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Abstract
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1 Introduction

International trade takes place through a complex network of transactions between
buyers and sellers. Firm-to-firm networks shape key firm characteristics and macroe-
conomic aggregates alike by determining, among others, the geography of international
trade (Chaney, 2014, and Chaney, 2018), the labor market reactions to international
trade (Eaton et al., 2019), the distribution of firm size (Bernard et al., 2021, Panigrahi,
2021), the business cycle (Lim, 2018, Huneeus, 2018, Taschereau-Dumouchel, 2020),
and economic growth (Acemoglu and Azar, 2020).

In recent years, a dynamic literature on firm-to-firm trade has uncovered a set of
salient empirical regularities concerning the number of connections between firms and
the distribution of trade values among these connections.! In parallel, the literature
has proposed intriguing theoretical models to study the factors shaping firm-to-firm
connections.?

In this paper we argue that caution is warranted when evaluating theoretical models
based on the salient empirical patterns of the firm-to-firm network, because some of the
most prominent patterns emerge mechanically from a simplistic model. We develop
such a simplistic model of randomized firm-to-firm trade to ask: which stylized facts
of firm-to-firm trade networks are generated by purely stochastic firm-to-firm trade? It
turns out that the answer to this question is: surprisingly many.

To develop our benchmark model, we go ‘back to square one’ in terms of modelling
firms in international trade. For us (and probably most trade economists), this means
that we turn to the model of Krugman (1980), where each country produces a mass
of identical varieties, each of which, being subject to variable transport costs only, is
shipped to and consumed in all destinations. We suggest a re-interpretation of this
canonical model along with a re-interpretation of the notion of a ‘firm’, thus providing
a new perspective on the informational content of firm-level trade data. Importantly,
our re-interpretation leaves unchanged all economic activities of Krugman (1980), which
are thus fully characterized by the classical (multi-country) setup.

Our interpretation deviates from the canonical view on Krugman (1980) in three
central elements. First, we make a semantic distinction between a ‘plant’, a ‘sales
unit’ and a ‘firm’, which are not distinguished in Krugman (1980). In our terminology,

‘plants’ are homogeneous producers (and exporters) of a single differentiated variety —

!See Bernard and Moxnes (2018) for a survey. This literature has expanded on the previous focus
of the analysis on either the buyer or the seller (e.g., Antras et al., 2017, Fally and Hillberry, 2018,
Bernard et al., 2018a) to placing firm-to-firm connections at center stage.

2These factors include search frictions (Chaney, 2014, Eaton et al., 2016), information fric-
tions (Eaton et al., 2014, Benguria, 2015, Monarch and Schmidt-Eisenlohr, 2017, Chaney, 2018),
relationship-specific fixed costs (e.g., Bernard et al., 2018¢, and Lim, 2018), switching cost (Monarch,
2016), and heterogeneity in consumers’ valuation of varieties (Carballo et al., 2018).



i.e., they are the entities called ‘firms’ in Krugman (1980). To sell a variety to consumers
in a given country, a unique local ‘sales unit’ is required. These sales units, however, are
economically neutral: they operate under perfect competition with zero marginal cost,
so that the Krugman (1980) setup remains effectively unchanged. The two entities —
plants and sales units — are the economic agents in our model. These plants and sales
units are bundled into legal entities called ‘firms’, so that observations at the ‘firm’-level
in the data reflect the aggregate of these bundles’ activities.?

As the second element of our re-interpretation of the Krugman (1980) model, we
introduce randomization in the bundling process. Specifically, plants and sales units
are randomly assigned to ‘firms’ and the size of these firms, defined by the mass of
plants and sales units they contain, is drawn from an exogenous (Pareto) distribution.?
The random nature of bundling implies that the link of a given plant with its foreign
sales unit generates randomized trade relations between firms in the exporting and the
importing country.®

As the third and final element of our re-interpretation of the Krugman (1980) model,
we assume that firm-to-firm transactions of cross-border trade enter the model’s trade
statistics only if their value exceeds a reporting threshold. This assumption captures a
common feature of data collection by customs authorities and implies that firm-to-firm
transactions are censored in the trade statistics.

These three elements of our re-interpretation do not affect economic decisions. They
have, however, implications for our interpretation of trade statistics. In particular, the
distinction between the legal entity ‘firm’ and the economic entities active within its
boundaries implies that we have to re-think the link between actual economic activity
(the plant level) and the way it is represented in the data (at the firm level). Consider,
e.g., firm A which has twice the mass of plants of firm B. While each plant produces
and exports its own variety of the consumption good, in the data we observe two firms
of different sizes. Moreover, exports of the smaller firm B are less likely to be recorded
in the trade statistics than exports of firm A, simply because exports of the former are

less likely to pass the reporting threshold.”

3The labels of ‘firms’ and their subsidiaries reflect our aim to connect our approach to the empirical
work with firm-level data — see Section 4.3.1 for a discussion on this point. Throughout our description
of the setup, we interpret the plant as a producer of the final product, and the sales unit as its
distributing unit. We do so to adopt the standard of the literature, see, e.g., Chaney (2014), and
thereby remain close to Krugman (1980). Section 4.3.2 offers generalizations of this interpretation,
including trade in intermediate goods.

4This assumption implies that firms in our model sell multiple varieties. We distinguish, however,
between a variety and a product and discuss in Section 4.3.3 how the product margin can be explicitly
analyzed using a slight extension of our framework.

5This approach is reminiscent of the balls-and-bins model of trade by Armenter and Koren (2014).
Section 4.1 discusses in detail the similarities and differences between their approach and ours.

SWe discuss the reporting threshold and its role for our results in detail in Section 4.1.

"We remain agnostic about the origins of the heterogeneity of firm size. For example, our framework



Our paper’s main contribution is to show that a set of salient empirical patterns of
international buyer-seller data emerge from our re-interpreted multi-country Krugman
(1980) model. For the selection of these empirical patterns, we draw on recent studies
by Blum et al. (2010) (who document firm-level trade patterns between Argentina
and Chile), Bernard et al. (2018c¢) (for Norway), Bernard et al. (2018b) (for Colombia),
Carballo et al. (2018) (for Costa Rica, Ecuador, and Uruguay) and Bernard and Moxnes
(2018). To replicate — and in some cases expand on — their key stylized facts on buyer-
seller networks in international trade, we use Colombian import data. We find that our
simplistic model replicates a number of the most robust and salient empirical patterns.
First, the buyer margin and the seller margin are driven by gravity forces: the number of
exporters an importer connects to (seller margin) as well as the number of importers an
exporter connects to (buyer margin) are increasing in the size of the partner country and
decreasing in bilateral distance. Second, a firm’s aggregate trade volume is proportional
to the number of its partners: the firm’s import value increases in the number of foreign
suppliers with unit elasticity; by symmetry, the same holds for a firm’s export value
and the number of its foreign buyers. Third, the share of local firms with more foreign
sellers (buyers) decreases in the number of a firm’s sellers (buyers) with unit elasticity.
For example, the share of local firms connected to more sellers than firm £ is decreasing
in firm k’s number of sellers with unit elasticity. Fourth, large, well-connected firms
dominate the firm-to-firm trade network: few firms have many partners and many firms
have few partners. Fifth, negative assortative matching rules firm-to-firm connections:
the better connected an importing (exporting) firm is, the less well-connected is its
average buyer (seller). Sixth, the conditional sales distribution is stable: the size and
the connectedness of a firm do not affect its sales to its median (or any other percentile)
buyer. Seventh, firms tend to follow a hierarchical pecking order: an importer’s set of
exporters is a subset of any larger importer’s set of exporters.®

