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Abstract

This paper quantifies the value of importer-exporter relationships. Almost 80

percent of U.S. imports take place in pre-existing relationships, with sizable het-

erogeneity across countries. Further, the traded quantity and survival probability

increases as a relationship ages. We develop a dynamic general equilibrium trade

model with learning that is consistent with these facts. Our model-based measure

of relationship value explains survival during the 2008-09 crisis. Knowledge accu-

mulated within long-term relationships is quantitatively important: wiping out all

memory from previous interactions, on average, reduces consumption by 5 percent

on impact and by 48 percent over the transition back to steady state.
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1 Introduction

Successful firm-to-firm relationships are central to modern production, as interme-

diate inputs often pass from one firm to another. Economists have long argued

that interactions between firms are not frictionless (for example, Coase (1937) and

Grossman and Hart (1986)). Enforcement of contracts between firms may be im-

perfect (Baker et al. (2002)) and bargaining under asymmetric information may

be inefficient.1 That said, excepting theories of how multinational firms source

and organize production (such as Antràs (2003) and Antràs and Helpman (2004)),

theoretical models in macroeconomics and international trade typically abstract

from transactional frictions. Recent work by Macchiavello and Morjaria (2015)

has shed new light on those frictions, providing microeconomic evidence on the

value of relationships in Kenyan rose exports. Building on Araujo et al. (2012),

they show that relational contracts and learning are central to firms’ production

decisions and responses to shocks.2

Exploiting U.S. census data, this paper extends this line of research in two

distinct ways. First, it documents the importance of continuing relationships in

data that cover the universe of transactions between U.S. importers and their

foreign suppliers: 80 percent of trade occurs in established relationships. Second,

it embeds a model of imperfect contract enforcement and learning into a general

equilibrium trade model. Calibrating the model to the data and solving for the

dynamic evolution of trade patterns, we quantify the value of relationships and

estimate the welfare effects of “relationship shocks”. We find immediate losses

of, on average, 5 percent of annual consumption from wiping out all relationship-

specific knowledge, with total losses averaging 48 percent of annual consumption.

We start by establishing several facts. First, long-term relationships are central,

with almost half of U.S. imports in importer–exporter relationships that are three

1See Levin (2003), MacLeod (2003), and Halac (2012).
2In related work, Antràs and Foley (2015) reveal that learning also plays a key role for the

dynamics of payment terms in international trade.
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years old or older.3 Second, the importance of relationships differs substantially

by country, with 62% of U.S.-Japan trade in relationships that are over three years

old, for example, compared with 33% of U.S.-Spain trade. These differences are not

driven by sectoral specialization at the country level. Third, the amount traded

within a relationship rises as it ages, a result that is robust to accommodating

“partial year effects”.4 Fourth, the probability a relationship survives increases as

it ages. Finally, we find that source countries with better institutions tend to have

longer relationships.

Motivated by these findings, we set up a dynamic general equilibrium trade

model where importers learn about the quality of their supplier at a speed that

differs by source country.5 An importer believes they will receive a usable product

from a new supplier with some country-specific probability. With each successful

interaction, the importer’s belief about the supplier’s suitability improves, leading

to an increase in the quantity traded and a greater probability of survival. We

quantify the value of a relationship as the expected future stream of profits from

that relationship, a term that varies both by supplier country and with relationship

age.

The model is calibrated to U.S. import data. We estimate separate parameters

for each of the top 10 trading partners of the United States, using moments from

each country’s distributions of relationships and trade across age cohorts. The

parsimonious model generates age distributions that closely match those in the

3This statistic refers only to arm’s-length importer–exporter relationships. Including related-
party trade would increase this fraction.

4“Partial year effects”, a term coined by Bernard et al. (2017), refers to the differences in
growth rates for firms that begin trading in January of a year compared to those that begin in
December. We address this concern by showing that our result on trade growth within relation-
ships also holds when only looking at relationships that started trading in the first quarter of a
year.

5There are several alternatives to a learning model that one could consider. While simple
models of long-term contracts or relationship switching costs would be inconsistent with our
finding that trade increases within relationships over time, a model of relationship-specific in-
vestment could generate similar patterns. However, to match the data, such a model would have
to feature relationship dynamics that differ across countries.
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data. Computing relationship values with this calibration implies that long-term

relationships are, on average, 21.2 times more valuable than new relationships,

with a maximum of 79 (France) and a minimum of 5.1 (China).

The 2008-2009 Financial Crisis provides an opportunity to test the underlying

mechanism of our model. When faced with a large shock like the 2008-09 crisis, an

importer will drop relationships, keeping those that are more valuable. The learn-

ing model not only implies that older relationships are more valuable, but also

that the value among relationships of the same age differs across source countries.

We find that the value of a relationship as predicted by our calibrated model can

indeed explain relationship survival during the financial crisis, even when control-

ling for relationship age. This result is in line with the presented learning model

but difficult to rationalize in alternative models where relationship dynamics are

homogeneous across countries.

Lastly, we solve the model numerically and quantify how disruptions to rela-

tionships affect welfare. Our first experiment is meant to simulate the effects of

a temporary disruption in trade that could be cause be caused, for example, by a

tariff war. It studies the effects of a “reset” of all relationships, meaning that all

established relationships are wiped out and replaced with the same number of new

relationships. Output declines sharply and only slowly moves back to steady-state

levels, taking several years. The effect of the shock differs across countries: as one

example, resetting all relationships is more costly for Germany than for the United

Kingdom because, in Germany, long-term relationships have higher survival prob-

abilities and therefore contribute more to overall trade. Across all countries in our

model, the total consumption loss in the transition back to a steady state averages

48 percent of the annual steady-state value of consumption, with an initial loss on

impact of 5 percent. In a contrasting experiment meant to capture a large-scale

macro shock such as the Asian Financial Crisis, we show the effects of simply

wiping out all existing relationships without replacement. This means that the

economy not only loses the knowledge accumulated in old relationships, but also
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has to bear the additional costs of recreating all relationships. Initial losses are

larger in this scenario because more resources are diverted to cover entry costs.

The dynamic path back to steady state, however, looks very similar, as the learn-

ing structure is unchanged. To sum up, relationships represent a type of capital

for firms, and disruptions to those relationships translate into worse performance

for firms and lower welfare for consumers over multiple years.

There is a burgeoning literature that, like our paper, uses “two sided” inter-

national trade data to study relationships. Blum et al. (2013) use linked data

on importers and exporters in Latin American, showing that firms that export

only occasionally often export the same goods to the same importers. Eaton et

al. (2014) study relationships between Colombian exporters and U.S. importers.

They calibrate a search and matching model with learning to match exporter de-

cisions, including sales, number of clients, and transition probabilities. Kamal and

Sundaram (2016) use the same data to determine how likely Bangladeshi textile

producers are to follow other exporters in the same city in exporting to a particular

partner. Monarch (2014) applies a dynamic discrete choice model to the sourcing

decisions of U.S. importers over time to estimate the cost of switching suppliers.

Two-sided trade data are also used to study the effects of firm heterogeneity on

trade: Bernard et al. (forthcoming) use Norwegian trade data to develop a model

of relationship-specific fixed costs of exporting.6 Carballo et al. (2013) look at rela-

tionships in several Latin American countries and develop a model to analyze the

role of competition. Heise (2015) studies the effects of firm-to-firm relationships on

price rigidity and exchange-rate pass-through using U.S. importer data and finds

that prices grow within a relationship as trade increases. We complement this

literature by focusing on cross-country heterogeneity in relationship patterns and

using it to quantify the value of relationships.

A set of papers directly study the role of long-term relationships for interna-

6Benguria (2015) also studies two-sided heterogeneity, using data from Colombia.
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tional trade with more disaggregated data.7 Egan and Mody (1992) provide survey

evidence that importers from developed countries initiate emerging-economy trade

relationships with very small purchases. Rauch and Watson (2003) rationalize this

finding in a model with importer learning. In their model, relationship persistence

is the result of a dynamic trade-off between the per-period costs of a supplier and

the reliability of other potential partners. McLaren (1999) examines the circum-

stances under which firms base their relationships on trust instead of contracts,

and uses it to understand international differences in supplier relations. Macchi-

avello and Morjaria (2015) study Kenyan rose exporters and find that the value of

a relationship increases with age. They also show that in long-run relationships,

buyers have already learned the type of the seller, and, therefore, no costly signal-

ing is necessary in times of crisis. Heise et al. (2015) study how changes in trade

policy may affect the organization of supply chains. Our results on the resilience

of long-term relationships during the 2008-09 crisis also relate to work by Carballo

(2016), who shows that firm exit during the Great Trade Collapse was lower for

integrated firms.

Our model directly builds on Araujo et al. (2016), who study learning by ex-

porters and test reduced-form predictions with Belgian firm-level data.8 In the tra-

dition of the seminal work of Jovanovic (1982), a number of other papers consider

7Earlier work on buyer-supplier relationships in international trade centered on the study
of networks. Rauch (2001) surveys the potential for transnational cultural networks to reduce
barriers to entry, and Rauch and Watson (2004) present a model where economic agents use their
networks to produce or export more efficiently or to become an intermediary. Krautheim (2012)
models how information sharing in networks may affect the fixed costs of exporting and thereby
the measured effects of distance on trade. Chaney (2014) studies a dynamic model where firms
search for additional trade opportunities through their networks.

8Our work is also related to the wider literature on learning and entry. Impullitti et al. (2013)
develop a model of entry and exit where firms pay sunk costs to start exporting and face per-
sistent productivity shocks. Besedeš and Prusa (2006) study the effect of product differentiation
on U.S. importer relationships with their suppliers. Besedeš (2008) finds that reliable suppliers
lead to longer relationships and larger export orders, while only a small fraction of relationships
end as a result of switching behavior. Timoshenko (2015a) looks at Colombian firm-level data
to distinguish between the role of sunk costs and learning for the persistence of exporting. Tim-
oshenko (2015b) finds that new exporters do more product switching, and develops a model of
learning that rationalizes this finding.

5



firm learning in different contexts, such as its relationship with exports (Albornoz

et al. (2012)), foreign demand (Ruhl and Willis (2017)), growth (Arkolakis et al.

(forthcoming)), and international prices (Bastos et al. (2015)).

Finally, our work adds to the wider literature on trade dynamics. Alvarez and

Lucas (2007) develop a dynamic solution to the general equilibrium trade model of

Eaton and Kortum (2002), while Eaton et al. (2016) embed this framework in an

international real business cycle model. Several papers study how firm behavior

shapes aggregate trade dynamics. Ruhl (2008) examines the extensive margin of

trade and its implications for trade elasticities. Atkeson and Burstein (2010) model

the dynamic product and process innovation decision of exporters. Alessandria and

Choi (2014) show that long-term gains of tariff cuts are larger when not only sunk

costs of exporting, but also continuation costs, are taken into account. Alessandria

et al. (2014) consider the sluggish response of trade volumes to changes in trade

barriers or price shifts by modeling the buildup of a firm’s exporting capacity over

time.

In sum, our paper contributes to the literature in three ways. First, it docu-

ments the importance of long-term relationships across countries using the universe

of U.S. import data. Second, it embeds a model of imperfect contract enforcement

and learning into a dynamic general equilibrium model, and, after calibrating it to

the data and solving for the dynamic transition path of the economy, provides a

quantitative evaluation of the value of relationships. Third, it studies relationship

survival during the 2008-09 crisis, finding support for a learning model featuring

differential speeds of learning across countries.

The rest of the paper is organized as follows. Section 2 describes the importer–

exporter data and presents empirical findings on trade relationships. Section 3

discusses the model of supplier learning and how it fits into a general equilib-

rium framework. Section 4 describes the calibration exercise and the quantitative

evaluations. Section 5 concludes.

6



2 Empirics

2.1 Data definitions and cleaning

The data come from the Longitudinal Foreign Trade and Transaction Database

(LFTTD), which is collected by U.S. Customs and Border Protection and main-

tained by the U.S. Census Bureau. Every transaction in which a U.S. company

imports or exports a product requires the filing of Form 7501 with U.S. Cus-

toms and Border Protection, and the LFTTD contains the information from these

forms.9 There are typically close to 50 million transactions per year. In this paper,

we utilize the import data, which include quantity and value exchanged for each

transaction, Harmonized System (HS) 10 product classification, date of import

and export, port information, country of origin, and a code identifying the foreign

exporting partner.10 Known as the manufacturing ID, or MID, the foreign partner

identifier contains limited information on the name, address, and city of the foreign

supplier.11 Kamal and Monarch (2018) find substantial support for the use of the

MID as a reliable, unique identifier, both over time and in cross-section. Pierce

and Schott (2012), Monarch (2014), Kamal and Sundaram (2016), Eaton et al.

(2014), and Heise (2015) have all used this variable in the context of studying U.S.

firm relationships in international trade.

For our analysis, we eliminate related-party transactions, as U.S. firms who are

importing from foreign affiliates will likely have very different relationship dynamics

than those involved in arm’s-length transactions. U.S. importers whose domestic

operations are classified as wholesale or retail are also dropped. We follow the

methods of Bernard et al. (2009) for cleaning the LFTTD. Specifically, we drop all

9Approximately 80 to 85 percent of these customs forms are filled out electronically (Krizan
(2012)).

10Importantly, only the import data contains information on both sides of a trade transaction;
the U.S. export data does not identify the purchaser of the exported goods.

11Specifically, the MID contains the first three letters of the producer’s city, six characters from
the producer’s name, up to four numeric characters from its address, and the ISO2 code for the
country of origin.
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transactions with imputed quantities or values (which are typically very low-value

transactions) or converted quantities or values. All of our results come from the

U.S. import data on relationships from 1997 through 2011.

Finally, some definitions: an importer is a U.S. importing firm, while an

exporter is a non-U.S. firm identified by the MID as exporting to the United

States. A relationship is an observation of an importer–exporter combination.

The age of a relationship is how many consecutive years that relationship has

appeared in the U.S. import data, with the first observation of a relationship

considered to be age 0.12 We call the distribution of relationship counts over

different ages the count distribution, and the distribution of trade values across

relationships of different ages the value distribution.

