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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.1 In parallel, the literature

has proposed intriguing theoretical models to study the factors shaping firm-to-firm

connections.2

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 –

1See 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., Antràs 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., 2018c, and Lim, 2018), switching cost (Monarch,
2016), and heterogeneity in consumers’ valuation of varieties (Carballo et al., 2018).
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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.3

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.4

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.5

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.6

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.7

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.

6We discuss the reporting threshold and its role for our results in detail in Section 4.1.
7We remain agnostic about the origins of the heterogeneity of firm size. For example, our framework
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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 k 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.8

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.

8In 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.
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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.9

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.10 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.11 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.12 Bernard et al. (2018c) 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.

10Examples 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.

11Further 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., 2018c). 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.13

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’.14 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.15 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.16

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.

13There 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., 2018c, 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.

14This 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.

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

16See also our discussion in Section 4.1.
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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).17 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 Voigtländer, 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.18 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.19

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

17The related issue of multinational firms and their organizational structure, analyzed in the liter-
ature based on Antràs (2003) and Antràs and Helpman (2004) and offshoring in general (Grossman
and Rossi-Hansberg, 2008), is equally kept outside of our model.

18Our our model can be readily expanded to produce empirical regularities in the product dimension
– see Section 4.3.3.

19One 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.
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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 ω originating from country j is

qji(ω) = (pji(ω)/Pi)
−σYi/Pi, (1)

where Pi is the ideal price index, Yi total income of country i and σ stands for the

constant substitution elasticity stemming from consumers’ utility. Defining Ωj as the set

of varieties produced in j and sold in i, with homogeneous production plants, pji(ω) =

pji ∀ ω ∈ Ωj is the local retail price in country i of varieties produced in country j

including trade costs. Standard profit-maximization implies

pji =
σ

σ − 1
τjiwj, (2)

where τji are bilateral variable trade costs, wj 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).
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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 i, 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.20 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.21 The firm’s size follows a distribution, which we take as exoge-

nous and specify by the cdf F (µ) and the according pdf f(µ). 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 µj as “firm µj”.

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

distribution, the Pareto distribution

F (µ) = 1− (µ/µ)−θ (3)

20This means that we rule out multinational firms.
21This 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.
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which has the pdf f(µ) = θµ−θ−1(µ)θ, the expected value µθ/(θ − 1) and the χth

percentile, defined through F (µ) = χ,

µχ = (1− χ)−1/θµ. (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.22 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.23

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 µj and a selling firm of size µi 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.

23We 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.
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distribution (cdf) is independent24

F (µj, µi) = F (µj)F (µi) (5)

and the according pdf is

f(µj, µi) = f(µj)f(µi). (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 µj varieties to firms in destination i, the subset

of its varieties sold to a specific firm µi is µjµi/(E(µ)Ni). Combined with demand in

equation (1) and our assumption E(µ)Ni = Li above, the value of firm µj’s exports to

firm µi is then:

X(µj, µi) =
µiµj
Li

(pji/Pi)
1−σYi. (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, t̄, 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 µj to an importing firm µi is above t̄, i.e. X(µj, µi) > t̄.25

Firm µi is thus registered as a buyer of firm µj and firm µj is registered as a seller to

firm µi if and only if

µiµj > µ̄ji :=
t̄

(pji/Pi)1−σYi/Li
. (8)

24Note that the distributions of the importer and the exporter size are identical and equal to F (µ).
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.

25It 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, “[c]ompilers 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”.
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The threshold in (8) is decreasing in the trade-promoting variables, i.e., the wage (ex-

penditure) of the destination wi = Yi/Li and its price index Pi but increasing in the

trade-impeding variables, i.e., the wage in the source country wj and the iceberg trade

costs (compare (2)).

Connections-extensive margin. With all important assumptions in place, Figure 1

visualizes our model setup. Firm µj on the horizontal axis represents, say, an exporting

firm and µi on the vertical axis represents an importing firm. µ on each axis represents

the minimum value of the Pareto distribution of firm sizes. Along the hyperbola, we

have that µiµj = µ̄ji so that only trade between firm sizes located above and to the

right of the line are recorded. For an importing firm of size µi, only connections with

exporters larger than µ̄ji/µi 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 µ̄ji, an importing firm with sizes

above µ0 connects with all potential exporters including smallest firms in the market.

For all importers with sizes µi < µ0, however, the connections-extensive margin is

active. That means, any change in µ̄ji (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 3.26

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.