At the current juncture, as an emerging literature analyzes increasingly disaggre-
gated trade data and seeks to formulate intricate theories of firm-to-firm connections,
it is appropriate to partition the empirical patterns into two sets: a first set with which
conventional models do come to terms with and another set these models do not. Our

simplistic model with random firm-to-firm matching delivers such a partition and helps

is compatible with an interpretation of Melitz-type productivity differences. Thus, we implicitly allow
the size of a firm to be determined by factors other than the usual differences in productivity (as in
Bustos, 2011) or quality (as in Fieler et al., 2018). Differences in firm sizes may also reflect (historic)
differences in wealth across individuals which, in times of highly imperfect capital and financial markets
mapped into heterogeneous firm sizes (as in Bonfiglioli et al., 2019) or emerge from heterogeneous
management quality (Bloom et al., 2020) and signalling motives (e.g., Amaldoss and Jain, 2015).
Those factors, to the extent that they can be incorporated in the Krugman setup, are immediately
applicable to our standard framework.

81n addition to these core results of our baseline model, Section 4.2 discusses variations of our model
that allow to capture other regularities of the data.



to answer the original question of Armenter and Koren (2014): which facts are useful
for testing new theories? Since many of the salient empirical patterns cited in the lit-
erature emerge from our simplistic model, they should not be interpreted as empirical
support for sophisticated microeconomic modelling of firm-to-firm interactions.’

We argue that our paper’s message is less destructive than it may seem, as it in-
dicates which empirical patterns can help researchers to select modelling approaches
for firm-level decisions. Generally, any significant deviation from the predictions gener-
ated by random matching of buyers and sellers suggests that firms engage in directed
economic activity.!? This observation applies, in particular, to the dynamics of firm
trade that do not only mirror the growth rates of firms but, instead, reflect strategic
firm decisions. Also, complementarities of firms’ input suppliers (as in Halpern et al.,
2015) or geographic clustering of export destinations due to the structure of search costs
(as in Chaney, 2014) point at patterns that go beyond those predicted by randomized
firm-to-firm trade.!* With its underlying Krugman (1980) model, our model involves
genuine economic decision making and provides a starting point for re-introduction of
firms with economic content at both sides of the buyer-seller relationship.

Our paper connects to various literatures. Most importantly, we contribute to the
growing literature that documents mutually consistent stylized facts of firm-to-firm net-
works in international trade, using different datasets from various countries. Prominent
studies in this realm are Blum et al. (2009) (for Chilean exporters and Colombian im-
porters), Blum et al. (2010) (Chilean importers and Argentinean exporters), Monarch
and Schmidt-Eisenlohr (2017) (U.S. customs data identifying Chinese counterparts),
and Carballo et al. (2018) (exporters from Costa Rica, Ecuador and Uruguay and their
buyers). Bernard et al. (2018b) use Colombian customs data at the transaction-level
identifying Colombian importers and foreign exporters.'? Bernard et al. (2018¢c) analyze
Norwegian exports in a transaction-level dataset that identifies, Norwegian exporters

and their international buyers. This body of work produces a strikingly consistent set of

9For example, Bernard et al. (2018c) use a set of facts to motivate their model of trade in inter-
mediate goods with heterogeneous buyers and sellers and match-specific fixed costs. We argue that
successfully matching their set of facts does not improve on our simplistic model and thus does not
constitute evidence in favor of (nor against) match-specific fixed costs. At the same time, we emphasize
that our model is a merely benchmark and should not be read as a realistic description of economic
reality.

0Examples of such deviations relate to the predicted unit elasticities in the patterns presented in
Sections 3.2 and 3.3 or the invariant sales distribution from Section 3.6. Section 4.2 gives a more
comprehensive list of the testable implications.

HFurther promising dimensions include firms’ engagement in directed search for upstream suppliers
and downstream buyers along complex value chains (see, e.g., Bernard et al., 2021). Firms’ decisions
regarding pricing and product composition may turn out to be relevant factors for the microeconomic
analysis of the firm and firm-to-firm interactions. They are muted in Krugman- or Melitz-type settings
as long as firms are infinitesimally small, but materialize prominently in Atkeson and Burstein, 2008,
Eckel and Neary (2010), Arkolakis et al. (2010), Blum et al. (2019), or Auer et al. (2018).

12Their dataset is similar to ours, and we discuss the differences in Section A.1.
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empirical patters, despite the apparent differences of the respective economies in terms
of economic development, production structure and per-capita income (for example
Colombia in Bernard et al., 2018b, and Norway in Bernard et al., 2018¢). Bridging the
literature of domestic and international firm networks, Bernard et al. (2021) study the
universe of buyer-seller relationships in Belgium and find that the number of customers
determines heterogeneity in firm size.®

With the central element of randomized firm-to-firm connections, our paper is tightly
connected to the ‘balls-and-bins’ paper by Armenter and Koren (2014), who show that
the gravity patterns of international trade, including an operating extensive margin,
emerge mechanically from a purely stochastic model of ‘balls’ falling into ‘bins’.!* Con-
ceptually, we apply their approach of randomized trade relations to the firm-to-firm
trade network. Instead of excluding optimizing agents from the model, however, we
strip only the legal entity ‘firm’ of its economic content, while keeping the underly-
ing economic transactions of a fully microfounded model.!> Parallel and independent
research by Bernard and Zi (2021) complements our analysis by applying the purely
stochastic approach with a discrete number of balls and bins to firm-to-firm trade. Un-
der general firm size distributions, the authors investigate the information content of
data under a large class of statistical transformations and at different aggregation levels.
On the one hand, this work confirms the generality of our main message and shows that
our basic insights do not hinge on our distributional assumptions and the particularities
of the Krugman (1980) model. On the other hand, comparing the two complementary
approaches highlights that the specific structure of our framework yields a long list of
sharp, testable predictions that relate directly to the model’s structural parameters.'6
The approach of randomized trade connections is also reminiscent of Chaney (2018),

who spells out theory-independent sufficient conditions for the well-known effect of

geographical distance on trade to emerge.

