.7: Duration and the size of trade flows

(1) (2) (3)
Log of duration

Log of mean exports .041*** .070*** .237***
(.000) (.000) (.001)

Observations 6,904,758 6,904,585 3,331,224
R2 0.003 0.151 0.242
Within R2 0.003 0.007 0.057
Fixed effects Product Product×

buyer

Notes: This table correlates the duration of a relationship with a measure of
the size of this transaction. Statistics are calculated on the dataset covering
the 1996-2006 period. Standard errors are in parentheses. Significance levels:
∗ 10%, ∗∗ 5%, ∗ ∗ ∗ 1%.

Figure B.3: Relationship stickiness across Broad Economic Categories
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Notes: Boxplot of relationship stickiness across Broad Economic Categories (BEC). Link between
the two measures based on the correspondence between 2003 BEC and HS 2002 nomenclature.
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Table B.8: Correlation with moments of French data

Reg. RS on: β R2
Share buyers active a single month -0.95*** 0.068

(0.038)
Share buyers matched with multiple suppliers -3.78*** 0.118

(0.111)
Product-level HHI 0.17*** 0.010

(0.018)
Product-level dispersion in unit values 0.10*** 0.03

(0.006)
Value share of wholesalers -0.26*** 0.032

(0.016)
Notes: Coefficients obtained from the regression of the measure of relationship stick-
iness on different statistics computed on French data. Share buyers active a single
month is the share of buyers within a product category that import only once over the
period. Share of buyers with many suppliers is the share of buyers within a product
category that import a given product from several French suppliers within a given
month. Product-level HHI is the Herfindahl index computed for each product cat-
egory using firm-level exports. Product-level dispersion in unit values is computed
as the interquartile range of unit values with product categories. Value share of
wholesalers is the share of French exports within a product category that is made
up by firms identified as retailers or wholesalers. Standard errors are in parentheses.
Significance levels: ∗ 10%, ∗∗ 5%, ∗ ∗ ∗ 1%.

46



Figure B.4: Heat map of the uncertainty series
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Notes: The figure shows a heat map of the World Uncertainty Index, in the panel under study.
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Table B.9: Uncertainty and the creation of new trade relationships: Spillovers and
persistence

(1) (2) (3) (4)
Dep. var: # new trade relationships

Uncertainty 0.27∗∗∗ 0.25∗∗∗

(0.007) (0.006)
- × RS index -0.12∗∗∗ -0.12∗∗∗ -0.10∗∗∗ -0.08∗∗∗

(0.002) (0.002) (0.002) (0.002)
Uncertainty other countries -0.01∗∗∗

(0.002)
- × RS index -0.002∗∗ -0.003∗∗∗

(0.001) (0.001)
Uncertainty × Lag 1 0.19∗∗∗

(0.005)
- × Lag 2 0.25∗∗∗

(0.005)
- × Lag 3 0.19∗∗∗

(0.005)
- × Lag 4 0.22∗∗∗

(0.006)
Uncertainty × RS Index × Lag 1 -0.08∗∗∗ -0.07∗∗∗

(0.002) (0.002)
- × Lag 2 -0.09∗∗∗ -0.07∗∗∗

(0.002) (0.002)
- × Lag 3 -0.08∗∗∗ -0.06∗∗∗

(0.002) (0.002)
- × Lag 4 -0.08∗∗∗ -0.04∗∗∗

(0.002) (0.002)
Observations 3,637,726 3,637,726 3,636,211 3,637,726
Fixed Effects
Product × period X

Product × quarter X X X

Country X X

Country × period X X
Notes: Poisson estimations with high-dimensional fixed effects. Uncertainty shocks is a dummy
equal to one in periods when uncertainty in the destination country is below average uncertainty
minus one s.d. of uncertainty. RS is our measure of relationship stickiness. Trade diversion
examined in columns (1) and (2). Persistence examined is columns (3) and (4). Standard errors
are in parentheses. Significance levels: ∗ 10%, ∗∗ 5%, ∗ ∗ ∗ 1%.
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Table B.10: Uncertainty and trade growth: margin decomposition

(1) (2) (3) (4)
Dep. var: Growth =Start + End + Intensive

RS index -0.02 -0.31∗∗∗ 0.27∗∗∗ 0.01
(0.017) (0.012) (0.008) (0.006)

Vol. of returns -0.18∗∗∗ -0.09∗∗∗ -0.08∗∗∗ -0.01∗∗∗

(0.006) (0.004) (0.003) (0.002)
- × RS index 0.01∗∗∗ -0.01∗∗∗ 0.02∗∗∗ -0.00

(0.002) (0.001) (0.001) (0.001)
Level of returns -0.01∗∗ 0.01∗∗∗ -0.02∗∗∗ -0.01∗∗∗

(0.005) (0.003) (0.002) (0.002)
- × RS index 0.01∗∗∗ -0.01∗∗∗ 0.01∗∗∗ 0.01∗∗∗

(0.002) (0.001) (0.001) (0.001)

Observations 3,538,965 3,538,965 3,538,965 3,538,965
Notes: OLS estimation. Growth is the 12-month growth of product-level French ex-
ports to a destination. Start, end, and intensive are the different growth margins,
namely the number of new seller-buyer relationships, the number of disrupted re-
lationships, and the evolution of seller-buyer sales along the intensive margin. The
level and volatility of stock returns are from (Baker et al., 2020). RS index is our
measure of relationship stickiness, which is not centered (Mean: 2.9, P05: 1.8, P95:
3.5). Significance levels: ∗ 10%, ∗∗ 5%, ∗ ∗ ∗ 1%.
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