26A 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 µiµi = µ̄ji 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 (µ̄ji) increases from µ̄ji to µ̄
′
ji, 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 µ̄ji/µj > µ, 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. (2018c) 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.28

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

(or seller) to a firm of size µi as

S(j, µi) = Nj

∫ ∞
µ̄ji/µi

f(µ)dµ = Nj

(
µiµ

µ̄ji

)θ
= Nj

(
µiµ (pji/Pi)

1−σ Yi

t̄Li

)θ

, (9)

where the lower integration limit follows from equation (8) and indicates that connec-

tions of a firm of size µi are only recorded if the exporting firm in j supplies a sufficiently

high value of its exports. Notice that the fraction f(µj) is multiplied by the total mass

of exporters Nj.

27We 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. (2018c) (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.
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Table 1: Firm-Level Gravity

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

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

)

log(GDP) 0.351*** 0.443*** 0.092*** 0.377*** 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 µi from country

j, M(j, µi), by integrating the values of firm-to-firm trade (7) over all exporters µj for

which the reporting threshold is exceeded:

M(j, µi) = Nj

∫ ∞
µ̄ji/µi

X (µj, µi) f(µj)dµj = Nj t̄
θ

θ − 1

(
µiµ (pji/Pi)

1−σ Yi

t̄Li

)θ

. (10)

Equations (9) and (10) show that the number of connections per importer, S(j, µi),

as well as the import values, M(j, µi), are decreasing in bilateral trade costs τji 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 (Nj), which is proportional to the exporting

country’s total effective labor units (Lj).

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 (µi, µj)

and replacing µ̄ji by µ̄ij, we compute the mass of importers (or buyers) in country j

per exporter µi as

B(j, µi) = Nj

∫ ∞
µ̄ij/µi

f(µ)dµ = Nj

(
µiµ (pij/Pj)

1−σ Yj

t̄Lj

)θ

, (11)
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For the recorded exports of firm µi to country j, we get

X(j, µi) = Nj

∫ ∞
µ̄ji/µi

X (µi, µj) f(µj)dµj = Nj t̄
θ

θ − 1

(
µjµ (pij/Pj)

1−σ Yj

t̄Lj

)θ

. (12)

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, Nj, the domestic

price level, Pi, and the domestic wage, wi, but decreasing in the foreign wage, wj,

and in variable trade costs, τji.

(ii) 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, Nj, the foreign

price level, Pj, and the foreign wage, wj, but decreasing in the domestic wage, wi,

and in variable trade costs, τij.

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 (GDPj) as a proxy

for the country’s total number of firms and notice bilateral trade costs by distance (τji)

enters the price pji 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).29 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.

29The firm fixed effects absorb the variation from µi 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
wj with unit labor cost and exporter GDP with the number of (exporting) firms Nj . 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.31

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(j, µi) = t̄
θ

θ − 1
S(j, µi). (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 j with unit elasticity.

(ii) 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, t̄, 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.32

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.33 Figure 4 plots the same rela-

tionship separately for each of the top five Colombian sourcing locations.34 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, µi) in Equation (9) is the number

32Bernard et al. (2018c) 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

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 µi. This expression is obviously increasing

in the importing firm’s size µi – the statement applies to any firm size distribution.

Therefore, the share of firms with at least as many connections as µi is equal to the

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

Pr [µ ≥ µi] = 1− F (µi) = µ−θi µθ. (14)

Solving for µθi 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 µi and the fraction of importers

that has more connections than µi as

S(j, µi) = Njµ
2θµ̄−θji Pr [µ ≥ µi]

−1 . (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.

(ii) Similarly, an exporting firm’s number of buyers in a foreign market j is decreasing

in 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, µi) 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

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

connections as35

M0 =

∫ ∞
µ

∫ ∞
µ

f(µi, µj|µiµj > µ̄ji)dµidµj. (16)

(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 χth size percentile

has size µχ. The mass of connections involving at least one large firm, i.e., one that is

above the χth percentile of the size distribution, is thus defined as

Mχ
1 =

∫ ∞
µ

∫ ∞
µ

f(µi, µj|µiµj > µ̄ji & (µi ≥ µχ | µj ≥ µχ))dµidµj. (17)

In the appendix, we show that under the Pareto distribution, M0 is given by

M0 = (µ̄ji/µ
2)−θ

[
1 + θ ln(µ̄ji/µ

2)

]
. (18)

We also show that if χ is large such that µχ ≥ µ0, Mχ
1 is given by

Mχ
1 = 1− χ2, (19)

while it is

Mχ
1 = (µ̄ji/µ

2)−θ
[
2 + 2θ ln(µ̄ji/(µµχ))