BThere is a closely connected literature on purely domestic firm-to-firm networks that focuses on
domestic production networks. Tintelnot et al. (2021) also use Belgian firm-to-firm data to document
that, while only few firms export and import directly, the majority of firms does so indirectly through
domestic linkages. The study also documents negative assortative matching, which is prevalent in
datasets on international trade connections (in particular, Bernard et al., 2018¢c, and Bernard et al.,
2018b). Using a detailed dataset for Japan, Bernard et al. (2019) document a strong link between a
firm’s size and the number of its suppliers and highlight the role of within-country geographic distance
for the number of firm connections. The same data are used by Carvalho et al. (2021) to study the
effects of the 2011 Japanese earthquake on supply chains.

14 This approach has inspired a number of studies. Eaton et al. (2013) pursue a similar approach
to introduce firms with positive mass that impact economic aggregates. Head et al. (2017) develop
a stochastic benchmark for trade involving the consumer side. Within the literature on firm-to-firm
connections, Bernard et al. (2018c) argue that the balls and bins approach does not generate the salient
empirical patterns of firm-to-firm trade. We discuss this point in detail in Section 4.1.

15Gection 4.1 further discusses how our approach relates to the purely stochastic balls-and-bins
approach.

16See also our discussion in Section 4.1.



Our paper also speaks to several closely related literatures, without explicitly in-
cluding the corresponding modelling features. One of these literatures deals with the
scope and boundary of the firm and analyzes the determinants of endogenous firm het-
erogeneity, such as firms’ product scope (e.g., in Eckel and Neary, 2010, and Bernard
et al., 2011) and endogenous technology choice (as, e.g., in Lileeva and Trefler, 2010,
and Bustos, 2011). Studies that are especially close to the literature on firm networks
are those analyzing trade in intermediate inputs among firms (Amiti and Konings, 2007,
Goldberg et al., 2010, Halpern et al., 2015, and Fieler et al., 2018).}7 A further litera-
ture studies different aspects of firm dynamics: one-sided firm trade (Albornoz et al.,
2012, and Ruhl and Willis, 2017) or firm-to-firm connections (see Blum et al., 2010,
and Gimenez-Perales, 2021, in the context of international trade network and Carvalho
and Voigtlander, 2014, in the domestic one). Chaney (2014) proposes a model of dy-
namic network formation between buyers and sellers in international trade. The model
endogenizes firms’ trade costs, complementing and improving on previous work that in-
vestigates the determinants of (fixed) costs of international trade. Related studies focus
on market entry costs (Arkolakis, 2010) and the role of financial frictions as impedi-
ments to trade (studied in Manova, 2013, Chaney, 2016, and Bonfiglioli et al., 2019). A
strand of the literature with a marcoeconomic approach analyzes the sources of aggre-
gate fluctuations through the input-output network (Acemoglu et al., 2012, Di Giovanni
et al., 2014, and Lim, 2018). Other studies investigate the role of substitution elastic-
ities among single products and their heterogeneity across firms (see Oberfield, 2018,
but also Halpern et al., 2015, and Gimenez-Perales, 2021, which link back to Chaney,
2008).

Some of the listed dimensions may be readily included in extensions of our frame-
work.!® Other features, such as those determining network formation or financial and
other frictions, may ultimately produce predictions that go genuinely beyond the pre-
dictions of our randomized model.*’

The remainder of the paper is structured as follows: Section 2 outlines our baseline
model, Section 3 uses Colombian transaction-level import data to highlight seven major

stylized facts and shows one by one that our model matches them all, Section 4 discusses

I"The related issue of multinational firms and their organizational structure, analyzed in the liter-
ature based on Antras (2003) and Antras and Helpman (2004) and offshoring in general (Grossman
and Rossi-Hansberg, 2008), is equally kept outside of our model.

BOur our model can be readily expanded to produce empirical regularities in the product dimension
— see Section 4.3.3.

190ne example could be third country effects in international trade, as identified in Chaney (2014).
In a model of the dynamic formation of a cross-border buyer-seller network with search frictions,
he uses French firm-level data to confirm that a firm exporting to country A is more likely to start
exporting to country B if A is close to B, independently of the distance of B to the exporting country.
Such effects are outside our model and can provide a starting point for identifying relevant implications
of trade networks that go beyond the predictions of our randomized model.



the relation of our paper to the balls and bins framework of Armenter and Koren (2014)

and points at directions for future research. Section 5 concludes.

2 A re-interpretation of Krugman (1980) with ran-

dom matching

The aim of our analysis is to determine how far a simple re-interpretation of Krugman
(1980) can go in rationalizing key patterns on the international trade network. We start
by summarizing and interpreting the features of a multi-country version of Krugman
(1980) that will be central for our analysis.

Heavily drawing on previous work with standard modelling framework, we only
specify the parts of the model that are essential for our re-interpretation. Doing so, we
leave the demand side of the model entirely unchanged. The supply-side, on the other
hand, is subject to a re-interpretation that will shape our approach to the data but is

inessential for economic outcomes.

2.1 Demand

Consumers obtain utility from the consumption of differentiated varieties of a final

consumption good. Demand in country i for a variety w originating from country j is
Gi(w) = (psi(w)/P) 7Y/ B, (1)

where P; is the ideal price index, Y; total income of country ¢ and o stands for the
constant substitution elasticity stemming from consumers’ utility. Defining (2, as the set
of varieties produced in j and sold in ¢, with homogeneous production plants, p;;(w) =
pjii V w € Q; is the local retail price in country 7 of varieties produced in country j

including trade costs. Standard profit-maximization implies

g

Pji = o 1Tjiwj7 (2)

where 7;; are bilateral variable trade costs, w; is the wage in country j and marginal

unit labor requirements are normalized to one.

2.2 Supply — the ‘firm’ under the microscope

We now turn to our re-interpretation of the Krugman (1980) model and its link to the
firm-to-firm trade data. First, we make an important semantic distinction between a

‘plant’, a ‘sales unit’ and a ‘firm’, which are not distinguished in Krugman (1980).

7



2.2.1 Plants

A plant produces a single variety of the differentiated final consumption good. It chooses
quantities, prices and export destinations. All plants share the same productivity level
and make positive operating profits, which just cover entry costs. So far, our plant is
akin to a ‘firm’ in Krugman (1980). We do however, explicitly model an activity that

is implicitly carried out in Krugman (1980): distribution to the final consumer.