2.2 Empirical Findings

Most trade is in long-term relationships. Table 1 presents a breakdown of

U.S. arm’s-length imports in 2011 by the age of relationships. Two points stand

out. First, the largest fraction of trade (47%) occurs in long-term relationships–

those of three or more years– while new relationships account for only about one–

fifth of U.S. imports.13 Second, new relationships account for the vast majority of

total relationships in 2011.

The complete distributions for 2011 are shown in Figure 1: both the count

distribution and the value distribution decrease nearly monotonically with age.14

In line with Table 1, the value distribution is much more skewed toward higher

ages.

12The distinction between consecutive and non-consecutive years of a relationship makes little
difference to any of the findings below. Results using non-consecutive years of a relationship are
available upon request.

13A one-year-old relationship is one that has appeared in two consecutive years of data.
14Any relationship 11 years or older is classified as 11 years old. The uptick in traded value for

relationships for the final segment is explained by this simplification; extending the maximum
age of a relationship forward more years smoothes the tail of the distribution.
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These facts mask substantial heterogeneity in the age structure of trade at the

source-country level. Table 2 presents a summary of the count distributions and

value distributions for the top 20 trading partners of the United States. There is

a wide range for the share of long-term trade across countries: 33 percent of U.S.

arm’s-length imports from Spain occur in long-term relationships, but 67 percent

of imports from Taiwan do. Taiwan also has roughly double the share of long-

term relationships as Spain. There is a positive correlation between the share of

long-term relationships and the share of trade in long-term relationships, shown in

Figure 2.

If these differences in the age structure of trade were the result of product spe-

cialization across source countries, the interpretation of the above findings would

be quite different. To investigate this possibility, we conduct two exercises.

First, we check whether countries with more trade in old relationships in the

aggregate also have more trade in old relationships at the sectoral level. More

specifically, we calculate each country’s share of trade in older relationships in the

aggregate (as in Table 2), as well as for textiles (HS2 50-63), machinery and elec-

trical goods (HS2 84-85), and footwear/headgear (HS2 64-67). We then calculate

rank correlations to see if the country orderings within industries are similar to

the aggregate country ordering. Results are presented in Table 3: the correlations

are all positive, implying that aggregate and sector-level patterns are similar.

Second, we run regressions that confirm specialization across sectors does not

drive the age composition of relationships across countries. We regress the country-

sector share of trade in an relationship on country fixed effects. We then add sector

fixed effects to the regression. The country fixed effects obtained from these two

regressions are extremely similar – with a correlation of 0.98 (0.94) when looking

at the number of (value of trade in) old relationships.

These two exercises imply that the heterogeneous trade shares of relationships

across countries are not driven by the sectoral composition of exports.
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Trade increases as relationships age. The differences between the count dis-

tributions and the value distributions imply that, on average, older relationships

trade more. One explanation for this finding is that the amount traded within a

surviving relationship increases over time.

To track trade within relationships, we generate cohorts of newly formed rela-

tionships for each year from 1998 to 2006 and follow them over time.15 Table 4

presents the results of the following regression with relationship fixed effects:

𝑉 𝑎𝑙𝑢𝑒𝑚𝑥,𝑡 =
𝐾∑︁
𝑘=1

𝛽𝑘1 [𝐴𝑔𝑒𝑚𝑥,𝑡 = 𝑘] + 𝑓𝑚𝑥 + 𝑢𝑚𝑥,𝑡 (1)

where 𝑉 𝑎𝑙𝑢𝑒 is the log value of trade between a U.S. importer 𝑚 and an exporter

𝑥 at time 𝑡, 𝐴𝑔𝑒 is the age of that relationship at time 𝑡 (with 𝐴𝑔𝑒0 - the first

year a relationship is found- is omitted), and 𝑓𝑚𝑥 is a relationship fixed effect. The

regression is run separately for relationships that last a total of 𝐾 = 5, 7, 10, and

13 years.

As can be seen from the left panel of Table 4, as a relationship ages, the amount

traded increases. As a relationship moves closer to its end, trade falls off, but for all

relationships, trade initially grows over multiple years.16 Importantly, this result

is robust to accounting for “partial year effects”- recent work by Bernard et al.

(2017) has shown firms that start exporting in January trade much more in a year

than firms that start exporting in December. To correctly calculate trade growth

for the first year, one needs to account for this pattern. As can be seen in Columns

(5)-(8) of Table 4, even when looking only at relationships that began in January,

February or March (where partial-year effects should be minimal), trade increases

15A new relationship in 1998 is one not found in 1997, our first year of data. The most recent
year of data is 2011.

16Heise (2015) performs a similar exercise, also using the LFTTD data. He builds a model with
productivity shocks that can account for the fall-off in trade toward the end of a relationship.
While, in principle, it should be possible to add his mechanism to our model, this addition would
raise substantial computational challenges.
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in relationship age.17 The results are presented graphically in Figure 3 by graphing

the 𝛽𝑘 terms for 𝐾 = 5, 7, 10, and 13-year relationships, where Panel A shows

the entire sample of relationships, and Panel B plots only those relationships that

started exporting in the first quarter of the year.

The survival probability increases as relationships age. We next explore

the survival probability of a trading relationship. Figure 4 shows the conditional

survival probability of a relationship by age: what share of relationships of age 𝑘

in 2010 survive into 2011? The figure shows that the older a relationship is, the

higher the likelihood that relationship survives an additional year.

A proportional hazard model of relationship survival that accounts for the

effects of importer size, exporter size, and source country institutional quality

allows greater precision for calculating survival probabilities. Following cohorts

of new relationships, we define the hazard as the disappearance of a relationship.

Echoing the picture in Figure 4, Figure 5 shows that there is little decline in

survival– the probability a relationship survives at least to age 𝑘– after age 4.

This finding is not driven by firm-level entry and exit. When estimating the

probability of relationship survival on the sample of firms existing for 3 years or 7

years (approximating a balanced panel of firms) we find qualitatively similar results

for the survival model. Because we also control for total importer and exporter

firm size, firm-level trends are not driving these findings.18 Nor is it the case that

relationships with larger initial trade volumes are driving these results; including

first-year relationship size in the hazard model specification does not alter the

finding that the probability of survival is lowest for the youngest relationships.

Source countries with better institutions have longer relationships. Hav-

ing shown the importance of long-term relationships in international trade, we now

17We will also account for these effects when we estimate our model.
18We proxy importer size by total imports and exporter size by total exports to the United

States.
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consider the determinants of relationship ages across countries through reduced-

form regressions that control for firm and product characteristics.

Our specification is as follows:

𝑅𝑒𝑙𝐿𝑒𝑛𝑔𝑡ℎ𝑚𝑥 = 𝛽𝑚𝑌𝑚 + 𝛽𝑥𝑌𝑥 + 𝛽𝑐𝑌𝑐 + 𝑓𝑖 + 𝑢𝑚𝑥, (2)

where 𝑅𝑒𝑙𝐿𝑒𝑛𝑔𝑡ℎ is the age of a relationship in 2011 between U.S. importer 𝑚 and

exporter 𝑥. 𝑌𝑚 and 𝑌𝑥 are sets of importer or exporter controls, which include the

following variables for importers and exporters: firm age (where firm “birth” is

proxied by the first year of appearing in U.S. import data), firm size (proxied by

total imports), number of relationships, and number of products traded. Regres-

sions also include importer-industry fixed effects 𝑓𝑖.
19 𝑌𝑐 is a set of country controls

that includes rule of law, per capita GDP, distance from the United States, a trade

agreement dummy, and an OECD membership dummy.20

Columns (1) to (5) of Table 5 present the results. The regressions show that

U.S. importers have longer relationships with exporters from countries with better

institutions (higher rule of law).21 Interestingly, despite its general importance

for trade levels and patterns, distance is uncorrelated with relationship length.

Similarly, Free Trade Agreements do not seem to affect the age of relationships.

In contrast, source countries with higher GDP per capita tend to have longer

relationships– an effect that disappears when including the OECD dummy.

To sum up, in this section we show that long-term relationships are a meaningful

component of international trade: almost half of U.S. imports occur within older

relationships. Distributions for individual source countries vary greatly. Second, as

a relationship ages, trade increases and the relationship itself becomes more likely

to survive an additional year. Third, long-term relationships are more likely to

19Because importers can import from more than one industry, we assign each importer the
HS2 industry that it imports the most from.

20The rule of law variable comes from Kaufmann et al. (2010).
21These results are robust to restricting the sample to only machinery and electric technological

products (HS 84-86) or to textile products (HS 50-63).
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arise in countries with good institutions or higher per-capita GDP. Guided by these

facts, we develop a model of relationships and learning, calibrate its parameters

country by country, and analyze the value of relationships.

3 Model

This section outlines a model of learning in trade relationships, applying the model

of exporter learning about foreign demand from Araujo et al. (2016) to the context

of U.S. importers learning about individual foreign suppliers.

3.1 Basic Setup and Learning

An importer is matched randomly with an exporter. The importer requires a spe-

cific intermediate input and is unsure if the exporter can produce according to their

specification. There are two types of exporters. With probability ̂︀𝜃, an exporter is

reliable. That is, it has a manager who ensures that production occurs according

to the importer’s specification. With probability 1 − ̂︀𝜃 the exporter is unreliable,

meaning its manager is ineffective in ensuring quality deliveries. However, even if a

manager is ineffective, the underlying quality of the firm (including the education

of its workers, its experience in production, etc.) may ensure that a particular

shipment is usable. This event occurs with probability 𝜆.

The timing is as follows. First, the importer pays the exporter. Importantly,

the payment takes place before the importer can evaluate the suitability of the

intermediate input.22 In addition, there is imperfect contract enforcement, that

is, the importer cannot punish the exporter for delivering unusable inputs over

and above ending the relationship. Second, the exporter delivers the input to the

importer. If the input is suitable for production, the importer produces the final

22That is, the importer has to fully pay before delivery – cash-in-advance payment. Or, the
importer may pay after delivery but without having sufficient time to verify the quality of the
input before paying. We show in appendix D how this assumption can be relaxed.
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output and sells it to consumers. Finally, the importer decides whether to continue

transacting with the exporter. A relationship will only be continued if the prior

shipment was usable. Relationships can also dissolve for exogenous reasons with

probability 𝛿 ∈ (0, 1). The maximum age a relationship can last is 𝐾.

Bayesian updating As there are two types of suppliers in the economy, learning

plays a central role. Initially, buyers believe (correctly) that the probability the

supplier’s manager is effective is equal to the population mean, ̂︀𝜃. Every period

that a relationship survives, buyers update their beliefs according to Bayes’ rule.

If a buyer has successfully purchased from a supplier for 𝑘 periods, the posterior

probability that the manager is effective can be derived as:

𝜃𝑘 =
̂︀𝜃̂︀𝜃 + (︁1− ̂︀𝜃)︁𝜆𝑘

. (3)

Importantly, the probability only changes with the length of time that a buyer has

been buying from the same supplier. It is easy to see that for large 𝑘, 𝜃𝑘 converges

to 1; that is, the buyer is almost certain that the manager is effective.

Note that for tractability, we assume that the share of reliable firms is a fixed,

time-invariant parameter. That is, we assume that the pool of potential suppliers

is so large that relationship creation and destruction does not affect the share of

reliable firms in the pool.23

The delivery probability Consider again a relationship of age 𝑘. The buyer

will receive the goods from the supplier next period under two scenarios: either

the manager is effective (an event with expected probability 𝜃𝑘), or the manager

is not effective, but the supplier delivers a suitable product anyway (an event with

expected probability (1− 𝜃𝑘)𝜆). Thus, after 𝑘 successful transactions, the delivery

23In our analysis, this simplifying assumption is crucial as we want to study dynamic transition
paths of the economy. If we were only interested in steady-state behavior, we could follow Araujo
and Ornelas (2007) who derived some results for the case where ̂︀𝜃 is endogenous.
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probability is:

𝜃𝑘 = (𝜃𝑘 + (1− 𝜃𝑘)𝜆) =

⎛⎝ ̂︀𝜃̂︀𝜃 + (︁1− ̂︀𝜃)︁𝜆𝑘

⎞⎠ (1− 𝜆) + 𝜆. (4)

The delivery probability is a key object in the model. It is increasing in 𝑘, the age

of the relationship, as well as in 𝜃, the fraction of effective managers in the source

country.24

There are two competing effects of the parameter 𝜆 on the delivery probability.

Countries that have better firms (a higher 𝜆) have a higher initial delivery proba-

bility 𝜃0, but slower learning, meaning smaller increases in the delivery probability

over time.25 The differences can be seen in Figure 6, which illustrates the delivery

probability for both high and low 𝜆. For young relationships, the direct effect of 𝜆

dominates, and the delivery probability is higher for higher 𝜆. For older relation-

ships, the negative effect on 𝜃𝑘 from slower learning is more important, generating

a delivery probability that is lower for higher 𝜆.

Relationship survival A relationship of age 𝑘 survives for another period if it

is not hit by the exogenous dissolution shock and if there is a successful delivery.

It therefore survives with (conditional) probability: 𝑠𝑢𝑟𝑣𝑘 = (1− 𝛿)𝜃𝑘. Using this

expression and Equation (4), it is straightforward to see that, matching our em-

pirical finding, as a relationship ages (𝑘 ↑), the conditional probability of survival

increases, converging to 1− 𝛿.

The probability that a relationship is still alive after 𝑘 periods, 𝑎𝑙𝑖𝑣𝑒𝑘, can be

defined recursively: it is the probability a relationship is still alive after 𝑘−1 periods

times the probability of surviving from age 𝑘 − 1 to 𝑘: 𝑎𝑙𝑖𝑣𝑒𝑘 = 𝑎𝑙𝑖𝑣𝑒𝑘−1𝑠𝑢𝑟𝑣𝑘−1.