]
− (µχ/µ)−2θ (20)

35This mass is expressed as the share of all possible connections NiNj . We will normalize accordingly
in equation (17). Since we then take ratios, suppressing the factor NiNj is irrelevant.
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if χ is small such that µχ < µ0. Here, µ0 is defined as

µ0 = µ̄ji/µ. (21)

(The firm size µ0 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,

mχ(µ̄ji) = Mχ
1 /M0, (22)

is increasing in µ̄ji, or
d

dµ̄ji
mχ(µ̄ji) > 0. (23)

By the definition of µ̄ji, equation (23) implies the following

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

mχ(µ̄ji) of recorded connections with at least one firm larger than the χth percentile

(i) is continuously increasing in µ̄ji,

(ii) equals one if µ̄ji ≥ µ2
χ.

Proof See the Appendix.

The proposition obviously implies that, for χ 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, mχ(µ̄ji) is increasing in the reporting threshold t̄,

trade costs, τji, and the exporting country’s wage, wj, but decreasing in the importing

country’s price index, Pi, and its per-capita GDP, wi.

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 mχ(µ̄ji) implied by the model

as a function the percentile χ calibrated to the data.36 We do not seek to apply a

36We set the distribution’s lower bound, µ, to 1 and take the value of θ from the literature. Specifi-
cally, we take the estimate based on firm sales from Table 1 of Di Giovanni et al. (2011) and assume
σ = 4, giving us a value of θ = 3.051. Then we choose the value of µ̄ji 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.

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).37 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

37Axes 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.

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 µi and relate it to the size of

its exporter at the χth percentile, µχ. Negative assortative matching implies that the χth

percentile consists of smaller exporters when the importer is larger, i.e. ∂µχ(µi)/∂µi <

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 µi, is given by

F (µ|µ ≥ µ̄ji/µi) = 1− (µµi/µ̄ji)
−θ. (24)

The according χth percentile, defined through F (µ|µχ ≥ µ̄ji/µi) = χ, is

µχ(µi) = (1− χ)−1/θµ̄ji/µi. (25)

This identity directly implies that ∂µχ(µi)/∂µi < 0 for any χ 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 χth percentile seller is decreasing in the importer’s size

with unit elasticity.

(ii) Similarly, the size of an exporter’s χth 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 µ̄ji with µ̄ij 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.

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 µi and exporter µχ

located in j is given by (7), which is proportional to µiµχ. Combining equations (7),

(8) and (4), the firm-to-firm trade value is given by

X(µi, µχ(µi)) = (1− χ)−1/θ t̄. (26)

The identity shows that the absolute import volume of an importer from its χth per-

centile exporter is independent of the importer’s size.

Normalizing further by the median sales of any importing firm µi0 (e.g., the ‘small-

est’ importer) thus yields

X(µi, µχ(µi))

X(µi0 , µ1/2(µi))
= (2(1− χ))−1/θ. (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 j is independent of the exporting firm’s size.

25



.1
1

10
10

0
Im

po
rts

, n
or

m
al

iz
ed

10 100 500
Number of Suppliers

United States

.1
1

10
10

0
Im

po
rts

, n
or

m
al

iz
ed

10 100 500
Number of Suppliers

China

.1
1

10
10

0
Im

po
rts

, n
or

m
al

iz
ed

10 100 500
Number of Suppliers

Mexico

.1
1

10
10

0
Im

po
rts

, n
or

m
al

iz
ed

10 100 500
Number of Suppliers

Brasil
.1

1
10

10
0

Im
po

rts
, n

or
m

al
iz

ed

10 100 500
Number of Suppliers

Argentina

95% CI P20 P50 P80
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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(µi, µj) and computing X(µχ(µi), µi).

3.7 Hierarchy of Connections

In trade data, the connections of importers and exporters are governed by a hierarchy.

Bernard et al. (2018c) 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 Colombian importers, who buy from the exporter with

the most Colombian connections, the exporter with the second-most Colombian connec-
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tions, and so on, with the share of Colombian importers, who would do so if the prob-

abilities of a Colombian importer buying from a particular exporter were independent.