2.2.2 Sales units

Distribution of varieties to consumers is carried out by sales units. When a plant seeks
to sell its variety in a given market, it must do so through a local sales unit. Sales units
can distribute goods to consumers at zero cost and operate under perfect competition.
These assumptions keep the activity of sales units economically neutral and keep our
model observationally equivalent to Krugman (1980).

In the absence of fixed cost of exporting, all plants in country j export to all desti-
nations. For each destination ¢, the plant is randomly matched to a unique sales unit

that is the exclusive distributor of its variety in that market.

2.2.3 Firms

We define a firm as a collection or a bundle of local plants and sales units.? While
the economic activity takes place at the level of plants and sales units, the ‘firm’ is the
legal entity that provides an umbrella for its economic activities.

Two features of our firms deserve special attention — heterogeneous firm size and

the assignment of plants and sales units to firms.

Firm heterogeneity. A firm’s size is determined by the mass of varieties produced
within its boundaries.?! The firm’s size follows a distribution, which we take as exoge-
nous and specify by the cdf F'(u) and the according pdf f(u). We assume that firm size
follows identical distributions in all countries and consequently do not index F' or f by
j or i. We also remain agnostic about the sources of firm heterogeneity. Throughout
the paper, we will refer to a firm in country j with mass p; as “firm p;”.

For our core analytical exercises, we work with the most commonly used firm size

distribution, the Pareto distribution

F(u) =1~ (/1) (3)

20This means that we rule out multinational firms.

21 This setup is a notional change of the Krugman (1980) model only. As long as firms are negligibly
small relative to the economy, no incentives to intervene in production or pricing arise. The setup
obviously coincides with the original interpretation when each firm has one plant only.




which has the pdf f(u) = 6% '(u)?, the expected value pf/(6 — 1) and the x'
percentile, defined through F(u) = ¥,

= 1=x)""p. (4)

Random assignment of plants and sales units to firms. We assume that the
total mass of plants and sales units within a country is assigned to the domestic firms
according to identical and independent randomization.?? The random bundling, in con-
nection between domestic plants and foreign sales units generate random cross-border
connections between firms. Since each firm comprises a mass of plants, it connects to
all foreign firms by the law of large numbers. However, larger firms mechanically have
“broader” or more intensive connections, as they comprise more plants and sales units

within their boundaries.?3

2.3 ‘Firm’-to-‘firm’ trade observed in the data

‘Firm’-to-‘firm’ connections. Each pair of domestic plant and foreign sales unit
has the same ex-ante probability to be matched. This assumption implies that the
probability of a plant to be matched to a specific foreign firm is proportional to the
number of sales units within this foreign firm and thus to this firm’s size. Conversely,
the probability of a foreign sales unit to be matched to a domestic firm is proportional to
that firm’s size. Applying finally the law of large numbers, the mass of plants exporting
from one firm to the other is proportional to the product of both firms’ sizes.
Formally, the assumption that importing and exporting firms are randomly matched
is reflected by independence of the joint distribution, which describes the probability

that a producing firm of size p; and a selling firm of size p; are matched. This joint

22The random nature of this bundling process reflects the fact that the Krugman-varieties in a
given economy are all identical. However, the assignment of sales units is equally randomized and
independent, so that the probability of a plant and a sales unit being linked is independent of how
many other plants and sales units of the same firms are linked.

Z3We superimpose a structure on the Krugman (1980) model, in which plants and sales units are
randomly matched and randomly bundled into firms. This constitutes a similarity of our approach to
the purely stochastic balls and bins approach along the lines of Armenter and Koren (2014), which we
discuss in Section 4.1. The intuition for the connection is as follows. The ‘balls’ (the plant-sales unit
connections) originate from ‘exporter-bins’ and ‘fall’ into ‘importer-bins’. Larger exporter-bins launch
more balls, which in turn are more likely to fall into larger importer-bins. On the one hand, our model
is a continuous version of that idea, since we deal with a continuum of firms (bins) and a continuum
of plant-sales unit connections (balls) (instead of a descrete number as in Armenter and Koren, 2014);
on the other hand, we build a bridge between their purely stochastic approach and standard economic
modelling by “microfounding” the ‘balls’ as the exports of Krugman (1980) plants. In Section 4.1 we
discuss the relation between the continuous and the discrete case as well as how sparsity (the fact that
in the data only a small fraction of possible links is observed) emerges in our continuous model.



distribution (cdf) is independent®

F(pg, i) = F () F (1) (5)

and the according pdf is
fugspi) = f Q) f () (6)

In the absence of fixed costs of exporting, all varieties in the Krugman (1980) model
are exported, and demand is given in (1) and all varieties are exported to all countries.
Since an exporter exports all of its p; varieties to firms in destination 7, the subset
of its varieties sold to a specific firm p; is pjp;/(E(1)N;). Combined with demand in
equation (1) and our assumption E(u)N; = L; above, the value of firm f1,’s exports to

firm p; is then:

X (g, pi) = Mz—‘f(pﬁ/}%)l‘”iﬁ. (7)
Reporting threshold. The prediction that all varieties are exported to all markets
is clearly at odds with the data on firm-level trade but stems from the fact that we
tie our hands to the Krugman (1980) model. Instead of moving away from Krugman
(1980), we turn to a possible explanation of the discrepancy between model and data
that concerns the data collection process.

Specifically, we postulate a reporting threshold, t, for firm-to-firm trade and assume
that firm-to-firm transactions are recorded only if the monetary value of all varieties
sold by an exporting firm p; to an importing firm gu; is above ¢, i.e. X(uj, pu;) > .2
Firm g, is thus registered as a buyer of firm p; and firm p; is registered as a seller to
firm p; if and only if -

t
Hifty > [gi = /B 7V L (8)

Z4Note that the distributions of the importer and the exporter size are identical and equal to F(u).
This is a consequence of two assumptions: first, the distribution of firm size is identical for all coun-
tries and second, plants and sales units are randomly bundled to firms. The second assumption, in
combination with the law of large numbers, implies that the mass of (foreign) sales units over the mass
of plants is identical for all firms within a country. Of course, the two assumptions may be relaxed.

25Tt is common practice of customs administrations to approximate aggregate trade value of small
transactions and collect little underlying information on the trading parties. The United Nations
(2004), Chapter 3.5, Paragraph 69 (“Reporting Threshold and Retention of Records”) specifies that
goods “...can be declared in less detail or be made exempt from reporting requirements [...] when the
value (or quantity) is below a certain customs-defined threshold...” and that, further, “[cJompilers may
also establish a threshold for statistical purposes, i.e., set a value below which transactions may not
be processed and included in the detailed trade statistics, or may be included in the trade statistics
based on a sampling approach.” The manual also mentions a specific example, stating that “in the
United States, most import transactions valued at less than USD 1,500 may be reported ‘informally’,
with only minimal information report”.