Because the probability a relationship is alive at least 0 periods is 1 (that is,

24 𝜕
𝜕𝜃

(︂ ̂︀𝜃̂︀𝜃+(1−̂︀𝜃)𝜆𝑘

)︂
= 𝜆𝑘

(−𝜃𝜆+𝜃+𝜆)
2 > 0.

25𝜃0 = 𝜃 +
(︁
1− 𝜃

)︁
𝜆.
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𝑎𝑙𝑖𝑣𝑒0 = 1), we have:

𝑎𝑙𝑖𝑣𝑒𝑘 = (1− 𝛿)𝑘
(︁
𝜆𝑘(1− 𝜃) + 𝜃

)︁
. (5)

3.2 The Trade Model

We consider a Krugman (1980) two-country trade model with dynamics occurring

through the evolution of beliefs described previously. Demand for the final good

of a monopolistic-competitive supplier has a constant elasticity of substitution 𝜎.

There is also a fixed cost of production 𝑓𝐸, marginal cost 𝑐, and an iceberg trade

cost 𝜏 .26 Let 𝑝𝑖𝑖 refer to the domestic price in countries 𝑖 = 1, 2 and 𝑝𝑖𝑗 refer to

the price paid in country 𝑗 for a good from country 𝑖. We add a superscript 𝑖 to

the probability a quality input is delivered by a particular age group 𝑘 in country

𝑖, 𝜃𝑖𝑘. Assume that for domestic sales, there are no iceberg costs (that is, 𝜏 = 1)

and there is no problem in delivering the right quality.27

Firm profits Consider the profits of a firm in country 𝑖 at time 𝑡 of age 𝑘:

𝜋𝑖
𝑡,𝑘 = 𝑝𝑖𝑖𝑡,𝑘𝑞

𝑖𝑖
𝑡,𝑘 + 𝜃𝑖𝑘𝑝

𝑖𝑗
𝑡,𝑘𝑞

𝑖𝑗
𝑡,𝑘 − 𝑞𝑖𝑖𝑡,𝑘𝑐

𝑖𝑤𝑖
𝑡 − 𝜏𝑞𝑖𝑗𝑡,𝑘𝑐

𝑖𝑤𝑖
𝑡 − 𝑓𝐸, (6)

26Since in our empirical work, we found no relationship between age and distance (see Table
5), we do not explicitly include distance as a parameter. In Table 2, we also found geographically
close countries to have very different relationship patterns (e.g. China vs. Japan, Spain vs.
Germany).

27Of course, even for domestic deliveries, there may be a quality problem. The key assumption
here is that the problem is larger for international trade, for example, because communication
and travel costs are much higher. For tractability, we focus on the case of no domestic friction,
but it would be straightforward to relax that assumption.
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We assume standard CES preferences, implying firm-level demand of 𝑞𝑖𝑖𝑡,𝑘 = 𝐴𝑖
𝑡 (𝑝

𝑖𝑖
𝑘 )

−𝜎

and 𝑞𝑖𝑗𝑡,𝑘 = 𝐴𝑗
𝑡

(︀
𝑝𝑖𝑗𝑘
)︀−𝜎

.28 The first-order conditions of profit maximization imply:

𝑝𝑖𝑖𝑡,𝑘 = 𝑝𝑖𝑖𝑡 =
𝜎

𝜎 − 1
𝑐𝑖𝑤𝑖

𝑡 (7)

𝑝𝑖𝑗𝑡,𝑘 =
𝜏

𝜃𝑖𝑘
𝑝𝑖𝑖𝑡 (8)

Profits are hence:

𝜋𝑖
𝑡,𝑘 =

1

𝜎

(︀
𝑝𝑖𝑖𝑡
)︀1−𝜎

(︁
𝐴𝑖

𝑡 + 𝜏 1−𝜎
(︁
𝜃𝑖𝑘

)︁𝜎
𝐴𝑗

𝑡

)︁
− 𝑓𝐸. (9)

With expected (operating) profits from exporting:

𝜋𝑖𝑗
𝑡,𝑘 = 𝜃𝑖𝑘𝑝

𝑖𝑗
𝑡,𝑘𝑞

𝑖𝑗
𝑡,𝑘 − 𝜏𝑞𝑖𝑗𝑡,𝑘𝑐

𝑖𝑤𝑖
𝑡

=
𝜃𝑖𝑘
𝜎

(︀
𝑝𝑖𝑗𝑡,𝑘
)︀1−𝜎

𝐴𝑗
𝑡 =

𝜃𝑖𝑘
𝜎

(︃
𝜏

𝜃𝑖𝑘
𝑝𝑖𝑖𝑡

)︃1−𝜎

𝐴𝑗
𝑡 (10)

The delivery probability, 𝜃𝑖𝑘, affects expected profits from exporting via two chan-

nels. First, there is a direct effect, as a sale is more likely to succeed. Second,

there is an indirect effect. A higher success probability leads to a larger order and,

hence, larger revenues and profits if the trade is successful, as the optimal price

𝑝𝑖𝑗𝑡,𝑘 decreases in 𝜃𝑖𝑘. A successful international transaction generates revenues of:

𝑅𝑖𝑗
𝑡,𝑘 = 𝑝𝑖𝑗𝑡,𝑘𝑞

𝑖𝑗
𝑡,𝑘 = 𝐴𝑗

𝑡

(︃
𝜏𝜎𝑐𝑖𝑤𝑖

𝑡

(𝜎 − 1) 𝜃𝑖𝑘

)︃1−𝜎

(11)

We can now derive the following proposition that matches our empirical finding:

Proposition 1 Suppose 𝜆 < 1. Then, the amount being traded, 𝑅𝑖𝑗
𝑡,𝑘, within a

relationship increases with the relationship’s age, 𝑘.

28Such demand comes from maximizing a CES utility function of the form 𝑄 =(︁∫︀
𝑞 (𝑧)

𝜎−1
𝜎 𝑑𝑧

)︁ 𝜎
𝜎−1

, with the ideal price index 𝑃 =
(︁∫︀

𝑝 (𝑧)
1−𝜎

𝑑𝑧
)︁ 1

1−𝜎

. In this context, ag-

gregate demand 𝐴 = 𝑃𝜎𝑄.
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Proof.

𝜕

𝜕𝑘
𝑅𝑖𝑗

𝑡,𝑘 = 𝐴𝑗
𝑡

(︂
𝜏𝜎𝑐𝑖𝑤𝑖

𝑡

𝜎 − 1

)︂1−𝜎

(𝜎 − 1)
(︁
𝜃𝑖𝑘

)︁𝜎−2 𝜕

𝜕𝑘
𝜃𝑖𝑘 > 0,

as 𝜃𝑘 =

(︂ ̂︀𝜃̂︀𝜃+(1−̂︀𝜃)𝜆𝑘

)︂
(1− 𝜆)+𝜆, and this expression is increasing in 𝑘 for 𝜆 < 1.

3.3 Count and Value Distributions

We can now derive model analogues to the count and value distributions that we

studied in Section 2.2. In this section, we drop the 𝑡 subscript, as we focus on

the steady-state distributions.29 In a steady state, the number of relationships is

constant. Let 𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑘 denote the fraction of relationships that survived for 𝑘

periods. Then:

𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑘 = 𝑎𝑙𝑖𝑣𝑒𝑘/
𝐾∑︁
𝑠=0

𝑎𝑙𝑖𝑣𝑒𝑠 =
𝑎𝑙𝑖𝑣𝑒𝑘∑︀∞

𝑠=0 𝑎𝑙𝑖𝑣𝑒𝑠 −
∑︀∞

𝑠=𝐾 𝑎𝑙𝑖𝑣𝑒𝑠
(12)

We can directly compare this object to the relationship age shares reported in

Section 2.2. Next, we derive the elements of the value distribution. That is, we

weigh the number of relationships in a cohort with trade per relationship:

𝑡𝑟𝑎𝑑𝑒𝑠ℎ𝑎𝑟𝑒𝑘 =
(︀
𝑅𝑖𝑗

𝑡,𝑘𝑎𝑙𝑖𝑣𝑒𝑘
)︀
/

𝐾∑︁
𝑠=0

(︀
𝑅𝑖𝑗

𝑡,𝑠𝑎𝑙𝑖𝑣𝑒𝑠
)︀
. (13)

29We reintroduce the time dimension below when solving for the dynamic transition path in
general equilibrium.
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Plugging in the expression for revenues (11), we obtain

𝑡𝑟𝑎𝑑𝑒𝑠ℎ𝑎𝑟𝑒𝑘 =

(︁
𝜃𝑖𝑘

)︁𝜎−1

𝑎𝑙𝑖𝑣𝑒𝑘

𝐾∑︁
𝑠=0

(︁
𝜃𝑖𝑠

)︁𝜎−1

𝑎𝑙𝑖𝑣𝑒𝑠

. (14)

3.4 The Value of a Relationship

Define the value of a relationship as the expected sum of future profits. Then the

value of a new relationship is:

𝑉0 = E[Π0] =
𝐾∑︁
𝑠=0

𝑎𝑙𝑖𝑣𝑒𝑠E
[︀
𝜋𝑖𝑗
𝑠

]︀
(15)

=
1

𝜎

(︀
𝜏𝑝𝑖𝑖
)︀1−𝜎

𝐴𝑗

𝐾∑︁
𝑠=0

(1− 𝛿)𝑠
(︁
𝜆𝑠(1− 𝜃) + 𝜃

)︁(︁
𝜃𝑖𝑠

)︁𝜎
.

Here, an importer is matched with a random supplier at 𝑠 = 0 that delivers a

quality input with probability 𝜃𝑖0. The importer then slowly learns the type of the

supplier over time. Similarly, the sum of expected future profits of a relationship

of age 𝑘 are:

𝑉𝑘 = E[Π𝑘] =
𝐾−𝑘∑︁
𝑠=0

(︂
𝑎𝑙𝑖𝑣𝑒𝑘+𝑠

𝑎𝑙𝑖𝑣𝑒𝑘

)︂
E
[︀
𝜋𝑖𝑗
𝑘+𝑠

]︀
(16)

=
1

𝜎

(︀
𝜏𝑝𝑖𝑖
)︀1−𝜎

𝐴𝑗

𝐾−𝑘∑︁
𝑠=0

(1− 𝛿)𝑠

(︁
𝜆𝑘+𝑠(1− 𝜃) + 𝜃

)︁
(︁
𝜆𝑠(1− 𝜃) + 𝜃

)︁ (︁
𝜃𝑖𝑘+𝑠

)︁𝜎
.

The relationship value 𝑉𝑘 increases in 𝑘, both because the conditional probability

of a relationship being alive increases in 𝑘 and because expected revenues, which

depend on 𝜃𝑘, also rise in 𝑘.30

30We do not try to assess the value of not being in a relationship, meaning our definition
differs somewhat from that in the search-based framework of Krolikowski and McCallum (2017).
Instead, we assume that buyers or suppliers who are unable to match simply drop out and have
zero profits.
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Finally, consider the standard (frictionless) case where the importer knows

perfectly that the supplier will deliver a high-quality input (for example, after 𝑘

interactions, for large 𝑘). This case implies a 𝜃𝑘 = 1 for all periods, and the

probability of a relationship being alive after 𝑘 periods is simply (1− 𝛿)𝑘. Expected

profits from exporting are given by

𝑉𝑘 = E[Π𝑘] =
𝐾−𝑘∑︁
𝑠=0

(1− 𝛿)𝑠 E
[︁
𝜋𝑖𝑗
𝑠 |𝜃𝑖𝑠 = 1

]︁
(17)

=
1− (1− 𝛿)𝐾−𝑘+1

𝛿𝜎

(︀
𝜏𝑝𝑖𝑖
)︀1−𝜎

𝐴𝑗.

For maximum age 𝐾 → ∞, this expression converges to the standard sum of

profits under CES in a frictionless world with exogenous death probability 𝛿.

3.5 Solving for the Equilibrium

In the two-country model, there are six equilibrium conditions (three for each

country). To keep the equations tractable, it is useful to introduce some notation.

We shorten the equation for domestic profits to:

E[𝜋𝑖𝑖
𝑡,𝑘] =

1

𝜎

(︀
𝑝𝑖𝑖𝑡
)︀1−𝜎

𝐴𝑖
𝑡 =

𝑟𝑖𝑖𝑡
𝜎
𝐴𝑖

𝑡, (18)

with 𝑟𝑖𝑖𝑡 = (𝑝𝑖𝑖𝑡 )
1−𝜎

=
(︀

𝜎
𝜎−1

𝑐𝑖𝑤𝑖
𝑡

)︀1−𝜎
. We shorten expected profits from exporting in

Equation (10) to:

E[𝜋𝑖𝑗
𝑡,𝑘] =

𝜃𝑖𝑘
𝜎

(︀
𝑝𝑖𝑗𝑡,𝑘
)︀1−𝜎

𝐴𝑗
𝑡 =

𝑟𝑖𝑗𝑡,𝑘
𝜎

𝐴𝑗
𝑡 , (19)

with 𝑟𝑖𝑗𝑡,𝑘 = 𝜃𝑖𝑘
(︀
𝑝𝑖𝑗𝑡,𝑘
)︀1−𝜎

= 𝜃𝑖𝑘

(︁
𝜏
𝜃𝑖𝑘
𝑝𝑖𝑖𝑡

)︁1−𝜎

.

Free entry First, free entry must hold in both countries, such that the expected

sum of future profits of an entrant at time 𝑡 is equal to the fixed cost of entering
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production.31 We have:

𝑤𝑖
𝑡𝑓𝐸 =

𝐾∑︁
𝑠=0

𝑎𝑙𝑖𝑣𝑒𝑖𝑗𝑠 (𝜋
𝑖𝑖
𝑡+𝑠,𝑠 + 𝜋𝑖𝑗

𝑡+𝑠,𝑠) (20)

where 𝑎𝑙𝑖𝑣𝑒𝑘 is the probability that a relationship survives 𝑘 years, as previously.