Denote by rS the rank of an exporter in a country based on its number of connected

importers in Colombia. The share of all Colombian importers from that country the

exporter with rank rS connects to is denoted by πrS . If connections are independent,

for a Colombian importer, the probability of connecting only to the most-connected

exporter in a country is given by p1 = π1

∏S
r=2(1 − πr), with S being the aggregate

number of exporters in a market. Accordingly, the probability of connecting only to

the most and second-most connected exporters is given by p2 = π1π2

∏S
r=3(1− πr) and

so on. In Figure 9, each datapoint is a country, for which we plot the share of firms in

the data that follow the hierarchy on the vertical axis against the share that would be

expected under the assumption of independence of connections, i.e.
∑S

k=1 πk. We find

that for a large number of source countries, the share of firms following the hierarchy

is larger than would be expected under the independence assumption.

Note: Axes are scaled in logs. Exporting countries with more than 20 exporters and importers are considered. The vertical axis shows the
share of importers in all importers from a market, who connect with the most connected exporter, the second-most connected exporter,
and so on, in each market. The horizontal axis shows those shares that would be expected under independent connection probabilities.

Figure 9: Hierarchy Across Exporters

Turning to our model, the set S(µi) of exporters an importer of size µi connects to

is given by

S(µi) = {µj|µj ≥ µ̄ji/µi} . (28)

Clearly, as the importer size, µi, increases, the set S(µi) expands and contains ever

smaller exporting firms µj, i.e., Sµi ⊂ Sµ′i for all µ′i > µi.
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The similarly defined set of importers, exporter µi connects to is

B(µi) = {µj|µj ≥ µ̄ij/µi} . (29)

(where only the indices of µ̄ij are switched relative to (28)) defines the set of importers

an exporter of size µi connects to.

These equations lead to the following

Proposition 7 Hierarchy of Connections. Firms-to-firm connections follow a

strict hierarchy that is governed by firm size:

(i) An importer’s set of suppliers from foreign market j is a strict subset of any larger

importer’s set of suppliers from foreign market j .

(ii) Similarly, an exporter’s set of buyers in foreign market j is a strict subset of any

larger exporter’s set of buyers in foreign market j.

Proof The first part follows from (28), the second one from (29).

Importers always connect to the largest exporter and extend their reach downwards

towards smaller exporters. Intuitively, the restriction that trade flows above a certain

threshold are recorded is less binding for larger importers, so that their connections

with the smaller exporters are still recorded.

4 Discussion

The previous section has documented how salient patterns of firm-to-firm trade data

emerge from our simple Krugman-based model. The model crucially rests on the cross-

border links of plants to sales units, and the random bundling of those actors into

local firms of Pareto-distributed sizes. These features, in combination with a reporting

threshold for firm-to-firm trade, generate our surprisingly rich set of predictions.

This section offers a critical interpretation on some of our model’s features and

discusses further perspectives as well as testable implications and possible extensions.

First, we expand on the stochastic element of our model, discussing the main similarities

and differences to the balls and bins model of trade by Armenter and Koren (2014), our

central reference in this regard.Second, we take a look at the empirical patters that our

model does not fully match but also at the predictions that may be explored in future

empirical work. Third, we lay out our understanding of the terms variety and plant

and how these definitions of our model relate to data. In this context, we also discuss

how our model may be applied to firm-to-firm trade in inputs and point at possible

extensions for further dimensions, such as products and product categories.
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4.1 Balls and Bins and Sparsity in Trade Connections

The central role of the stochastic bundling in our model constitutes a conceptual sim-

ilarity to the balls and bins model of trade by Armenter and Koren (2014). These

authors show that a purely stochastic model with a discrete number of balls falling

into a discrete number of bins delivers the well-known gravity patterns of international

trade and generates a rich set of predictions for the extensive margin of trade that has

robust empirical backing.

How does our re-interpretation of Krugman (1980) relate to the stochastic balls and

bins model? We think of our model as a hybrid: we apply the stochastic approach

at the crucial part, where firm-to-firm connections are formed, but we maintain an

underlying structure of economic decision making that models and explains the ‘balls’:

in our model, the ‘balls’ are the economic transactions emerging from the Krugman

(1980) model. Only the ‘bins’ (firms) are free of economic meaning and constructed

as purely legal and accounting entities. This approach allows us to apply the logic of

the balls and bins model and show that the empirical patterns emerge mechanically

when firms of different size trade with one another. At the same time, we maintain a

fully-fledged Krugman (1980) model at the plant-level. Our model thus builds a bridge

between the stochastic approach and economic modelling: on the one hand, it allows to

directly study the effect of removing all microeconomic complexity at the firm level and

the firm-to-firm level; on the other hand, it invites to re-introduce economic modelling

choices at the firm level.