10



The threshold in (8) is decreasing in the trade-promoting variables, i.e., the wage (ex-
penditure) of the destination w; = Y;/L; and its price index P; but increasing in the
trade-impeding variables, i.e., the wage in the source country w; and the iceberg trade

costs (compare (2)).

Connections-extensive margin. With all important assumptions in place, Figure 1
visualizes our model setup. Firm p; on the horizontal axis represents, say, an exporting
firm and p; on the vertical axis represents an importing firm. p on each axis represents
the minimum value of the Pareto distribution of firm sizes. Along the hyperbola, we
have that p;p; = fi;; so that only trade between firm sizes located above and to the
right of the line are recorded. For an importing firm of size p;, only connections with
exporters larger than f;;/p; are recorded. As the importer’s size increases, it thus
reaches deeper into the pool of exporters, expanding along the connections-extensive
margin. For the indicated low levels of the threshold ji;;, an importing firm with sizes
above 1y connects with all potential exporters including smallest firms in the market.
For all importers with sizes u; < pg, however, the connections-extensive margin is
active. That means, any change in fi;; (induced by changes in trade costs or a market
conditions of the partner country) affect the mass of exporters this firm connects to.
Empirically, the active connections-extensive margin seems to be the relevant case.
Based on matched importer-exporter data from Chile and Colombia, Blum et al. (2009)
show in Table 3.1 of their paper that in 2006, there was a total of 823 Colombian firms
importing from Chile. However, the Chilean exporter at the 99th percentile sold only
to 19 importers and the largest Chilean exporter sold to 30 Colombian firms. Based on
this evidence, we focus on the case featuring the active connections-extensive margin

when we present our results in Section 3.2

3 The Data through the Lens of the Model

In this section we assess which of the salient regularities of international buyer-seller
networks highlighted in the literature can be captured by our simplistic re-interpretation
of the Krugman (1980) model. Our finding is: surprisingly many. Specifically, we
provide a list of seven empirical regularities, which may seem intricate but mechanically

emerge from our setup.

26 A firm-size distribution with no positive lower bound or a finite upper bound would readily generate
the feature that no firm connects to all potential partners. We explore an alternative version of our
model with a truncated Pareto distribution (as used in Helpman et al., 2008) and show that all the
results presented in this section continue to hold in approximation. The results are available upon
request.
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Figure 1: Range of Recorded Connections and Large Firms — Pareto Distribution
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Note: The grey are represents the set of all possible and thus of all active firm connections. The hyperbola defined
by pip; = fij; partitions this set in those connections that have low trade volume and remain unrecorded in trade
statistics (lower left: set A) and those that have low trade volume and are recorded in trade statistics (upper right:

union of B and C). As the cutoff value (fi;;) increases from fij; to ﬂ;i, the hyperbola shift to the upper right and
more trade connections remain unrecorded (A and B).
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We have argued in Section 2.3 that the case with an active connections-margin, i.e.,
where fiji/p1; > i, is the empirically relevant one. Accordingly, our results are based
on this case. Throughout the section, whenever we refer to ‘connections’ or ‘trade
flows’, we mean the recorded ones, i.e., those that are above our postulated reporting
threshold.

While our main point is a theoretical one, we use Colombian transaction-level import
data to replicate — and in some cases expand on — several regularities of the firm-to-firm
trade network, which previous literature has found for different countries. We describe
the data in Appendix A.1.27

3.1 The Firm Margin and Gravity

Trade data exhibit a strong link between a firm’s number of firm-connections in a foreign
country with size and distance of that partner country. In particular, Bernard et al.
(2018b) show in their Table 5 that the number of an importer’s connections as well as
the value of its imports from each foreign firm correlate with the established gravity
variables (i.e., the economic size of the partner country and geographic distance) in the
usual way. Bernard et al. (2018¢) find the same pattern for Norwegian exporters (Table
5 in their online appendix).

Based on our data, we replicate these patterns for Colombian importing firms in
Table 1, assessing their number of connections and total imports per partner country.
Columns (1) - (3) document that the classical gravity variables, i.e., exporter GDP
and bilateral distance, show a significant conditional correlation with the number of

connections with usual sign and about the magnitude expected from the literature.?®

Turning to our model, we write the mass of firms in country j recorded as an exporter

(or seller) to a firm of size p; as

o0

S(j, ui) = Nj f(w)dp = N; </fiﬁ)9 = N; (

Bji/ i Hi

Y 0
Hift (sz‘/Pz‘)l Yi
o G

where the lower integration limit follows from equation (8) and indicates that connec-
tions of a firm of size p; are only recorded if the exporting firm in j supplies a sufficiently
high value of its exports. Notice that the fraction f(x;) is multiplied by the total mass

of exporters N;.

2TWe use the dataset presented and analyzed in Gimenez-Perales (2021), which is a variant of the
one used in Bernard et al. (2018b).

28In Appendix Table A.2, we also report evidence on a decomposition of aggregate Colombian
imports into various margins, as presented in Bernard et al. (2018¢) (but also for one-sided firm trade
in Blum et al., 2019, and Gomtsyan and Tarasov, 2020). The table highlights the importance of the
exporter margin in explaining Colombian imports.

13



Table 1: Firm-Level Gravity

Imports
Connection

Imports )
Connection

log(# Connections) log(Imports) log( ) log(# Connections) log(Imports) log(

log(GDP) 0.351%** 0.443%** 0.092%*** 0.377H** 0.477+%* 0.100%**
(0.053) (0.066) (0.019) (0.052) (0.060) (0.016)
log(GDP p.c.) -0.147%* 0.191% -0.044*
(0.065) (0.079) (0.022)
log(Distance) -0.169** -0.309%** -0.140%** -0.210%** -0.362%** -0.152%**
(0.071) (0.098) (0.045) (0.057) (0.080) (0.045)
Firm FE Yes Yes Yes Yes Yes Yes
R-squared 0.203 0.290 0.449 0.212 0.295 0.450
Observations 84011 84011 84011 84011 84011 84011

Note: Regression using OLS. Robust standard errors clustered at the country level. * p<0.05, ** p<0.01, ***
p<0.001.

Similarly to (9), we can compute the recorded import value of firm y; from country
g, M(j, it;), by integrating the values of firm-to-firm trade (7) over all exporters y; for
which the reporting threshold is exceeded:

0 0 <mg(pﬂ_/1%)1_"lﬁ;>. (10)

M(j, /M) = Nj ) X (Njaui) f(/J’J)d:uJ = NJEG 1 tL;

Bgi/ i

Equations (9) and (10) show that the number of connections per importer, S(j, i;),
as well as the import values, M (j, p1;), are decreasing in bilateral trade costs 7;; and in
the exporting country’s wage (see (2)). At the same time, both variables are increasing
in the mass of firms in exporting country (N;), which is proportional to the exporting

country’s total effective labor units (L;).