Now, replacing profits by expressions (18) and (19), we can rewrite to:

𝑤𝑖
𝑡𝜎𝑓𝐸 =

𝐾∑︁
𝑠=0

𝑎𝑙𝑖𝑣𝑒𝑖𝑗𝑠
(︀
𝑟𝑖𝑖𝑡+𝑠𝐴

𝑖
𝑡+𝑠 + 𝑟𝑖𝑗𝑡+𝑠,𝑠𝐴

𝑗
𝑡+𝑠

)︀
(21)

Isolating the first term of the sum, combining the two equations, and then solving

for the home and foreign demand delivers:

𝐴𝑖
𝑡 =

𝑟𝑖𝑖𝑡 (𝑤
𝑖
𝑡𝜎𝑓𝐸 − Π𝑖

𝑡,1+)− 𝑟𝑖𝑗𝑡,0(𝑤
𝑗
𝑡𝜎𝑓𝐸 − Π𝑗

𝑡,1+)

𝑟𝑖𝑖𝑡 𝑟
𝑗𝑗
𝑡 − 𝑟𝑖𝑗𝑡,0𝑟

𝑗𝑖
𝑡,0

, (22)

with Π𝑖
𝑡,1+ =

∑︀𝐾
𝑠=1 𝑎𝑙𝑖𝑣𝑒

𝑖𝑗
𝑠

(︀
𝑟𝑖𝑖𝑡 𝐴

𝑖
𝑡+𝑠 + 𝑟𝑖𝑗𝑡+𝑠,𝑠𝐴

𝑗
𝑡+𝑠

)︀
the sum of expected profits from

period 1 onward.

Labor market clearing Second, labor markets in both countries need to clear.

Call the mass of firms in country 𝑖 at time 𝑡 of age 𝑘 𝑁 𝑖
𝑡,𝑘, and total labor in country

𝑖 𝐿𝑖. Then,

𝐿𝑖 = 𝑁 𝑖
𝑡,0𝑓𝐸 +

𝐾∑︁
𝑠=0

𝑁 𝑖
𝑡,𝑠𝑐

𝑖((𝑝𝑖𝑖𝑡 )
−𝜎𝐴𝑖

𝑡 + 𝜏(𝑝𝑖𝑗𝑡,𝑠)
−𝜎𝐴𝑗

𝑡) (23)

Solving for entry in period 𝑡 by isolating the first term of the sum delivers:

𝑁 𝑖
𝑡,0 =

𝐿𝑖 − 𝐿𝑖
𝑃,𝑡,1+

𝑓𝐸 + 𝑐𝑖
(︁
(𝑝𝑖𝑖𝑡 )

−𝜎𝐴𝑖
𝑡 + 𝜏

(︀
𝑝𝑖𝑗𝑡,0
)︀−𝜎

𝐴𝑗
𝑡

)︁ , (24)

31As in Krugman (1980), we do not assume any fixed cost of exporting, so that any firm that
enters also exports. In addition, we assume that if a trade relationship gets resolved, the firm
also ceases to sell domestically. The latter assumption is mainly for tractability and could be
relaxed.
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with 𝐿𝑖
𝑃,𝑡,1+ =

∑︀𝐾
𝑠=1 𝑁

𝑖
𝑡,𝑠𝑐

𝑖
(︁
(𝑝𝑖𝑖𝑡 )

−𝜎𝐴𝑖
𝑡 + 𝜏

(︀
𝑝𝑖𝑗𝑡,𝑠
)︀−𝜎

𝐴𝑗
𝑡

)︁
the production labor used

by all firms that are not new in countries 𝑖, respectively.

Balanced trade Balanced trade requires that income equals total expenditure

(domestic consumption plus imports) at time 𝑡.

𝑤𝑖
𝑡𝐿

𝑖 = 𝐴𝑖
𝑡

𝐾∑︁
𝑠=0

(𝑁 𝑖
𝑡,𝑠𝑟

𝑖𝑖
𝑡 +𝑁 𝑗

𝑡,𝑠𝑟
𝑗𝑖
𝑡,𝑠) (25)

There are two balanced budget conditions, and either would be sufficient to

solve the model. However, for the numerical solution, it turns out to be helpful to

use both equations in the minimization problem.

Aggregate price indices and aggregate quantities The price index at time

𝑡 is an aggregation of prices paid for all goods successfully supplied at time 𝑡,

taking into account that delivery is only successful with probability 𝜃𝑘. Thus, we

can derive the ideal price index as

𝑃𝑡 =

(︂∫︁
𝜔∈Ω

𝑝(𝜔)1−𝜎𝑑𝜔

)︂ 1
1−𝜎

=

(︃
∞∑︁
𝑠=0

𝜃𝑠𝑁𝑡,𝑠𝑝
1−𝜎
𝑠

)︃ 1
1−𝜎

. (26)

We can also derive the aggregate consumption from CES imports as

𝑄𝑡 =

(︂∫︁
Ω

𝑞(𝜔)
𝜎−1
𝜎 𝑑𝜔

)︂ 𝜎
𝜎−1

=

(︃
∞∑︁
𝑠=0

𝜃𝑠𝑁𝑡,𝑠𝑞
𝜎−1
𝜎

𝑠

)︃ 𝜎
𝜎−1

. (27)

Law of motion for number of relationships Finally, the law of motion of

the number of relationships is directly determined by the survival probability:

𝑁 𝑖
𝑡+1,𝑠+1 = 𝑠𝑢𝑟𝑣𝑖𝑠𝑁

𝑖
𝑡,𝑠 (28)
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Normalizing the wage in country 𝑖 to 1 and given the calibrated parameters 𝜆𝑖,

𝜃𝑖, 𝛿𝑖, 𝜆𝑗, 𝜃𝑗, and 𝛿𝑗, we use these equilibrium conditions to solve for the unknowns

{𝐴𝑖
𝑡, 𝐴

𝑗
𝑡 , 𝑁

𝑖
𝑡,𝑘, 𝑁

𝑗
𝑡,𝑘, 𝑤

𝑗
𝑡} in every period 𝑡 and for all ages 𝑘.

Solving the dynamic model We solve for the dynamic transition path of the

model (from any arbitrary starting point) in the following way:

1. Guess a sequence of demand at home and abroad, 𝐴𝑖
𝑡, 𝐴

𝑗
𝑡 , and a sequence of

the foreign wage 𝑤𝑗 for periods 𝑡 = 1 to 𝑛

2. Repeat until convergence:

(a) Solve for period 0 wage, 𝑤𝑗
0, home entry, 𝑁 𝑖

0,0, and foreign entry, 𝑁 𝑗
0,0

using the guesses and the initial distribution of relationships. Calculate

new demand at home and abroad for period 0, 𝐴𝑖,𝑁
0 and 𝐴𝑗,𝑁

0 .

(b) Based on entry in period 0, calculate new distribution for period 1 and

solve for wage, 𝑤𝑗
1, home entry, 𝑁 𝑖

1,0, and foreign entry, 𝑁 𝑗
1,0. Calculate

new demand at home and abroad for period 1, 𝐴𝑖,𝑁
1 and 𝐴𝑗,𝑁

1 .

(c) Repeat for all periods 2 to 𝑛

(d) Update the guesses for 𝑤𝑗, 𝐴𝑖
𝑡 and 𝐴𝑗

𝑡

(for example, 𝐴𝑖,𝑈
𝑡 = 0.95𝐴𝑖

𝑡 + 0.05𝐴𝑖,𝑁
𝑡 for all 𝑡 = 1 to 𝑛)

The algorithm works well when using the steady-state values as initial guesses.

Note that to calculate entry at period 𝑡, we need to know the demand and relative

wage in all periods up to 𝑡+𝐾. We set the demand and relative wage for all periods

after period 𝑛 to their steady-state values. In our numerical exercises, we set the

maximum number of periods 𝑛 = 60 to make sure that the economy converges

back to steady state well before period 𝑛.
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3.6 Taking care of partial year effects

As shown in Bernard et al. (2017), it is crucial to control for the fact that a firm

may sell less in its first year of exporting than theory predicts because of partial

year effects. We address this issue in the following way. Assume that a relationship

starts trading randomly in any given month, and assume that demand is uniformly

distributed over calendar months. Then, a random relationship is expected to

trade, on average, exactly half the value in its first year than otherwise predicted

by theory.

To take this point into account, we therefore set 𝑅𝑖𝑗
𝑡,0 = 0.5𝑝𝑖𝑗0 𝑞

𝑖𝑗
𝑡,0 in our baseline

calibration. In the rest of the paper, we consistently take care of the partial year

effects. In particular, when calculating the discounted sum of future profits in the

free entry condition of firms, we assume that firms in their first year only have half

the revenues and operating profits than the theory would predict otherwise.

When solving the general equilibrium model, we also need to take a stance

on how the partial year effect maps into consumption. In principle, there are two

options. First, in its first year, a firm could only sell half the standard CES quantity

of its product to each consumer. Alternatively, in its first year, a firm could sell the

standard CES quantity to half of the consumers. We make the second assumption,

as it is more easily reconciled with the prices implied by the benchmark CES model

of demand and also allows for the price level to be the aggregation of those prices.

For clarity of exposition, the derivations in the main text do not include the

partial year effect correction, as it does not add to any of the intuition of the learn-

ing model. The full formulas are employed in the Python code and are available

upon request.
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4 Calibration and Counterfactuals

In this section, we calibrate the model and present counterfactuals. Section 4.1

presents our calibration approach and its outcomes. In Section 4.2, we calculate

the value of relationships across countries and demonstrate that the measure can

explain relationship survival during the 2008-09 crisis. Section 4.4 presents two

evaluations of the effects of shocks to the distribution of relationships on the prob-

ability of a successful delivery, prices, and total output.

4.1 Matching with the data

We employ an algorithm that searches for the parameter vector (𝛿, 𝜃, 𝜆) that

minimizes the sum of squared differences between the moments in the data and

those predicted by the model. As moments, we use the elements of the count and

value distributions. We solve the following problem:

argmin
𝛿,𝜃,𝜆

𝛽
𝐾∑︁
𝑘=0

(𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑘 − ̂𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑘)
2 + (1− 𝛽)

𝐾∑︁
𝑘=0

(𝑡𝑟𝑎𝑑𝑒𝑠ℎ𝑎𝑟𝑒𝑘 − ̂𝑡𝑟𝑎𝑑𝑒𝑠ℎ𝑎𝑟𝑒𝑘)
2

(29)

where 𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒 and 𝑡𝑟𝑎𝑑𝑒𝑠ℎ𝑎𝑟𝑒 are the values predicted by the model, and ̂𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒

and ̂𝑡𝑟𝑎𝑑𝑒𝑠ℎ𝑎𝑟𝑒 are taken from the data. We set 𝛽 = 0.5 and set the other param-

eters to 𝜎 = 3 and 𝑐 = 1.32

We run this procedure for 10 major trading partners with significant exports to

the United States.33 For each country, we use information on eight cohorts– that

is, on relationships that are one to eight years old (𝐾 = 8).34 The three parameters

for each country are therefore selected by matching 16 moments in the model with

32Changes to 𝑐 have basically no effect on the estimated parameters.
33These are Canada, China, Germany, France, India, Japan, Korea, Mexico, Taiwan, and the

United Kingdom.
34Eight is the largest number of cohorts for which we have information on all countries. We

could add additional cohorts at the price of dropping some countries.
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their empirical counterparts. The parameter estimates are found in the left panel

of Table 6.

How well do the model-implied distributions represent their empirical coun-

terparts? Figure 7 shows that the calibrated model matches the underlying data

well. China’s trade, for example, is tilted toward new relationships, while Japan

has more trade in longer-term relationships. As should be expected, the model

matches the data less well when there are outliers. A case in point is Mexico,

where in 2011 a large fraction of trade was in relationships that were exactly seven

years old. The calibration adjusts parameters to accommodate the outlier at the

cost of an inferior fit to the other moments of the value distribution. Similarly,

outliers in middle-age relationships in Japan lead the model to over-predict the

fraction of trade in long-term relationships in that country.

Would it suffice to only consider the exogenous death shock and abstract from

learning? We address this question by running our calibration exercise on a re-

stricted model where only 𝛿 is active and 𝜆 is set to one (a frictionless world).

The alternative model delivers an extremely poor fit to the data, as reported in

Table 7. The table also compares the fully estimated model with versions where

either 𝜃 or 𝜆 is fixed across countries (and chosen optimally)- the sum of squared

errors from Equation (29) is lowest by allowing all three parameters to vary across

countries. Figure 8 plots the goodness of fit (the sum of squared errors) of the

whole model against one where only 𝛿 matters and shows that only relying on

exogenous relationship death to explain the data is insufficient. Hence, while 𝛿 is a

central parameter for the value of long-term relationships, it can only be calibrated

credibly when learning is active.

4.2 The value of trade relationships

Relationship values We can now quantify the value of relationships using the

estimated parameters and Equation (16). We first return to Table 6 to show some
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descriptive results. Column (4) reports the sum of expected profits from a new

relationship 𝑉0; column (5) reports the sum of expected profits from a relationship

with a supplier that will deliver usable inputs with probability 1, 𝑉𝑘; and column

(6) reports the ratio between the values in columns (5) and (6).

Consider some examples from Table 6. New relationships with the United

Kingdom (2) and France (3.1) have the lowest value, mostly because they rank

lowest in 𝜃. A new relationship is the most valuable with Taiwan (10.9), which

has relatively high estimates for 𝜆 and 𝜃 combined with a moderate estimate for

𝛿. The value of an old relationship 𝑉𝑘 maps directly into 𝛿, as it does not depend

on 𝜆 and 𝜃. The expected sum of profits from an established relationship are

therefore lowest for China (33.5) and Canada (45.2) and highest for France (242.6)

and Mexico (238).

According to our estimates, relationships are most valuable in France (where

an established relationship has a sum of expected profits 79 times higher than a

new relationship) and the United Kingdom (33.1). Both countries feature low 𝜃

that depress the value of new relationships. We find the lowest relationship values

for China (5.1) and Taiwan (5.9). Both jurisdictions have high 𝜃, implying high

profits from new relationships, and moderate to high 𝛿, implying low profits from

old relationships. Across all countries, the median value of a long-term relationship

is 13.9 times that of a new relationship. The large size of these estimates should

not be surprising, given our empirical findings that long-term relationships foster

higher trade as well as greater survival.