There is also an important technical difference between the approach in Armenter

and Koren (2014) and ours. While Armenter and Koren (2014) postulate transactions

of discrete (and identical) size, in our model we consider a continuum of firms, each of

which comprises a continuum of plants and thus exports a continuous flow of goods.

Our choice has the advantage that we can rely on the law of large numbers when solving

the model. At the same time, the assumption of a continuum of varieties within a firm

implies that all firms are connected with all other firms, which is clearly at odds with the

sparsity of connections found in the data. Indeed, bilateral country-to-country trade

flows are typically sparse (the number of observed positive trade flows is low compared

to the number of possible connections, which is the motivating observation for Armenter

and Koren, 2014) and, not surprisingly, firm-to-firm connections are sparse as well. Our

model generates the feature of sparse firm-to-firm trade through the reporting threshold:

since trade flows grow arbitrarily small as firms grow smaller the firms or as trade

costs increase, the reporting threshold censors the smallest connections and thereby

generates sparsity.38 Of the universe of possible firm-to-firm connections, only a small

38We have motivated the introduction of a reporting threshold in Section 2. United Nations (2004),
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fraction is reported to be active.39 While the balls and bins approach by Armenter and

Koren (2014) thus discretizes the trade flows and delivers continuous probabilities of

observing bilateral trade flows, our approach, by contrast, keeps trade flows continuous

but delivers discrete probabilities of zero or one form observing firm-to-firm trade flows.

Alternatively, we could move closer to Armenter and Koren (2014) in generating

sparsity in our model without recurring to the reporting threshold by adopting the idea

of discrete trade flows in our model. In particular, we could sample a discrete number

of observations from our model, i.e., set a number n1 of plants and randomly assign

each plant one sales unit in each country. Then, we could chose a number n2 of firms,

drawing a size for each of them from our Pareto distribution. Finally, within each

country, all plants and sales units would be randomly bundled into firms, with a plant’s

probability of being assigned to a firm being proportional to the firm’s size draw.

The thought experiment of discretizing our model along those lines would naturally

generate some features of the data: this approach mechanically delivers sparsity, as a

given local firm connects to very small foreign firms with very low probability only.

At the same time, it would remove the implication of our continuous model that some

very large firms should have trade flows above the reporting threshold with all foreign

firms.40 Clearly, for any finite number of draws, the largest firm will still be of finite

size and only connect to a finite number of foreign firms.

Interestingly, Bernard et al. (2018c) discuss a balls and bins approach in their Online

Appendix Section C. They argue that it cannot generate the key patterns in the firm-

to-firm trade data. This result seems to be in stark contrast to our findings. The

reason for this discrepancy lies in their definition of a ‘bin’. In their approach, the ‘bin’

is the connection between a given buyer and a given seller, i.e. the exporting firm-

importing firm tuple defines a bin. Our take is that this definition is misfit for a direct

the manual mentioned in Footnote 25 above, also specifies in Paragraph 238 (“Treatment of low-value
transactions”): “When the threshold for considering low value transactions is kept low, more complete
and higher quality trade statistics are possible but only at the expense of a larger data-processing
load. Whatever the threshold, estimates of trade below the threshold level should be made.” Also
note that there is an obvious difference between a firm’s total bilateral trade volume and the size
of its transactions. As shown in Kropf and Sauré (2014), however, the frequency and the size of
transactions are increasing in the overall trade value, so that the statement that small firms do not
pass the accounting threshold remains valid under endogenous decisions of transaction size. Our model
is thus proof to the critique in Blum et al. (2016).

39An obvious alternative to the reporting threshold would be a fixed cost of exporting at the firm
level. The introduction of such a cost at the firm level would, however, make our approach shift away
from Krugman (1980). Our aim is to suggest a benchmark model without any economic decision taken
at the firm level. The reporting threshold is therefore our preferred modelling choice. We will see
below that a discretization of the model is an alternative way to go.

40In our theoretical analysis in Section 2.3 we simply disregard this, pointing out in Footnote 26
that the feature is avoided when truncating the Pareto distribution, in which case all of our results
hold as an approximation. Bernard et al. (2018c) deal with the same issue by considering a limiting
case where the minimum firm size of sellers goes to zero, combined with linking the minimal seller size
inversely to the total measure of sellers.
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application of the original balls and bins approach to the firm-to-firm network, as it

replaces the connection between two bins with a bin itself. Importantly, the approach

entirely disregards the firm size of the trading partners and thereby a central element

of the firm-to-firm network. It is hence unsurprising that the balls and bins analysis

in Bernard et al. (2018c) does not match the patterns in the data. We argue that

the suitable definition should rely on the identification of the exporting firm with the

export-bin, the importing firm with the import-bin, and the transaction of a plant to a

sales unit with a ball. Our distinction between plants and firms, in combination with

the mechanics of the reporting threshold, reintroduces this element and implies that

the probabilistic approach yields a successful reflection of the data.