We can formulate the according expressions for the exporting firm. Realizing that
the direction of trade flows changes when switching the two arguments in X (p;, i)
and replacing fi;; by fi;;, we compute the mass of importers (or buyers) in country j

per exporter u; as

o0

B(j, ;) = N; f(u)dp = N; (

Rij /i

(11)

N
i (i) Py)' 7 Y;
L, ’
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For the recorded exports of firm p; to country j, we get

[/
| > _ 0 (/P 7Y,
X(j, i) = N;j X (wiy 1) fug)dpg = Nitg— ( = gng - . (12

fji /s J

With these expressions, we obtain the following

Proposition 1 The Firm Margin and Gravity.

(i) A firm’s aggregate import value from foreign market j and the number of its
suppliers in market j are increasing in the foreign market size, N;, the domestic
price level, P;, and the domestic wage, w;, but decreasing in the foreign wage, w;,

and in variable trade costs, Tj;.

(i) Similarly, a firm’s aggregate export value to a foreign market j and the number of
its buyers in market j are increasing in the foreign market size, N;, the foreign
price level, P;, and the foreign wage, w;, but decreasing in the domestic wage, w;,

and in variable trade costs, 7;;.

Proof The first part follows from (9) and (10) in connection with (2), the second part
from (11) and (12) with (2).

The proposition relates directly to the empirical patterns summarized in Table 1
above. Specifically, if we read the exporting country’s economic size (GDP;) as a proxy
for the country’s total number of firms and notice bilateral trade costs by distance (7;)
enters the price p;; as in (2), then Columns (1) and (2) confirm the association of our
gravity variables with both, the number of connections per importer and the firm-level
import values as predicted in equations (9) and (10).% Guided by both equations, we
then add to the regressions the explanatory variable exporter GDP per capita. The
results, reported in Columns (4) - (6) of Table 1, show that the number of connections
per firm is indeed decreasing in per-capita GDP of the source, while the exporting
country’s GDP and bilateral distance remain statistically significant with the expected
sign.30

Our model also predicts that the average import value per connection (reported
in the third column) is unrelated to any characteristic at the exporter-level. While
still significant in two of three cases, all coefficients drop substantially in magnitude

compared to the first two columns and are much closer to zero.

The firm fixed effects absorb the variation from p; and there is country-level variation of the
importer i, since we use Colombian import data.

30We stress that, in order to move closer to our model, we would ideally replace the exporter’s wage
w; with unit labor cost and exporter GDP with the number of (exporting) firms N;. However, we are
not aware of comprehensive datasets that allows for a similarly broad country coverage.
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3.2 Firm-Level Trade and the Number of Connections

Closely in line to the first fact above, trade data exhibit an approximately one-to-one
relation between the value of firm-level imports and the number of exporters a firm
connects to. This pattern is qualitatively illustrated by Blum et al. (2010) for Chilean
data, where import from countries with the lowest trade values are imported by the
largest Chilean firms. This regularity is presented for importers in Figure 5 in Bernard
et al. (2018b) and for exporters in Figure 6 in the supplemental material of Bernard
et al. (2018c).

Our own Figure 2 confirms these patterns, plotting the relationship between the
number of suppliers to a Colombian importer on the horizontal axis and the normalized

imports of that firm on the vertical axis, both on log scales.3!

100 1000 10000
L L L

Imports, normalized

10

1 10 100 1000
Number of Suppliers

Note: The figure shows the fitted line from a kernel-weighted local polynomial regression of firm-origin log imports on firm-origin log
number of suppliers. Axes are scaled in logs. Imports are normalized by mean imports of one-supplier firms.

Figure 2: Log Imports and the Number of Suppliers

Turning to our model, we simply combine equations (9) with (10) to express firm-

level imports as a function of the number of connected exporters as

M) = 525w, (13)

Equation (13) shows that, for a given threshold and Pareto shape parameter, an

importer’s number of exporters is a sufficient statistic for its total imports and we

31For the construction of the graph, we use a kernel-weighted local polynomial regression of log
normalized imports on the log number of suppliers. The shaded gray area is the 95% confidence
interval. We normalize firm-level imports by the mean imports of firms with only one supplier. In a
linear regression of log imports on the log number of suppliers, we find an elasticity of 1.171 with a
standard error of 0.006.
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formulate the following
Proposition 2 Firm-Level Trade and the Number of Connections.

(i) A firm’s import value from foreign market j increases in the number of the firm’s

suppliers from market 7 with unit elasticity.

(i) Similarly, a firm’s export value to foreign market j increases in the number of the

firm’s buyers in market j with unit elasticity.

Proof The first part follows directly from (13). The second part follows, equivalently,
by combining (11) and (12).

The positive relation between imports and the number of connections at the firm
level follows from the fact that for a given reporting threshold, ¢, larger firms import
more through more sales units and, simultaneously reach deeper into the pool of po-
tential exporters. Under the Pareto-distributed firm size, the increase in the number
of connected exporters is proportional to the increase in trade through the intensive
margin and the relation is log-linear with unit slope.

The analogous intuition applies to firm-level exports.

3.3 The Distribution of the Number of Partners

Trade data exhibit a strong link between a firm’s number of foreign firm-connections
and the share of local firms with more foreign firm-connections. This relationship is
shown in Bernard et al. (2018b) in Figure 3(a) for importers and in Figures 3(b) and 4
for exporters.3?

Using our data, Figure 3 replicates this pattern by plotting the total number of
connections of an importing firm on the vertical axis against the share of importers in
Colombia with more connections on the horizontal axis.?® Figure 4 plots the same rela-
tionship separately for each of the top five Colombian sourcing locations.** The figures
show that a few firms, either exporters or importers, have large numbers of connections

while large numbers of firms have just one or two foreign partners.

Turning to our model, this pattern follows, from the Pareto distribution of firm sizes

once more in a very tractable manner. Recall that S(j, 4;) in Equation (9) is the number

32Bernard et al. (2018¢c) confirm those results in Figures 4 and 5 of their online appendix.

33A linear regression of the log number of connections on the log share of importers with more
connections yields an elasticity of -1.31 with a standard error of 0.006.

34The corresponding elasticities are given by -0.95 (standard error 0.006) for the United States, -1.18
(0.010) for China, -0.48 (0.008) for Mexico, -0.93 (0.015) for Brazil, and -0.83 (0.023) for Argentina.
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Note: The elasticity estimated in a linear regression of the log number of connections on the log share of importers with more connections
is -1.31 with a standard error of 0.006.