Importantly, countries with higher relationship values are not simply those with

fewer long-term relationships: both Korea and China have nearly identical shares

of long-term relationships (≈ 11 and 13 percent, respectively), but they differ

greatly in the value of a relationship (5.1 versus 14.2). Based on our calibration,

China has mostly short-term relationships because of a high 𝛿, while Korea has

many short-term relationships because of a somewhat low 𝜃 and a moderate 𝛿. The

high 𝛿 for China implies that long-term relationships are not very valuable, as they
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tend to die quickly for exogenous reasons.35 The low 𝜃 for Korea leads to a low

value of new relationships. At the same time, Korea’s 𝛿 is not that high, making

long-term relationships more valuable. Put together, these parameter differences

imply that Korea has a much higher inherent value of relationships than China.

The reverse holds as well: jurisdictions with similar values of old relationships

need not have similar age distributions. Column (5) of the table shows that old

relationships with China and Taiwan are similarly valuable, even though in the

data, their shares of old relationships are very different. The model generates a high

Taiwanese share of old relationships via both a fairly high 𝜃 (0.22) and moderate

values of 𝜆 (0.36) and 𝛿 (0.19), while the low Chinese share of old relationships

comes from a very high 𝛿 (0.37) and low 𝜆 (0.31).

Tracking value as relationships age We next illustrate how the expected

profits from a relationship change with relationship age. Figure 9 plots 𝑉𝑘 for three

economies – China, Japan, and Taiwan – based on their estimated parameters 𝜆,

𝛿, and 𝜃. The starting point of the lines are given by Equation (15) – the value

of a new relationship, 𝑉0 – while the end points can be approximated by Equation

(17), the value of an old relationship, 𝑉𝑘. First, note that because of learning, the

sum of expected profits from a relationship strictly increases in the relationship’s

age.

Consider China and Japan. A new relationship has about the same expected

profits in both countries. However, in the long run, relationships with Japan are

much for valuable, as relationships are more stable (lower 𝛿). Now consider Taiwan

and Japan. Japan’s lower 𝜃 implies a much lower value of expected future profits

from a new relationship. In the long run, however, all relationships that are still

alive are with patient suppliers. So after six years, 𝜃 and 𝜆 hardly have any effect

on the relationship value, and the key determinant becomes 𝛿. As Taiwan and

35More specifically, the model assigns a high 𝛿 to China, as in the data even old relationships
with China die relatively frequently.
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Japan have about the same 𝛿, their relationship values converge to roughly the

same number.

4.3 Testing the Learning Model using 2008-09 Crisis Data

During the 2008-09 financial crisis, international trade flows collapsed. The large

decline in aggregate trade coincided with notable changes in relationship creation

and destruction. As shown in Table 8, the number of relationships declined during

the crisis : compared with 2008, there were 7 percent fewer relationships in 2009.

Much of the story is a decrease in new relationship formation: in 2009, there

were 15 percent fewer relationships formed. But the destruction of continuing

relationships, where most trade is concentrated, also contributed to the decline in

relationships: the number of continuing relationships dropped by 6 percent from

2008 to 2009.

The crisis offers a unique opportunity to test the plausibility of our learning

model in the data. Suppose a U.S. importer faces a decline in local demand as

well as potentially worsening financial constraints. Then, they would be forced to

reduce their imports. Since part of this reduction in imports would be achieved by

importing from less suppliers, which suppliers should the importer keep optimally?

Our model gives a clear answer: the importer should keep those suppliers that are

the most valuable, as predicted by our learning model.

To test whether our calibrated model is indeed able to predict relationship

survival during the crisis, we run a set of regressions. As a dependent variable,

we use the average survival probability for each country-relationship age group

over the years from 2006 to 2011.36 As before, the survival probability is the

percentage of relationships of age 𝑘 in year 𝑡 that survived to year 𝑡 + 1. On the

right hand side, we include a variety of regressors and fixed effects to understand

which relationships survived. Most importantly, these include a crisis dummy,

36For disclosure purposes, we limit to exporting countries with more than 100 relationships.
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𝐶𝑟𝑖𝑠𝑖𝑠𝑡, that captures survival from 2008 to 2009 and an interaction term between

the crisis dummy and our measure of relationship value, 𝑉𝑐𝑘.

Table 9 presents our results. We first regress average survival on the dummy

variable 𝐶𝑟𝑖𝑠𝑖𝑠𝑡 accompanied by country fixed effects. As can be seen from column

(1) (and consistent with Table 8), the average survival probability of relationships

declined substantially during the crisis. Column (2) shows the results when in-

cluding the interaction between the 𝐶𝑟𝑖𝑠𝑖𝑠𝑡 dummy and 𝑉𝑐𝑘, including year, age,

and country fixed effects. The strong positive correlation of this interaction term

demonstrates that the more valuable relationships are the ones most likely to

survive. We also include a specification with year and country-age fixed effects

(column 3) that gives the same result.

Macchiavello and Morjaria (2015) show that in the case of Kenya, the value of

a relationship increases with age. Our model also implies that the value of a rela-

tionship strictly increases in age. Does the value of a relationship thus only capture

a pure age effect? If all results were driven by age, our evidence would also be

consistent with other stories, in particular with the presence of relationship-specific

investments that accumulate with similar speed across countries over time. If, in

contrast, our measure of relationship value is informative even when controlling

for age, then this would be strong evidence in favor of our model which features

differential learning across countries.

We test these competing hypotheses by including a separate interaction be-

tween the crisis dummy and age in Column (4). The result holds: that is, even

among relationships that are the same age, the relationships that are more valu-

able, according to our calibrated model, are more likely to survive. Interestingly,

we do not find that, controlling for relationship value, older relationships are more

likely survive (given the lack of significance of the crisis-age interaction term).

Finally, larger relationships should, all else equal be more likely to survive

during a crisis - for this reason, we also recreate our results including log average
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trade within a country-age group as an additional explanatory variable. All results

continue to be highly significant, as shown in columns (5)-(7).

To summarize, the calibrated learning model successfully predicts relationship

survival during the 2008-09 crisis. Results hold even when controlling for inter-

action terms between relationship age and the crisis, which is perfectly in line

with our learning model but difficult to rationalize in an alternative model with

homogeneous relationship dynamics across countries.

4.4 Quantitative Evaluation

Our last step is to describe the quantitative evaluation of the model. We explore

the importance of relationships for aggregate welfare with two experiments. In

the first experiment we erase the memory of all importers about previous interac-

tions with their suppliers. In the second experiment, we destroy all relationships

between importers and their foreign suppliers. These two experiments provide

a quantification of how valuable relationships are in welfare terms when the full

dynamics of the economy are taken into account.

These two experiments can be construed as consequences of a specific trade-

policy shock or of more general macroeconomic shocks. For example, one can think

of the first experiment as being generated by a negative trade policy action, such as

a temporary tariff war. The resulting interruption in trade would diminish or wipe

out the accumulated information about the reliability of suppliers. The second

experiment can be thought of as capturing a larger-scale macroeconomic shock,

such as the Asian Financial Crisis. In that scenario, existing trade relationships

would be destroyed permanently, and additional resources would be necessary to

re-form trading relationships.

In each experiment, we let firms respond optimally, studying the transition

path back to the steady state of the economy. We run the experiments separately
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for each of the top 10 trading partners of the United States.37

Reset of all trade relationships The first experiment wipes out all established

relationships and replaces them with the same number of new relationships.38

We first discuss outcomes for two illustrative countries, the United Kingdom and

Germany. As can be seen in Table 2, Germany tends to have older relationships,

while Table 6 shows that Germany has a higher 𝜆 and lower 𝜃 compared with

the United Kingdom. Reactions of different variables to the relationship reset are

shown in Figure 10.

In both countries, consumption drops substantially and takes several years to

recover, but the recovery paths for the United Kingdom and Germany differ. Why?

Relationships tend to die less quickly in Germany than in the United Kingdom, and

Germany therefore has more “relationship capital” in steady state. Consequently,

in the experiment, prices (relative to their steady-state level) spike by more in

Germany after erasing all memory of previous interactions, and a larger fraction

of consumption is lost. At the same time, rebuilding relationships takes longer, so

recovery is slower in Germany than in the United Kingdom. All told, Germany

loses about 29 percent of its annual steady-state level of consumption over the

transition, while the United Kingdom loses 16 percent of its annual consumption

level. Across all countries, the average loss in the transition back to a steady state

is about 48 percent of the annual steady-state level of consumption, with China

losing the least (13 percent) and Mexico losing the most (190 percent).39 The set

37More specifically, we take the calibration for each country and study the experiment by
solving the symmetric case. Although we can solve for asymmetric cases in principle, the algo-
rithm does not always converge. It would also be interesting to solve a multi-country version
of the model. However, given the large number of state variables, we are only able to solve the
two-country version.

38As we only wipe out the memory from these relationships, we assume that they are not
affected by the partial year effect. That is, we distinguish between relationships that lost their
memory (no partial year effect) and relationships that are truly new (with partial year effects).

39Part of the reason Mexico loses so much can be seen in Figure 8: Mexico has an outlier in
six-year relationships, with an extremely high level of trade. The model calibration takes this
into account by assigning Mexico both a very low 𝜃 and a low 𝛿 (see Table 6), causing long-term
relationships to be extremely valuable.
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of country-level results is shown in the left panel of Table 10.

Destruction of all trade relationships In the second experiment all pre-

existing relationships are wiped out, so the economy has to use substantial amounts

of labor to pay for the creation of new relationships. Consequently, in this scenario,

losses are larger. Results, shown in Figure 11, are similar to those in experiment 1.

The main difference is that consumption drops much more initially as both coun-

tries shift resources into relationship creation. However, this additional drop is

short-lived, and, in later years, the recovery under experiment 2 looks very similar

to that of experiment 1.

In experiment 2, welfare losses are higher, but the ranking of countries is ba-

sically unaffected. China still loses the least (32 percent of steady-state consump-

tion), whereas Mexico still loses the most (223 percent). In addition, the ordering

of Germany and the United Kingdom remains the same, with losses of 51 percent

and 31 percent of consumption, respectively. The average loss is 70 percent. The

full set of country-level results is shown in the right panel of Table 10.

To summarize the results of the experiments, relationships represent a type

of knowledge capital. Losing that capital is costly for an economy, implying a

large drop in welfare on impact and substantially lower levels of consumption on

the transition path. Relationship disruptions have a significant impact on firm

performance, and thereby on welfare.

5 Conclusions

Relationships between importers and exporters are the core of international trade

transactions. This paper presents new facts on these relationships and develops

a model, building on Araujo et al. (2016), to quantify the role of learning in

international trade. The model fits our empirical findings well: trade increases

within successful relationships over time, relationship survival increases over time,
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and countries differ systematically in their count and value distributions in ways

our model can capture. Our estimated relationship values are good predictors of

which relationships survive during the 2008-09 crisis.

Our experiments generate substantial cross-country heterogeneity in trade dy-

namics. In the short run, shocks to entry have the strongest effects on countries,

like China, that are tilted toward relationships of short duration. In the medium

run, however, entry shocks have a greater effect on countries that rely more on

longer-term relationships, like Japan. This heterogeneity has implications, for ex-

ample, for the study of trade policy. Our model suggests that the evolution of

trade following Free Trade Agreements will depend on how trade is spread across

relationships of different ages. At the same time, it implies that disruptions to re-

lationships, such as from increased protectionism, have significant welfare effects.

More generally, our analysis suggests that to capture the dynamics of aggregate

trade, one needs to account for the differences in the dynamics of relationship-level

trade across countries.
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A Figures

Figure 1: Count and Value Distributions, 2011
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Note: This figure plots the count distribution and the value distribution for all U.S. imports in
2011. The count distribution is the distribution of relationship counts over different ages. The
value distribution is the distribution of trade values across relationships of different ages. Age
11 includes all relationships that are 11 years or older.
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Figure 2: Distribution of Relationship Age and Value Shares, 2011
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Note: This figure plots the share of long-term (three or more years) relationships against
the share of trade in long-term relationships for the top 20 U.S. trading partners (𝑅2 =
0.47).
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Figure 3: Evolution of Trade within a Relationship

Panel A: All relationships
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Panel B: Relationships that Began in the First Quarter
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Note: These figures plot coefficients from regressions of traded value on relationship age dummies,
run separately for relationships that lasted 5, 7, 10, and 13 years. Panel A shows results for all
relationships. Panel B shows results for relationships that started trading between January and
March, in order to account for “partial year effects”.
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Figure 4: Relationship Survival Probabilities
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Note: This figure plots the conditional survival probability by age in 2011; that is, the share of
relationships of age 𝑘 that survive to age 𝑘 + 1.