In an ongoing research project, Bernard and Zi (2021) recognize the problematic

definition of a ‘bin’ in Bernard et al (2018c) and pursue a purely stochastic balls and

bins approach. Similar to our paper, they argue that models with rich microeconomic

structure at the firm-to-firm level should be benchmarked against a purely probabilis-

tic framework. Their work complements our analysis in studying a generalized frame-

work, where sparsity of firm-to-firm connections, negative assortativity and hierarchical

matching (i.e., the patterns discussed in our Sections 3.5 and 3.7) emerge under arbi-

trary firm size distributions. The authors also investigate the information content of

data under different statistical transformations and at varying aggregation levels. Their

findings underscore the generality of the stochastic elements of our approach. Despite

the synergies between both approaches, our approach generates a number of unique

results. Specifically, by building on the empirically relevant Pareto distribution (see

Di Giovanni et al., 2011, or Görg et al., 2017), our model does not only yield sharp

structural predictions regarding the role of gravity variables (Propositions 1 and 4), the

relation between trade values and connections (Proposition 2), and negative assortativ-

ity (Proposition 5), but also predicts additional patterns regarding the distributions of

connections and trade values (Propositions 3 and 6).

4.2 Further Perspectives and Implications

Closely in line with Armenter and Koren (2014), we understand the general message

of our stochastic model as twofold. We show that the list of salient empirical patterns

generated by our model “will be consistent with a very large class of models” (Armenter

and Koren, 2014, p. 2129). A theoretical model potential to match these patterns is thus

no indication of empirical support for its economic mechanisms or modelling approach.

For the pragmatist, this observation implies that a cheap way to explain the observed

empirical regularities is by micro-founding a Pareto distribution of firm size (e.g., as in

Luttmer, 2007).
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At the same time, our paper offers constructive messages as well. First, the model

delivers genuinely new predictions that are, to the best of our knowledge, not tested at

present. For example, our model yields refinements to the standard, ad-hoc empirical

approaches explored, e.g., in Section 3.1 regarding the impact of the classical gravity

variables on firm imports and the number of firm connections. Also, equations (9) -

(12) suggest that the economic size (GDPj) picks up the effects of the mass of firms

of the partner country, Nj. It thus suggests to include the number of foreign firms Nj

directly and send it into a horse race with the classical gravity variables, in particular,

with GDPj. Similarly, the unit labor costs, currently proxied by wj, can be measured

more precisely and tested within the current gravity setup (see Proposition 1). Also,

the models predicts asymmetries in the roles of gravity variables of the importer and

the exporter, as highlighted by the pairs of equations (9) and (11) as well as (12) and

(10). Datasets with firm-level information for several importing and exporting countries

(such as the World Bank’s Exporter Dynamics Database) may be used to jointly test,

for example, the predictions of per-capita expenditure, wi, the importing country’s

price level Pi, the exporting country’s production costs wj and bilateral trade costs

for firm-to-firm trade flows (see, e.g. equation (9)).41 Alternatively, when approaching

equations (9) - (12) from a structural angle, log-linearized, econometric versions of

these equations will yield estimates for the critical Pareto shape parameter θ (e.g.,

through the estimated coefficients of ln(Yi/Li) in equation (9)) and on its interaction

with the demand elasticity (through the coefficient of the exporter’s unit labor cost).

To the extent that our model’s mechanics operate at the sector-level, sector-specific θ

may also be estimated from firm-to-firm trade. Investigating these dimensions would

connect our work closely to existing work on the size distribution of firms, e.g., by

Di Giovanni et al. (2011), Head et al. (2014) or Görg et al. (2017). Another predictions

that is, to the best of our knowledge, not yet tested at present relate to the prevalence

of large firms in connections (see Proposition 4). Thus, the share of connections with at

least one large exporter on either side of the connection is predicted by equation (23) to

vary systematically with the respective trade costs τji, the exporting country’s wage wj,

the importing country’s price index Pi and its per-capita GDP wi. Finally, the negative

assortative matching illustrated in Figure 6 is predicted to involve a country-to-country

dimension through the variable µ̄ji, as shown in equation (25) (see also Proposition 5).

Our model thus predicts that the corresponding country factors induce part of the noise

affecting Figure 6. The influence of these country-level factors may be tested as well.