Figure 3: The Distribution of Connections across Importers - All Countries
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Note: The elasticities estimated in a linear regression of the log number of connections on the log share of importers with more connections
are -0.95 (std. error 0.006) for the United States, -1.18 (0.010) for China, -0.48 (0.008) for Mexico, -0.93 (0.015) for Brazil, and -0.83
(0.023) for Argentina.

Figure 4: The Distribution of Connections across Importers - Top 5 Source Countries

of firms in j that export to a firm of size p;. This expression is obviously increasing
in the importing firm’s size u; — the statement applies to any firm size distribution.
Therefore, the share of firms with at least as many connections as y; is equal to the

fraction of firms that is larger than pu;. In the Pareto case, we express this fraction as

Pru> ) =1—F(uw) = p; p’. (14)

Solving for p¢ and plugging the result into equation (9) yields the following relation
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between the number of exporters for an importer of size u; and the fraction of importers

that has more connections than p; as
S(s ) = Ny g Pr[p > ] (15)

This equation yields the following

Proposition 3 The Distribution of the Number of Partners.

(i) An importing firm’s number of sellers in a foreign market j is decreasing in the

fraction of local firms connected to more sellers in market j with unit elasticity.

(i) Similarly, an exporting firm’s number of buyers in a foreign market j is decreasing
i the fraction of local firms connected to more buyers in market j with unit

elasticity.

Proof The first part follows from (15), the second by applying the same manipulations
that lead to (15) to B(j, u;) from (11).

3.4 The Role of Large Firms in the Trade Network

Trade data show a prevalence of large firms with more than one connection in aggregate
trade. For example, Blum et al. (2009) report that more than half of the Chilean
exporters sell to a single Colombian importer, which is, however, large in import volume.
Carballo et al. (2018) show that exports from Costa Rica, Ecuador and Uruguay are
mainly driven by few exporting firms with multiple buyers. A similar pattern is shown
in Bernard and Moxnes (2018) for Norwegian export data, where most connections
involve large firms on at least one side of the trade relation and these account for the

largest part of bilateral trade.

Table 2: The Role of Large Firms in Firm-to-Firm Trade

Imports (1) One-to-one (2) Many-to-one (3) One-to-many (4) Many-to-many
Share of Value (%) 2.8% 5.0% 30.7% 61.6%
Share of Counts (%) 3.8% 5.0% 35.0% 56.2%

Note: The unit of observation is a firm-destination. Firms with one connection in each
of two markets are counted as single-connection firms. Column (1) indicates matches, in
which both importer and exporter have only one connection in a market, column (2) refers
to matches in which the exporting firm has one connection and the importer has multiple
connection, column (3) indicates the reverse case and in column (4), both importer and
exporter have multiple connections.
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Based on our data, Table 2 shows that over half of all firm-to-firm connections in-
volve firms with many connections on both sides and these connections account for
more than 60% of total trade. Our summary statistics in Table A.1 also show that 50%
of importers connect with more than 3 exporters and that 50% of exporters connect
with more than one importer. Recalling further from Figure 2 that firms with more
connections are larger in terms of sales and purchases. Taken together, these observa-

tions point at the dominant role for large firms in firm-to-firm trade.

Turning to our model, we gauge the role of large firms in our model by computing
the mass of connections that involves at least one large firm as a share of total recorded
connections. To that aim, we define large firms as those above a certain size percentile

x (e.g., x = 0.9 for the 90 percentile). We then define the mass of all recorded

connections as®®

Mo=/ / F Qi msliireg > o) dpadp. (16)
T

(This is the share of connections that is located to the top right of the hyperbola
represented in Figure 1.)

A firm, either the exporter or the importer, that is located at the yth size percentile
has size p,. The mass of connections involving at least one large firm, i.e., one that is

above the y* percentile of the size distribution, is thus defined as
M = /:o /:O F s pglpipg > Bgi & (i > gy | gy > ) dpadps;. (17)
In the appendix, we show that under the Pareto distribution, M, is given by
Mo = /) [+ O ) (18)
We also show that if x is large such that p, > g, M7 is given by
My =1-x% (19)

while it is
M= (iga/p?) 70 12 4 20 (g / (i) | — (pae/ 1)~ (20)

35This mass is expressed as the share of all possible connections N;N;. We will normalize accordingly
in equation (17). Since we then take ratios, suppressing the factor N;N; is irrelevant.
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if x is small such that p, < po. Here, pp is defined as

Ho = Hji/ 1. (21)

(The firm size pg is marked in Figure 1 in Section 2.) For both cases we can show that

the share of connections involving at least one large firms,

mX(f;i) = My /Mo, (22)
1s Increasing in fi;;, or
d
— mx(ﬁz) > 0. 23)

By the definition of fi;;, equation (23) implies the following

Proposition 4 Large Firms and Connections. For any percentile x, the share

mX([i;;) of recorded connections with at least one firm larger than the x™ percentile
(1) is continuously increasing in [ij;,
(i) equals one if fij; > pi3.

Proof See the Appendix.

The proposition obviously implies that, for y large enough, the share of connections
involving at least one large firm is arbitrarily close to one and the role of large firms in
international trade becomes dominant.

As a corollary to the proposition, mX(fi;;) is increasing in the reporting threshold ¢,
trade costs, 7j;, and the exporting country’s wage, w;, but decreasing in the importing

country’s price index, P;, and its per-capita GDP, w;.

Using the Colombian data, we calculate the share of all connections involving firms of
which either the importer or the exporter is above a given percentile in the distribution
of the number of connections per firm and plot it against the respective percentile in
Figure 5. Defining ‘large’ firms as those in the upper tenth percentile (one percent) of
the size distribution, Figure 5 shows that more than 85% (about half) of all connections
involve at least one large firm. This observation illustrates the dominant role of large
firms in the network. The figure also plots the ratio mX(ji;;) implied by the model

as a function the percentile x calibrated to the data.?® We do not seek to apply a

36We set the distribution’s lower bound, y, to 1 and take the value of 6 from the literature. Specifi-
cally, we take the estimate based on firm sales from Table 1 of Di Giovanni et al. (2011) and assume
o = 4, giving us a value of § = 3.051. Then we choose the value of ji;; such that the sum of squared
distances between the model and the data is minimized.
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formal metric to assess our model’s fit with the data but observe that the shape of
our calibrated function is close to the data and the qualitative match seems reasonably

successful.

Share of Total Connections
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Figure 5: The Share of Connections Involving at Least One Large Firm - Data and
Model

3.5 Negative Assortative Matching

Trade data exhibit negative assortative matching (NAM) in firm-to-firm networks, i.e.,
large firms tend to match with small ones. For example, Blum et al. (2010) report that
small Argentinean exporters tend to connect to one large Chilean importer. Bernard
et al. (2018b) show in Figure 7 that Colombian importers that have more exporters
connect to exporters that sell to fewer importers on average. An analogous relationship
is shown for Norwegian exporters in Figure 1 of Bernard et al. (2018c).