Figure 5: Survival Function
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Note: This figure plots the survival function based on estimates from the Cox propor-
tional hazard model for all relationships, firms that are at least three years old, and firms
that are at least seven years old.
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Figure 6: Delivery Probabilities
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Note: This figure illustrates the role of 𝜆 for 𝜃𝑘, the probability of an additional
successful transaction following 𝑘 periods of trade. 𝜆 takes the values 0.1 and 0.4.
𝜃 is set at 0.25.
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Figure 7: Count and Value Distributions, Model vs. Data
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Note: This figure shows the count and value distributions for four countries. The
dark bars represent data moments, while the light bars show moments from the
calibrated model.
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Figure 8: Count and Value Distributions, Model vs. Data, All Countries

Panel A: Full model
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Note: These figures plots the data moments against the model moments for all
10 countries. Panel A shows the full model. Panel B shows results when only the
dissolution shock 𝛿 is active; that is, 𝜆 = 1.
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Figure 9: Expected Profits and Relationship Age
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Note: This figure plots the expected sum of future profits at age 𝑘 for China,
Japan, and Taiwan for their estimated 𝜆, 𝛿, and 𝜃. The starting point is given by
Equation (D.6), while the end point can be approximated by Equation (17).
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Figure 10: Experiment 1: Erasing All Memory
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This figure shows results from the experiment where all relationships are “reset” to new for
Germany and the United Kingdom.
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Figure 11: Experiment 2: Destruction of Relationships
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5 0 5 10 15

Time

0.3

0.4

0.5

0.6

0.7

0.8

S
u
c
c
e
s
s
 p

r
o
b
a
b
il
it

y

Germany

United Kingdom

Panel C: Mass of Relationships

5 0 5 10 15

Time

0.98

1.00

1.02

1.04

1.06

P
e
r
c
e
n
t 

o
f 

s
te

a
d
y
 s

ta
te

Germany

United Kingdom

Panel B: Price Indices

5 0 5 10 15

Time

1.00

1.05

1.10

1.15

1.20

1.25

1.30

1.35

P
e
r
c
e
n
t 

o
f 

s
te

a
d
y
 s

ta
te

Germany

United Kingdom

Panel D: Total Output

5 0 5 10 15

Time

0.80

0.85

0.90

0.95

1.00

P
e
r
c
e
n
t 

o
f 

s
te

a
d
y
 s

ta
te

Germany

United Kingdom

This figure shows results from the experiment where all existing relationships are destroyed for
Germany and the United Kingdom.
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B Tables

Table 1: Relationship Structure of U.S. Imports, 2011

New 1-2 Years 3 or More Years
Share of Relationships 57.6 26.9 15.6
Share of Trade 21.8 30.6 47.6

Note: For this table, a relationship is defined as a U.S. importing firm transacting with a non-U.S.
exporting firm. A new relationship is one that is not found in any previous year of data.

Table 2: Relationship Structure of U.S. Imports, 2011

% Counts,
3+ Year Relationships

% Trade,
3+ Year Relationships

China 0.11 Netherlands 0.29
Spain 0.13 Spain 0.33
Korea 0.13 China 0.33
Netherlands 0.14 Brazil 0.41
Brazil 0.14 Philippines 0.42
Venezuela 0.14 Chile 0.42
United Kingdom 0.16 United Kingdom 0.43
Hong Kong 0.16 Hong Kong 0.44
Indonesia 0.17 France 0.44
Mexico 0.17 Venezuela 0.45
Canada 0.17 Indonesia 0.45
France 0.17 Korea 0.45
India 0.18 India 0.46
Italy 0.19 Italy 0.46
Philippines 0.19 Canada 0.47
Japan 0.20 Germany 0.49
Germany 0.20 Thailand 0.56
Chile 0.21 Japan 0.62
Thailand 0.22 Mexico 0.65
Taiwan 0.24 Taiwan 0.67

Note: This table shows, for each of the top 20 trading partners of the United States,
what share of relationship counts (left panel) and what share of trade value (right panel)
are in relationships that have appeared for four or more consecutive years.
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Table 3: Rank Correlations

Sector Share of Trade in Old Relationships Share of Old Relationships
Textiles 0.68 0.18
Footwear/Headgear 0.42 0.26
Machinery/Electronics 0.66 0.26

Note: The first column presents rank correlations between a country’s share of trade in older
relationships and a country’s share of trade in older relationships (3 or more years) in a par-
ticular sector, where textiles are HS2 50-63, Machinery and Electrical Goods are HS2 84-85,
and Footwear/Headgear are HS2 64-67. The second column does the same for the share of old
relationships. The positive correlations imply countries with high trade in old relationships, also
have high trade in old relationships across different sectors.
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Table 4: Traded Value within a Relationship

Dependent Variable: 𝑉 𝑎𝑙𝑢𝑒𝑚𝑥,𝑡

(1) (2) (3) (4) (5) (6) (7) (8)

𝐴𝑔𝑒 = 1 0.657 0.666 0.664 0.307 0.081 0.114 0.142 0.036
(0.018)*** (0.020)*** (0.033)*** (0.024)*** (0.013)*** (0.014)*** (0.036)*** (0.023)***

𝐴𝑔𝑒 = 2 0.740 0.841 0.819 0.479 0.104 0.218 0.226 0.146
(0.021)*** (0.025)*** (0.034)*** (0.031)*** (0.017)*** (0.022)*** (0.039)*** (0.023)***

𝐴𝑔𝑒 = 3 0.622 0.887 0.954 0.487 -0.052 0.190 0.303 0.127
(0.024)*** (0.025)*** (0.041)*** (0.036)*** (0.026)*** (0.022)*** (0.051)*** (0.025)***

𝐴𝑔𝑒 = 4 0.493 0.861 1.031 0.503 -0.195 0.156 0.328 0.121
(0.021)*** (0.027)*** (0.043)*** (0.040)*** (0.023)*** (0.028)*** (0.049)*** (0.037)***

𝐴𝑔𝑒 = 5 -0.106 0.661 1.060 0.502 -0.840 -0.069 0.340 0.109
(0.023)*** (0.027)*** (0.037)*** (0.036)*** (0.030)*** (0.025)** (0.047)*** (0.037)**

𝐴𝑔𝑒 = 6 0.486 0.984 0.641 -0.263 0.236 0.241
(0.027)*** (0.026)*** (0.031)*** (0.033)*** (0.035)*** (0.032)***

𝐴𝑔𝑒 = 7 -0.115 0.894 0.693 -0.912 0.123 0.278
(0.0311)*** (0.025)*** (0.034)*** (0.039)*** (0.033)*** (0.028)***

𝐴𝑔𝑒 = 8 0.611 0.721 -0.145 0.306
(0.025)*** (0.032)*** (0.031)*** (0.029)***

𝐴𝑔𝑒 = 9 0.392 0.638 -0.417 0.203
(0.029)*** (0.035)*** (0.045)*** (0.037)***

𝐴𝑔𝑒 = 10 -0.118 0.536 -0.994 0.088
(0.039)*** (0.035)*** (0.060)*** (0.036)**

𝐴𝑔𝑒 = 11 0.079 -0.373
(0.053) (0.061)***

𝐴𝑔𝑒 = 12 0.162 -0.296
(0.045)*** (0.055)***

𝐴𝑔𝑒 = 13 0.053 -0.405
(0.049) (0.056)***

Constant 11.117 11.319 11.495 12.317 11.873 12.151 12.239 12.847
(0.018)*** (0.023)*** (0.026)*** (0.028)*** (0.019)*** (0.020)*** (0.032)*** (0.028)***

N 443000 201000 77000 65000 152000 75000 34000 47000
R-squared 0.74 0.73 0.71 0.72 0.76 0.75 0.71 0.72

Note: This table presents results on the growth of trade values within relationships. The value
of trade is regressed on age fixed effects, controlling for relationship fixed effects; see Equation
1. The omitted category is trade in the first year (𝐴𝑔𝑒=0). Data is from relationships formed in
the years from 1998 to 2006. Columns (1) through (4) show results for all relationships, while
columns (5) through (8) show results for relationships that started trading between January
and March of their first year. Trade values are available through 2011. Standard errors are in
parentheses, with *** indicating 99% significance, and ** indicating 95% significance.
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Table 5: Determinants of Importer-Exporter Relationship Length, 2011

Dependent Variable: 𝐴𝑔𝑒𝑚𝑥𝑐

(1) (2) (3) (4) (5) (6)
Importer Controls
𝑆𝑖𝑧𝑒𝑚 -0.027 -0.027 -0.027 -0.027 -0.026 -0.026

(0.026) (0.026) (0.026) (0.026) (0.025) (0.025)

𝐴𝑔𝑒𝑚 0.044 0.044 0.044 0.044 0.045 0.044
(0.005)*** (0.005)*** (0.004)*** (0.004)*** (0.004)*** (0.004)***

𝑅𝑒𝑙𝐶𝑜𝑢𝑛𝑡𝑚 0.064 0.064 0.062 0.062 0.061 0.06
(0.035)* (0.035)* (0.034)* (0.034)* (0.034)* (0.033)*

𝑁𝑜𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑠𝑚 0.294 0.296 0.297 0.297 0.298 0.298
(0.053)*** (0.053)*** (0.053)*** (0.053)*** (0.052)*** (0.052)***

Exporter Controls
𝑆𝑖𝑧𝑒𝑥 0.232 0.232 0.233 0.233 0.234 0.234

(0.013)*** (0.013)*** (0.013)*** (0.013)*** (0.013)*** (0.013)***

𝑅𝑒𝑙𝐶𝑜𝑢𝑛𝑡𝑥 -0.375 -0.376 -0.378 -0.379 -0.383 -0.384
(0.016)*** (0.016)*** (0.016)*** (0.016)*** (0.016)*** (0.015)***

Country Controls
𝑅𝑢𝑙𝑒𝑂𝑓𝐿𝑎𝑤𝑐 0.122 0.124 0.119 0.126

(0.012)*** (0.013)*** (0.016)*** (0.012)***

𝑃𝐶 −𝐺𝐷𝑃 𝑐 0.164 0.073 -0.006 0.031
(0.020)*** (0.019)*** (0.014) (0.011)**

𝑂𝐸𝐶𝐷𝑐 0.238 0.228 0.142
(0.021)*** (0.023)*** (0.015)***

𝑅𝑇𝐴𝑐 0.021 0.009
(0.017)* (0.038)

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑐 -0.018
(0.032)

Constant -2.585 -1.766 -1.132 -1.19 -2.595 -1.304
(0.297)*** (0.287)*** (0.255)*** (0.209)*** (0.337)*** (0.218)***

N 1,075,100 1,075,100 1,075,100 1,075,100 1,075,100 1,075,100
HS2 FE yes yes yes yes yes yes
Country FE no no no no no yes
R2 0.11 0.11 0.12 0.12 0.12 0.12

Note: This table presents results on the role of firm and country institutions on the age of rela-
tionships. Each regression includes source country and primary-HS2 product effects. Standard
errors clustered by source country are in parentheses, , with *** indicating 99% significance, **

indicating 95% significance, and * indicating 90% significance. The dependent variable is the
age of a relationship in 2011, defined as the number of consecutive years a relationship has been
found in the data, and is capped at 11.
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Table 6: Parameters and the Value of Relationships

(1) (2) (3) (4) (5) (6)

Country 𝜆 𝜃 𝛿
Value of a

New Relationship
Value of an

Old Relationship Ratio
Canada 0.31 0.13 0.27 3.5 45.2 13
China 0.31 0.33 0.37 6.6 33.5 5.1
Germany 0.41 0.08 0.17 4.8 71.3 15
France 0.35 0.01 0.05 3.1 242.6 79
India 0.39 0.13 0.2 5.9 60.9 10.3
Japan 0.36 0.10 0.17 5.4 73 13.5
Korea 0.35 0.10 0.23 3.8 53.8 14.2
Mexico 0.34 0.05 0.05 10.6 238 22.5
Taiwan 0.36 0.22 0.19 10.9 64.6 5.9
United Kingdom 0.36 0.04 0.19 2 65.3 33.1

Note: This table presents parameter estimates for the 10 jurisdictions from which the United
States imported the most in 2011. In columns (4) and (5), it also presents the expected sum
of profits from a new and an old relationship, respectively. Column (6) reports the ratio of the
expected sum of profits from an old relationship over those from a new relationship.

Table 7: Alternative Models

Model Error 𝜆 𝜃 𝛿
min max min max min max

Full 1 0.31 0.41 0.01 0.33 0.05 0.37
𝛿 Only 6.78 1 1 0.35 0.59

Fixed 𝜃 1.25 0.31 0.44 0.11 0.1 0.33
Fixed 𝜆 1.07 0.36 0.02 0.28 0.05 0.35

Note: This figure presents results from alternative models. Error is the sum of squared errors,
as defined in Equation (29), normalized to one for the full model.
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Table 8: Relationship Margins during the Trade Collapse

Counts Relative to 2007

Year 2007 2008 2009 2010
Relationship Counts 1 0.97 0.90 0.98
New Relationship Counts 1 0.93 0.85 0.96
Continuing-Relationship Counts 1 1.03 0.97 0.99
Ending-Relationship Counts 1 1.02 1.02 0.88

Note: This table describes relationship formation, dissolution and continuation in the years
around the 2008-09 Great Trade Collapse. Each category is normalized by the baseline year
2007. A new relationship is one not observed in any prior year. A continuing relationship is one
that is found in both the current year and the previous year. An ending relationship is one that
is found in the current year, but not the next year.
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Table 9: Relationship Value and Survival during the 2008/2009 Crisis

Dependent Variable: 𝑆𝑢𝑟𝑣𝑖𝑣𝑎𝑙 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑐𝑘𝑡

(1) (2) (3) (4) (5) (6) (7)

𝐴𝑔𝑒=2 0.198 0.199 0.188
(0.007)*** (0.007)*** (0.007)***

𝐴𝑔𝑒=3 0.301 0.303 0.289
(0.007)*** (0.007)*** (0.008)***

𝐴𝑔𝑒=4 0.355 0.359 0.344
(0.007)*** (0.007)*** (0.008)***

𝐴𝑔𝑒=5 0.394 0.399 0.383
(0.007)*** (0.007)*** (0.008)***

𝐴𝑔𝑒=6 0.415 0.421 0.410
(0.007)*** (0.008)*** (0.008)***

𝐴𝑔𝑒=7 0.430 0.436 0.420
(0.007)*** (0.008)*** (0.008)***

𝐶𝑟𝑖𝑠𝑖𝑠𝑡 -0.023
(0.005)***

𝑉𝑐𝑘 -0.007 -0.008
(0.003)** (0.003)**

𝐶𝑟𝑖𝑠𝑖𝑠𝑡 × 𝑉𝑐𝑘 0.010 0.011 0.009 0.011 0.012 0.010
(0.004)** (0.004)** (0.004)** (0.004)** (0.004)** (0.004)**

𝐶𝑟𝑖𝑠𝑖𝑠𝑡 × 𝐴𝑔𝑒 0.002 0.003
(0.003) (0.0028)

𝐴𝑣 𝑇𝑟𝑎𝑑𝑒𝑐𝑘𝑡 0.012 0.015 0.015
(0.002)*** (0.002)*** (0.002)***

Constant 0.269 0.272 0.568 0.568 0.127 0.371 0.370
(0.005)*** (0.007)*** (0.0050)*** (0.005)*** (0.026)*** (0.030)*** (0.030)***