Our model does leave some empirical regularities and statistics unexplained and

41These predictions link our model to the literature on the role of per-capita income in international
trade. Early studies include Hufbauer (1970) and Anderson (1979). More recent research is done, e.g.,
by Fieler (2011), Sauré (2012), Caron et al. (2014), and Fajgelbaum and Khandelwal (2016).
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thus opens the possibility for the theory “to distinguish itself from the competition. . . ”

(Armenter and Koren, 2014, p. 2129). Thus, moving beyond the model’s current,

somewhat narrow, specification, we can venture educated guesses about the model’s

performance in further dimensions. For example, we may introduce differences in the

distributions of selling and buying firms, or across countries and potentially across

sectors (introducing the corresponding indices for the CDF in equation (5)). These

differences, which then play out in the equations (9) - (12) and beyond, will deliver

country or sector-specific estimates, e.g., of the Pareto shape parameter θ. We may also

move beyond the standard setup of the Pareto distribution, adopting, e.g., a truncated

Pareto à la Helpman et al. (2008), which generates an endogenous set of purely domestic

firms if the reporting threshold is sufficiently large.42

Time is also an important and relevant dimension: the work on the patterns firm

dynamics mentioned in the introduction points at promising extensions of our model.

Thus, work on firm exports (Albornoz et al., 2012, and Ruhl and Willis, 2017) and the

dynamics of firm-to-firm connections (Blum et al., 2010 and Gimenez-Perales, 2021)

documents empirical regularities that are likely to be informative about the factors

that systematically shape firm network in international trade beyond our probabilistic

approach. An obvious point in case is the role of intermediaries documented on Blum

et al. (2010), which tend to specialize on specific destination countries, thus indicating

economies of scale of organizing shipments by region.

These generalizations may be explored, in particular, to investigate the underlying

factors for some subtle discrepancies between the theory and the empirics the previous

sections also exposed. Thus, the deviations from the Pareto distribution documented

in the previous literature may explain the small but statistically significant deviation of

the slope in Figure 3 from the unit elasticity predicted in equation (13) (see Proposition

2). Also, the underlying firm size distributions may relate to the apparent concavity in

Figures 4 and 3, which constitutes a deviation from our baseline theory (see Proposition

3).

In sum, our model not only delivers mechanical patters that have their robust corre-

spondence in the data. In addition, it shows that some parts of the empirical patterns

may indeed inform us about the validity of modelling economic decisions at the firm

level that go above and beyond the mere size of firms, i.e., the mechanical scale effect

at the firm level. We have pointed at some of these patterns – deviations from the unit

elasticity predicted in Proposition 2 or differences from the log-linear pattern predicted

in Proposition 3 – but also at some novel predictions that are related with but not

identical to traditional gravity variables (Propositions 1 and 4). Future empirical work

on these dimensions may help to further narrow down the set of empirical patterns that

42We read our Pareto distribution in our current setting as a proxy for this case.
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are apt to test the economics of firm-to-firm relations with international trade data.

Finally, we stress that with its underlying Krugman (1980) model, our model pro-

vides a natural starting point for future research that re-introduces firms that face

genuine economic incentives to form buyer-seller relationships.

4.3 Interpretations and Possible Extensions

In this last part of the section, we present some generalizations of the parsimonious

approach presented in our model and also point at possible extensions of our model.

4.3.1 Firms vs. Plants

For our re-interpretation of the Krugman (1980) model in Section 2, we have distin-

guished between firms, plants and sales units and subsequently relied on these defini-

tions when analyzing our model. While we introduced the terminology for expositional

purposes, we do not want the reader to take it literally and we certainly want to avoid

misunderstandings arising from our labels. When contemplating our re-interpretation,

one may argue that trade transactions are organized, observed and recorded at the

plant level so that plants’ transactions (instead of firms’ transactions) are subject to

an accounting threshold.43 From that point of view, our identification of a ‘plant’ with

a variety would imply that the model’s margins cease to operate in an interesting way:

since all plants (varieties) are identical, either all or none would be recorded to export

to a given destination. Our perception of the modelling setup clearly differs from such

a narrow view. In particular, we understand firms merely as the accounting entities

that ship their products overseas. We would thus re-label them as plants when working

with plant-level data.