Using our data, Figure 6 plots an importer’s number of trade partners in a coun-
try (horizontal axis) to these trade partner’s average number of connections (vertical
axis).3” The variables exhibit a negative and statistically significant relationship with
an elasticity of -0.18 and a standard error of 0.010. The point (10, 0.1) in the graph
can be interpreted as follows: the connected exporters of an importer with ten times
the average number of connections in a source country, have on average one tenth of

the average number of connections with importers in Colombia. Taking into account

37 Axes are scaled in logs. In the construction of the graph we follow Bernard et al. (2018c) and first
calculate the number of importers connected to by each exporter as well as the number of exporters
in each country connected to by a Colombian importer. We then calculate the mean number of
connected importers for each observed number of connected exporters by country, thereby pooling
Colombian importers with the same number of connections in a source country. We then take log of
both variables and demean them by country.
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the strong correlation between firm imports and the number of connections presented

in Section 3.2, NAM means that larger firms have on average smaller trading partners.

10

1
1

Average Number of Importers per Exporter

A
L

A
Number of Exporters per Importer

Note: The slope coefficient is estimated to be -0.18 (std. error 0.010).

Figure 6: Negative Assortative Matching

Turning to our model, we consider an importer of size u; and relate it to the size of
its exporter at the x™ percentile, y,,. Negative assortative matching implies that the y
percentile consists of smaller exporters when the importer is larger, i.e. O, (1;)/0p; <
0. This case also implies that, e.g., the median exporter of a larger importer is smaller
than the median exporter of a small importer. The cumulative distribution functions

of exporters, conditional being recorded as an exporter to firm p;, is given by
Fplp > i/ ps) = 1= (i) figi) =" (24)
The according x'" percentile, defined through F(u|u, > jiji/m:) = X, is

i) = (=) i s (25)

This identity directly implies that O, (11;)/0p; < 0 for any x and thus proves negative
assortative matching between exporting and importing firms in our model.
Proposition 5 Negative Assortative Matching.

(i) The size of an importer’s X' percentile seller is decreasing in the importer’s size

with unit elasticity.

(ii) Similarly, the size of an exporter’s X" percentile buyer is decreasing in the ex-

porter’s size with unit elasticity.
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Proof The first part follows from (25); the second from the observation that the im-
porter and exporter distributions are identical and by replacing ji;; with fi;; in (24) and
(25).

The proposition is formulated in terms of firm size, but the statement immediately
translates to the number of connections and thus to Figure 6. In particular, in com-
bination with equations (9) and (11) that establish the link between firm size and the
number of recorded connections, the first part of Proposition 5 shows that the more
exporters an importing firm connects to, the less connections has its average exporter.
Similarly, the second part of Proposition 5 shows that the more importers an exporting
firm connects to, the less connections has its average importer.

The intuition for this result is that a large importer can compensate for a smaller
export partner to generate trade volumes that are large enough to be recorded. Larger
firms therefore reach deeper into the pool of potential trade partners than smaller firms,

thus reducing the size of the average partner.

3.6 Conditional Sales Distribution

Trade data show that the distribution of an exporter’s sales or an importer’s purchases
across its connections is very stable as the number of connections increases. This
stylized fact is documented for Colombian importers in Figure 6 of Bernard et al.
(2018b). Bernard et al. (2018c) present according evidence on the export side, using
data for Norwegian exporters (Figure 7 of their online appendix).

Using our data, Figure 7 replicates the figures from the reference literature, plotting
the source-country-level number of suppliers to Colombian importers on the horizontal
axis and the normalized source-country-level imports by Colombian importers on the
vertical axis. Both axes are scaled in logs and imports are normalized by mean imports
of firms with only one supplier in a market. Including the 20th, 50th, and 80th percentile
of the conditional imports distribution, the figure shows that the distribution remains
stable as the number of connections of the importers increases. In particular, importers
with 100 suppliers do not buy more from their median exporter than importers with 10
suppliers (although in the aggregate, importers with 100 suppliers do of course import
more). In Figure 8 we repeat the exercise for the top five source countries of Colombian
imports and find conditional sales distributions that are stable or even decreasing in
the number of connections.

This result indicates that large firms export and import more not because they sell
more to each partner, but because of the number of partners they have. This under-
scores the importance of the partner-extensive margin at the firm level for explaining

large trading firms — and by the concentration of trade among those largest firms — also
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for explaining aggregate trade flows.
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Note: The figure shows the fitted lines from kernel-weighted local polynomial regressions of the 20th, 50th, and 80th percentile of firm-
origin log imports on firm-origin log number of suppliers. Axes are scaled in logs. Imports are normalized by mean imports of one-supplier
firms.

Figure 7: Conditional Sales Distribution

Turning to our model, the value of trade between importer jp,; and exporter i,
located in j is given by (7), which is proportional to p;u,. Combining equations (7),
(8) and (4), the firm-to-firm trade value is given by

X (s iy () = (1= x) V¢, (26)

The identity shows that the absolute import volume of an importer from its x* per-
centile exporter is independent of the importer’s size.
Normalizing further by the median sales of any importing firm p;, (e.g., the ‘small-

est” importer) thus yields

X))
X(Mioaﬂlﬂ(ﬂi))_(z(l X)) ' (27)

These observations give rise to the following

Proposition 6 Conditional Distribution of Trade.

(i) A firm’s distribution of import values from market j across the percentiles of its

suppliers in market j is independent of the importing firm’s size.

(ii) Similarly, a firm’s distribution of export values to market j across the percentiles

of its buyers in market 7 is independent of the exporting firm’s size.
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Note: The figure shows the fitted lines from kernel-weighted local polynomial regressions of the 20th, 50th, and 80th percentile of firm-
origin log imports on firm-origin log number of suppliers. Axes are scaled in logs. Imports are normalized by mean imports of one-supplier
firms.

Figure 8: Conditional Sales Distribution

Proof The first part follows from (27). The second part follows from the parallel
expressions, derived by switching arguments in X (4;, ;) and computing X (p6, (44:), ;)

3.7 Hierarchy of Connections

In trade data, the connections of importers and exporters are governed by a hierarchy.
Bernard et al. (2018¢c) show in Figure 9 of their online appendix that in the majority
of destinations, the share of Norwegian exporters connecting with foreign importers in
the order of their connectedness to the Norwegian market is larger than expected under
the statistical benchmark of independence of connection probabilities.

Using our data, we follow the approach of Bernard et al. (2018c) and compare, for
each source country, the share of Colom