Country FE yes yes no no yes no no
Country-Age FE no no yes yes no yes yes
Time FE no yes yes yes yes yes yes
Observations 4300 4300 4300 4300 4300 4300 4300
R-squared 0.59 0.59 0.65 0.65 0.60 0.66 0.66

Note: This table presents results on how our model-implied value of a relationship is correlated
with relationship survival during the 2008/2009 crisis. An observation is the survival probability
of a relationship in country 𝑐 of age 𝑘 at time 𝑡. 𝑉𝑐𝑘 is the value of a relationship in country
𝑐 of age 𝑘 based on the calibrated model. 𝐶𝑟𝑖𝑠𝑖𝑠𝑡 is a dummy that takes a value of one in the
year 2008, capturing the survival probability from 2008 to 2009. AvTrade is the average amount
traded within a relationship age-country-year bin. Standard errors clustered by source country
are in parentheses, with *** indicating 99% significance, and ** indicating 95% significance.
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Table 10: Quantification of Relationship Values

Name Exp 1: Reset memory Exp 2: Destroy relationships
Canada 17.9 33.3
China 12.9 31.6
France 91.7 110.4
Germany 28.9 50.9
India 28.7 51.5
Japan 36.9 58.8
Korea 21.2 38.8
Mexico 189.6 222.8
Taiwan 38.4 69.6
United Kingdom 16.0 30.8

Note: This table reports results from two counterfactual experiments that quantify the value of
relationships. Numbers represent the cumulative consumption loss that the economy suffers from
the beginning of the experiment until convergence back to steady state.
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C Solving the General Equilibrium Model

C.1 Equilibrium Conditions

In the two-country model, there are six equilibrium conditions (three for each
country). To keep the equations tractable, it is useful to introduce some notation.
We shorten the equation for domestic profits to:

E[𝜋𝑖𝑖
𝑡,𝑘] =

1

𝜎

(︀
𝑝𝑖𝑖𝑡
)︀1−𝜎

𝐴𝑖
𝑡 =

𝑟𝑖𝑖𝑡
𝜎
𝐴𝑖

𝑡, (C.1)

with 𝑟𝑖𝑖𝑡 = (𝑝𝑖𝑖𝑡 )
1−𝜎

=
(︀

𝜎
𝜎−1

𝑐𝑖𝑤𝑖
𝑡

)︀1−𝜎
. For the foreign country we have 𝑟𝑗𝑗𝑡 =(︀

𝑝𝑗𝑗𝑡
)︀1−𝜎

=
(︀

𝜎
𝜎−1

𝑐𝑗𝑤𝑗
𝑡

)︀1−𝜎
. We shorten expected profits from exporting in Equation

(10) to:

E[𝜋𝑖𝑗
𝑡,𝑘] =

𝜃𝑖𝑘
𝜎

(︀
𝑝𝑖𝑗𝑡,𝑘
)︀1−𝜎

𝐴𝑗
𝑡 =

𝑟𝑖𝑗𝑡,𝑘
𝜎

𝐴𝑗
𝑡 , (C.2)

with 𝑟𝑖𝑗𝑡,𝑘 = 𝜃𝑖𝑘
(︀
𝑝𝑖𝑗𝑡,𝑘
)︀1−𝜎

= 𝜃𝑖𝑘

(︁
𝜏
𝜃𝑖𝑘
𝑝𝑖𝑖𝑡

)︁1−𝜎

. For the foreign country, we have 𝑟𝑗𝑖𝑡,𝑘 =

𝜃𝑗𝑘
(︀
𝑝𝑗𝑖𝑡,𝑘
)︀1−𝜎

= 𝜃𝑗𝑘

(︁
𝜏

𝜃𝑗𝑘
𝑝𝑗𝑗𝑡

)︁1−𝜎

.

Free entry First, free entry must hold in both countries such that the expected
sum of future profits of an entrant at time 𝑡 is equal to the fixed cost of entering
production:40 Normalizing the home wage to 𝑤𝑖

𝑡 = 1, we get:

𝑓𝐸 =
𝐾∑︁
𝑠=0

𝑎𝑙𝑖𝑣𝑒𝑖𝑗𝑠 (𝜋
𝑖𝑖
𝑡+𝑠,𝑠 + 𝜋𝑖𝑗

𝑡+𝑠,𝑠) (C.3)

𝑤𝑗
𝑡𝑓𝐸 =

𝐾∑︁
𝑠=0

𝑎𝑙𝑖𝑣𝑒𝑗𝑖𝑠 (𝜋
𝑗𝑗
𝑡+𝑠,𝑠 + 𝜋𝑗𝑖

𝑡+𝑠,𝑠)

where 𝑎𝑙𝑖𝑣𝑒𝑘 is the probability that a relationship survives 𝑘 years, as previously.41

Now, replacing profits by the expressions in equations and (C.1) and (19), we can

40As in Krugman (1980), we do not assume any fixed cost of exporting, so that any firm that
enters also exports. In addition, we assume that if a trade relationship gets resolved, the firm
also ceases to sell domestically. The latter assumption is mainly for tractability and could be
relaxed.

41For data simplicity, we assume this probability is not time-varying, but it would be straight-
forward to allow.
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rewrite to:

𝜎𝑓𝐸 =
𝐾∑︁
𝑠=0

𝑎𝑙𝑖𝑣𝑒𝑖𝑗𝑠
(︀
𝑟𝑖𝑖𝑡+𝑠𝐴

𝑖
𝑡+𝑠 + 𝑟𝑖𝑗𝑡+𝑠,𝑠𝐴

𝑗
𝑡+𝑠

)︀
(C.4)

𝑤𝑗
𝑡𝜎𝑓𝐸 =

𝐾∑︁
𝑠=0

𝑎𝑙𝑖𝑣𝑒𝑗𝑖𝑠
(︀
𝑟𝑗𝑗𝑡+𝑠𝐴

𝑗
𝑡+𝑠 + 𝑟𝑗𝑖𝑡+𝑠,𝑠𝐴

𝑗
𝑡+𝑠

)︀
Isolating the first term of the sum, combining the two equations, then solving for
the home and foreign demand delivers:

𝐴𝑖
𝑡 =

𝑟𝑖𝑖𝑡 (𝜎𝑓𝐸 − Π𝑖
𝑡,1+)− 𝑟𝑖𝑗𝑡,0(𝑤

𝑗
𝑡𝜎𝑓𝐸 − Π𝑗

𝑡,1+)

𝑟𝑖𝑖𝑡 𝑟
𝑗𝑗
𝑡 − 𝑟𝑖𝑗𝑡,0𝑟

𝑗𝑖
𝑡,0

, (C.5)

𝐴𝑗
𝑡 =

𝑟𝑗𝑗𝑡 (𝑤𝑗
𝑡𝜎𝑓𝐸 − Π𝑗

𝑡,1+)− 𝑟𝑗𝑖𝑡,0(𝜎𝑓𝐸 − Π𝑖
𝑡,1+)

𝑟𝑖𝑖𝑡 𝑟
𝑗𝑗
𝑡 − 𝑟𝑖𝑗𝑡,0𝑟

𝑗𝑖
𝑡,0

, (C.6)

with Π𝑖
𝑡,1+ =

∑︀𝐾
𝑠=1 𝑎𝑙𝑖𝑣𝑒

𝑖𝑗
𝑠

(︀
𝑟𝑖𝑖𝑡 𝐴

𝑖
𝑡+𝑠 + 𝑟𝑖𝑗𝑡+𝑠,𝑠𝐴

𝑗
𝑡+𝑠

)︀
and Π𝑗

1+ =
∑︀𝐾

𝑠=1 𝑎𝑙𝑖𝑣𝑒
𝑗𝑖
𝑠

(︀
𝑟𝑗𝑗𝑡 𝐴𝑗

𝑡+𝑠 + 𝑟𝑗𝑖𝑡+𝑠,𝑠𝐴
𝑖
𝑡+𝑠

)︀
the sums of expected profits from period 1 onwards.

Labor market clearing Second, labor markets in both countries need to clear.
Call the mass of firms in country 𝑖 at time 𝑡 of age 𝑘 𝑁 𝑖

𝑡,𝑘, and total labor in country
𝑖 𝐿𝑖. Then,

𝐿𝑖 = 𝑁 𝑖
𝑡,0𝑓𝐸 +

𝐾∑︁
𝑠=0

𝑁 𝑖
𝑡,𝑠𝑐

𝑖((𝑝𝑖𝑖𝑡 )
−𝜎𝐴𝑖

𝑡 + 𝜏(𝑝𝑖𝑗𝑡,𝑠)
−𝜎𝐴𝑗

𝑡) (C.7)

𝐿𝑗 = 𝑁 𝑗
𝑡,0𝑓𝐸 +

𝐾∑︁
𝑠=0

𝑁 𝑗
𝑡,𝑠𝑐

𝑗((𝑝𝑗𝑗𝑡 )
−𝜎𝐴𝑗

𝑡 + 𝜏(𝑝𝑗𝑖𝑡,𝑠)
−𝜎𝐴𝑖

𝑡)

Solving for entry in period 𝑡 by isolating the firm term of the sum delivers:

𝑁 𝑖
𝑡,0 =

𝐿𝑖 − 𝐿𝑖
𝑃,𝑡,1+

𝑓𝐸 + 𝑐𝑖
(︁
(𝑝𝑖𝑖𝑡 )

−𝜎𝐴𝑖
𝑡 + 𝜏

(︀
𝑝𝑖𝑗𝑡,0
)︀−𝜎

𝐴𝑗
𝑡

)︁ , (C.8)

𝑁 𝑗
𝑡,0 =

𝐿𝑗 − 𝐿𝑗
𝑃,𝑡,1+

𝑓𝐸 + 𝑐𝑗
(︁
(𝑝𝑗𝑗𝑡 )

−𝜎𝐴𝑗
𝑡 + 𝜏

(︀
𝑝𝑗𝑖𝑡,0
)︀−𝜎

𝐴𝑖
𝑡

)︁ , (C.9)

with 𝐿𝑖
𝑃,𝑡,1+ =

∑︀𝐾
𝑠=1𝑁

𝑖
𝑡,𝑠𝑐

𝑖
(︁
(𝑝𝑖𝑖𝑡 )

−𝜎𝐴𝑖
𝑡 + 𝜏

(︀
𝑝𝑖𝑗𝑡,𝑠
)︀−𝜎

𝐴𝑗
𝑡

)︁
and

𝐿𝑗
𝑃,𝑡,1+ =

∑︀𝐾
𝑠=1𝑁

𝑗
𝑡,𝑠𝑐

𝑗
(︁
(𝑝𝑗𝑗𝑡 )

−𝜎𝐴𝑗
𝑡 + 𝜏

(︀
𝑝𝑗𝑖𝑡,𝑠
)︀−𝜎

𝐴𝑖
𝑡

)︁
the production labor used by all
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firms that are not new in countries 𝑖 and 𝑗, respectively.

Balanced trade Finally, balanced trade requires that income equals total ex-
penditure (domestic consumption plus imports) at time 𝑡.

𝐿𝑖 = 𝐴𝑖
𝑡

𝐾∑︁
𝑠=0

(𝑁 𝑖
𝑡,𝑠𝑟

𝑖𝑖
𝑡 +𝑁 𝑗

𝑡,𝑠𝑟
𝑗𝑖
𝑡,𝑠) (C.10)

𝑤𝑗
𝑡𝐿

𝑗 = 𝐴𝑗
𝑡

𝐾∑︁
𝑠=0

(𝑁 𝑗
𝑡,𝑠𝑟

𝑗𝑗
𝑡 +𝑁 𝑖

𝑡,𝑠𝑟
𝑖𝑗
𝑡,𝑠) (C.11)

C.2 Solving For the Steady State

We solve the model numerically and then look at shocks to the steady state. In
steady state, 𝐴𝑖, 𝐴𝑗, 𝑤𝑗, 𝑟𝑖𝑖, and 𝑟𝑖𝑗𝑡,𝑠 = 𝑟𝑖𝑗𝑠 are constant, so the free entry condition
simplifies to:

𝜎𝑓𝐸 =
𝐾∑︁
𝑠=0

𝑎𝑙𝑖𝑣𝑒𝑖𝑗𝑠
(︀
𝑟𝑖𝑖𝐴𝑖 + 𝑟𝑖𝑗𝑠 𝐴

𝑗
)︀

(C.12)

𝑤𝑗𝜎𝑓𝐸 =
𝐾∑︁
𝑠=0

𝑎𝑙𝑖𝑣𝑒𝑗𝑖𝑠
(︀
𝑟𝑗𝑗𝐴𝑗 + 𝑟𝑗𝑖𝑠 𝐴

𝑖
)︀

(C.13)

And the demand solutions become:

𝐴𝑖 =
𝜎𝑓𝐸 − 𝐴𝑗

∑︀∞
𝑠=0 𝑎𝑙𝑖𝑣𝑒

𝑖𝑗
𝑠 𝑟

𝑖𝑗
𝑠

𝑟𝑖𝑖𝑀 𝑖
𝑆𝑆

, (C.14)

𝐴𝑗 =
𝑤𝑗𝜎𝑓𝐸 − 𝐴𝑖

∑︀∞
𝑠=0 𝑎𝑙𝑖𝑣𝑒

𝑗𝑖
𝑠 𝑟

𝑗𝑖
𝑠

𝑟𝑗𝑗𝑀 𝑗
𝑆𝑆

, (C.15)

with 𝑀 𝑖
𝑆𝑆 and 𝑀 𝑗

𝑆𝑆 the steady-state mass of firms in the home and destination
country, respectively. We call 𝑀 𝑖 the steady-state mass of firms in country 𝑖.
Combining the two equations and solving for the actual demand levels yields:

𝐴𝑖 =
𝜎𝑓𝐸

(︁
𝑟𝑗𝑗𝑀 𝑗 − 𝑤𝑗

∑︀𝐾
𝑠=0 𝑎𝑙𝑖𝑣𝑒

𝑖𝑗
𝑠 𝑟

𝑖𝑗
𝑠

)︁
𝑟𝑖𝑖𝑀 𝑖𝑟𝑗𝑗𝑀 𝑗 −

∑︀𝐾
𝑠=0 𝑎𝑙𝑖𝑣𝑒

𝑖𝑗
𝑠 𝑟

𝑖𝑗
𝑠

∑︀𝐾
𝑠=0 𝑎𝑙𝑖𝑣𝑒

𝑗𝑖
𝑠 𝑟

𝑗𝑖
𝑠

(C.16)

𝐴𝑗 =
𝜎𝑓𝐸

(︁
𝑤𝑗𝑟𝑖𝑖𝑀 𝑖 −

∑︀𝐾
𝑠=0 𝑎𝑙𝑖𝑣𝑒

𝑗𝑖
𝑠 𝑟

𝑗𝑖
𝑠

)︁
𝑟𝑖𝑖𝑀 𝑖𝑟𝑗𝑗𝑀 𝑗 −

∑︀𝐾
𝑠=0 𝑎𝑙𝑖𝑣𝑒

𝑖𝑗
𝑠 𝑟

𝑖𝑗
𝑠

∑︀𝐾
𝑠=0 𝑎𝑙𝑖𝑣𝑒

𝑗𝑖
𝑠 𝑟

𝑗𝑖
𝑠

(C.17)
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Recalling from Section 4.3 that 𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑘 is the share of relationships of age 𝑘 out
of all relationships, labor clearing simplifies to:

𝐿𝑖 = 𝑀 𝑖

(︃
𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑖0𝑓𝐸 +

𝐾∑︁
𝑠=0

𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑖𝑠𝑐
𝑖
(︁(︀

𝑝𝑖𝑖
)︀−𝜎

𝐴𝑖 + 𝜏(𝑝𝑖𝑗𝑠 )
−𝜎𝐴𝑗

)︁)︃

𝐿𝑗 = 𝑀 𝑗

(︃
𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑗0𝑓𝐸 +

𝐾∑︁
𝑠=0

𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑗𝑠𝑐
𝑗
(︁(︀

𝑝𝑗𝑗
)︀−𝜎

𝐴𝑗 + 𝜏(𝑝𝑗𝑖𝑠 )
−𝜎𝐴𝑖

)︁)︃

Solving for the mass of firms delivers:

𝑀 𝑖 =
𝐿𝑖

𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑖0𝑓𝐸 +
∑︀𝐾

𝑠=0 𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒
𝑖
𝑠𝑐

𝑖
(︀
(𝑝𝑖𝑖)−𝜎 𝐴𝑖 + 𝜏(𝑝𝑖𝑗𝑠 )−𝜎𝐴𝑗

)︀ (C.18)

𝑀 𝑗 =
𝐿𝑗

𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑗0𝑓𝐸 +
∑︀𝐾

𝑠=0 𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒
𝑗
𝑠𝑐𝑗
(︀
(𝑝𝑗𝑗)−𝜎 𝐴𝑗 + 𝜏(𝑝𝑗𝑖𝑠 )−𝜎𝐴𝑖

)︀ (C.19)

And the balanced budget conditions reduce to:

𝐿𝑖 = 𝐴𝑖

(︃
𝑟𝑖𝑖𝑀 𝑖 +𝑀 𝑗

𝐾∑︁
𝑠=0

𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑗𝑠𝑟
𝑗𝑖
𝑠

)︃
(C.20)

𝐿𝑗 = 𝐴𝑗

(︃
𝑟𝑗𝑗𝑀 𝑗 +𝑀 𝑖

𝐾∑︁
𝑠=0

𝑎𝑔𝑒𝑠ℎ𝑎𝑟𝑒𝑖𝑠𝑟
𝑖𝑗
𝑠

)︃
(C.21)

We can combine the previous expressions to obtain two balanced budget conditions
with one unknown 𝑤𝑗. Either would be sufficient to solve the model. However,
for the numerical solution, it turns out to be helpful to use both equations in the
minimization problem.

D Relaxing Cash-In-Advance Payments

In this appendix, we demonstrate how equations in the model can be relaxed so
that cash-in-advance is not the only way to allow payment. To do so, define 𝛼 as
the percent of the bill to be paid in advance.
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D.1 Firm Optimization

Expected profits Expected exporter profits when buying from a supplier that
an importer has traded with for 𝑘 periods and an option to pay later are

E[𝜋𝑖,𝑗
𝑡,𝑘] = 𝜃𝑖𝑘

[︀
𝑝𝑖𝑗𝑡,𝑘𝑞

𝑖𝑗
𝑡,𝑘 − (1− 𝛼)𝑇 𝑖𝑗

𝑘

]︀
− 𝛼𝑇 𝑖𝑗

𝑘 − 𝜏𝑤𝑖
𝑡𝑐

𝑖𝑞𝑖𝑗𝑡,𝑘,

where now 𝑇 𝑖𝑗
𝑘 is the agreed payment from the importer to the exporter. The buyer

can assemble the final goods and sell them for revenue 𝑝𝑖𝑗𝑡,𝑘𝑞
𝑖𝑗
𝑡,𝑘 if the intermediate

inputs are usable. In that case, the buyer will also pay the remaining outstanding
bill of (1 − 𝛼)𝑇 𝑖𝑗

𝑘 . In any case, the importer will incur the prepayment to the
importer, 𝛼𝑇𝑘, and the prepayment to its own workers, 𝑤𝑖𝑐𝑖2𝑞.

We assume that there are no financing costs and that suppliers do not dis-
count the future, so advance payments are not valued more than post-delivery
payments.42 The participation constraint for the supplier in 𝑖 to produce accord-
ing to the specification of its buyer is given by 𝛼𝑇𝑘 + (1 − 𝛼)𝑇𝑘 ≥ 𝑐𝑖1𝑞

𝑖𝑗
𝑡,𝑘.

43 As
the buyer has all bargaining power, this constraint binds in equilibrium, so that
𝑇𝑘 = 𝑇 = 𝑐𝑖1𝑞

𝑖𝑗
𝑡,𝑘. Plugging this back into expected profits delivers

E[𝜋𝑘] = 𝜃𝑘
[︀
𝑝𝑖𝑗𝑡,𝑘𝑞

𝑖𝑗
𝑡,𝑘 − (1− 𝛼)𝑐𝑖1𝑞

𝑖𝑗
𝑡,𝑘

]︀
− 𝛼𝑐𝑖1𝑞

𝑖𝑗
𝑡,𝑘 − 𝜏𝑤𝑖

𝑡𝑐
𝑖
2𝑞

𝑖𝑗
𝑡,𝑘. (D.1)

CES Demand Continue to assume that demand for the final good has the stan-

dard CES form: 𝑞𝑖𝑗𝑡,𝑘 = 𝐴𝑗
𝑡

(︀
𝑝𝑖𝑗𝑡,𝑘
)︀−𝜎

= 𝑃 𝜎
𝑡 𝑄𝑡

(︀
𝑝𝑖𝑗𝑡,𝑘
)︀−𝜎

, with elasticity of substitution
𝜎 > 1. Expected importer profits in a relationship that has lasted 𝑘 periods are
given by Equation (D.1), where revenue at any time 𝑡 is 𝑝𝑖𝑗𝑡,𝑘𝑞

𝑖𝑗
𝑡,𝑘. Profit maximiza-

tion implies the optimal price:

𝑝𝑖𝑗𝑡,𝑘 =
𝜎𝑤𝑖

𝑡𝜏

𝜎 − 1

[︃
(1− 𝛼)𝑐𝑖1 +

𝛼𝑐𝑖1 + 𝑐𝑖2
𝜃𝑖𝑘

]︃
. (D.2)

This expression is quite intuitive. The importer only pays (1 − 𝛼)𝑐𝑖1 when the
delivered inputs are of high quality, so these costs affect the optimal price-setting
in the standard way. 𝛼𝑐𝑖1 and 𝑐𝑖2 are the costs of prepayment to the exporter

42It would be easy to relax either of these assumptions, but it would not add any value to
the analysis. See Schmidt-Eisenlohr (2013) for a model of payment choices with positive interest
rates.

43We assume that the buyer always offers a contract that is acceptable to patient and impatient
sellers, so the patient-buyer participation constraint is the relevant one. In principle, there could
be a separating case where the buyers offer a low total payment, 𝑇𝐾 , and only attracts the
impatient suppliers. However, as shown in Schmidt-Eisenlohr (2013), the pooling dominates
under very weak conditions.
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and the local workers, respectively, that are incurred independently of the success
of the transaction. Optimal price setting allocates these costs evenly across all
successful transactions, so the lower 𝜃𝑖𝑘 is, the more these costs increase the price
demanded from final consumers. Importers do standard markup pricing over the

effective costs per unit of output, (1−𝛼)𝑐𝑖1+
𝛼𝑐𝑖1+𝑐𝑖2

𝜃𝑘
. This implies that a successful

transaction generates revenues of

𝑅𝑖𝑗
𝑡,𝑘 = 𝑝𝑖𝑗𝑡,𝑘𝑞

𝑖𝑗
𝑡,𝑘 = 𝐴𝑗

𝑡

(︂
𝜎𝜏𝑤𝑖

𝑡

𝜎 − 1

)︂1−𝜎
[︃
(1− 𝛼)𝑐𝑖1 +

𝛼𝑐𝑖1 + 𝑐𝑖2
𝜃𝑖𝑘

]︃1−𝜎

, (D.3)

As in the main text, we can show the following proposition that matches our
empirical finding:

Proposition 2 The amount being traded, 𝑅𝑖𝑗
𝑡,𝑘, within a relationship increases with

the relationship’s age, 𝑘.

Proof.

𝜕

𝜕𝑘
𝑅𝑖𝑗

𝑡,𝑘 = 𝐴𝑗
𝑡

(︂
𝜎𝜏𝑤𝑖

𝑡

𝜎 − 1

)︂1−𝜎

(1− 𝜎)

[︃
(1− 𝛼)𝑐𝑖1 +

𝛼𝑐𝑖1 + 𝑐𝑖2
𝜃𝑖𝑘

]︃−𝜎 (︀
𝛼𝑐𝑖1 + 𝑐𝑖2

)︀
(−1)

(︁
𝜃𝑖𝑘

)︁−2 𝜕

𝜕𝑘
𝜃𝑖𝑘 > 0,

as 𝜃𝑖𝑘 =

(︂ ̂︀𝜃̂︀𝜃+(1−̂︀𝜃)𝜆𝑘

)︂
(1− 𝜆) + 𝜆 is increasing in 𝑘 for 𝜆 < 1.

Trade shares by age Although the expression for the count distribution does
not change, because exporter revenues now also depend on 𝛼, the expression for
the value distribution is altered.

𝑡𝑟𝑎𝑑𝑒𝑠ℎ𝑎𝑟𝑒𝑘 =
(︀
𝑅𝑖𝑗

𝑡,𝑘𝑎𝑙𝑖𝑣𝑒𝑘
)︀
/

𝐾∑︁
𝑠=0

(︀
𝑅𝑖𝑗

𝑡,𝑠𝑎𝑙𝑖𝑣𝑒𝑠
)︀
. (D.4)

Plugging in the expression for revenues (D.3), we obtain

𝑡𝑟𝑎𝑑𝑒𝑠ℎ𝑎𝑟𝑒𝑘 =

[︂
(1− 𝛼)𝑐1 +

(︂
𝛼𝑐1 + 𝑐2

𝜃𝑘

)︂]︂1−𝜎

𝑎𝑙𝑖𝑣𝑒𝑘

𝐾∑︁
𝑠=0

[︂
(1− 𝛼)𝑐1 +

(︂
𝛼𝑐1 + 𝑐2

𝜃𝑠

)︂]︂1−𝜎

𝑎𝑙𝑖𝑣𝑒𝑠

. (D.5)
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Value of a relationship Our calculations for the value of a relationship are
also altered as a result of revenues depending on two separate costs. Consider the
expected profit stream for a supplier in 𝑖 beginning a wholly new relationship with
a firm in 𝑗.

𝑉0 = E[Π0] =
𝐾∑︁
𝑠=0

𝑎𝑙𝑖𝑣𝑒𝑠E
[︀
𝜋𝑖𝑗
𝑠

]︀
(D.6)

=
1

𝜎

(︀
𝜏𝑝𝑖𝑖
)︀1−𝜎

𝐴𝑗

𝐾∑︁
𝑠=0

(1− 𝛿)𝑠
(︁
𝜆𝑠(1− 𝜃) + 𝜃

)︁
𝜃𝑖𝑠

[︂
(1− 𝛼)𝑐𝑖1 +

𝛼𝑐𝑖1 + 𝑐𝑖2
𝜃𝑖𝑠

]︂1−𝜎

.

Here, an importer is matched with a random supplier at 𝑠 = 0 that delivers a
quality input with probability 𝜃. The importer then slowly learns the type of the
supplier over time. The age-specific version of this measure is

𝑉𝑘 = E[Π𝑘] =
𝐾−𝑘∑︁
𝑠=0

(︂
𝑎𝑙𝑖𝑣𝑒𝑘+𝑠

𝑎𝑙𝑖𝑣𝑒𝑘

)︂
E
[︀
𝜋𝑖𝑗
𝑘+𝑠

]︀
(D.7)

=
1

𝜎

(︀
𝜏𝑝𝑖𝑖
)︀1−𝜎

𝐴𝑗

𝐾−𝑘∑︁
𝑠=0

(1− 𝛿)𝑠

(︁
𝜆𝑘+𝑠(1− 𝜃) + 𝜃

)︁
(︁
𝜆𝑠(1− 𝜃) + 𝜃

)︁ 𝜃𝑖𝑘+𝑠

[︃
(1− 𝛼)𝑐𝑖1 +

𝛼𝑐𝑖1 + 𝑐𝑖2
𝜃𝑖𝑘+𝑠

]︃1−𝜎

.

(D.8)
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