4.3.2 Trade in Inputs

We may also alter our previous interpretation of the ‘variety’ that is produced under

a firm’s roof and demanded and consumed by an individual. Specifically, we may

read such a variety as an intermediate input, which is distributed to a foreign final

good producer who, in turn, aggregates its varieties to a final consumption good. This

reading of the model would bring us closer to most of the literature on production

networks and firm-to-firm trade, which models links between input suppliers and final

good producers, as discussed in the Introduction.44

43Such a misunderstanding may arise, in particular, in view of the widespread use of plant-level data
in related work in international trade (see, e.g., Amiti and Konings, 2007 and Kasahara and Rodrigue,
2008 for an early and closely related example).

44With an additional adjustment to the interpretation, the model can also be applied to domestic
trade networks. In our model, sales units are exclusive sellers to a group of consumers (final goods
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This interpretation would bring us also in line with the view in Caliendo and Parro

(2015), who assume that competitive firms indexed by j purchase subsets Nj of (foreign

or domestic) varieties in order to produce a composite of intermediate varieties (labelled

‘composite intermediates’ in Caliendo and Parro (2015) according to

Xj =

∑
n∈Nj

x1−1/σ
n

σ/(1−σ)

.

Following this view, we could read our economy as one where consumers purchase these

composite intermediates and combine to the final consumption good

C =

(
J∑
j=1

X
1−1/σ
j

)σ/(1−σ)

=

(∑
n∈N

x1−1/σ
n

)σ/(1−σ.)

(30)

Since the competitive firms who produce the composite of intermediate varieties sell

at zero surcharge, all prices and thus allocation would remain unchanged so that our

model falls back into the original Krugman (1980) paradigm.

4.3.3 Multi-Product Firms

When further zooming in on the accounting entity of a ‘firm’, we can also extend

our reading of varieties produced within this firm. While some of these varieties may

constitute goods for final consumption, others can represent intermediate goods, which

are assembled via a CES-aggregator before they leave the factory gate. In this specific

interpretation of Krugman (1980), we would actually partition the mass of the firm’s

varieties, N , into a (finite or infinite) number of subsets, {Nj∈J}j. For example, a

small product with a rather simple production process consists of a smaller number

of these varieties, while a large and complex product consists of more.45 Again, this

interpretation leaves the formal model unchanged (as long as substitution elasticities

are identical at all aggregation levels) since for the partition {Nj}j of a full set of

varieties N , we know that, formally identical to equation (30)

Y N =

(∑
n∈N

x1−1/σ
n

)σ/(1−σ)

=

(
J∑
j=1

X
1−1/σ
j

)σ/(1−σ)

producers) because the latter are in the same country. Within a country, clients could be grouped for
different reasons (location, infrastructure, sectors, business associations etc.)

45An example of the former, say, a bar of soap would consist of a set Nj with smaller mass than an
example of a latter, Nj′ , that combine to, say, a windmill.
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where

Xj =

∑
n∈Nj

x1−1/σ
n

σ/(1−σ)

Importantly, this conception of the mass of varieties within a firm would be consistent

with our re-interpretation of Krugman (1980) as long as the bundled varieties (Nj)
‘fit’ into the according importing firm. In other words, no bundle Nj can consist of a

mass of varieties that exceeds the mass of sales units in the according importing firm.46

In these re-interpretations of our model, the defining feature of a ‘firm’ remains the

organization of cross-border trade transactions.47

All of these possible interpretations of varieties within firms point at a relevant

dimension that we have neglected throughout our analysis, but which the empirical

literature on firm exports has explored: empirical regularities at the product level.

Specifically, Table A.2 in the Appendix (and, e.g., Blum et al., 2009, and Bernard

et al., 2018c) show that trade systematically expands along the product margins. That

observation, too, is consistent with our model, as the following thoughts will show.

A direct way to introduce the product level to our model is by assuming that a

variety produced by any firm is randomly assigned to the statistical product category k

with probability γk (which is independent of the country and firm).48 Our model then

implies that each country’s expenditure share on product k is γk (where
∑

k γk = 1

must obviously hold).49

Within this setup, a reporting threshold at the firm-firm-product level implies that

equation (8) becomes product-specific and the condition for trade in a product between

the two firms µi and µj to be recorded is

µiµj ≥ µ̄jik :=
t̄

(pji/Pi)1−σγkYi/Li
. (31)

Clearly, the lower the expenditure share on product k, the larger the product of the

two trading firms’ size must be in order for trade to be recorded. Hence, there is a

marginal expenditure share γ̄, below which products remain unrecorded. The product

margin is thus operating in this extension of the model as well and is predicted to

46Formally, that requirement amounts to assuming a form of first order stochastic dominance of the
distribution of foreign firms over the distribution of the size of bundles within exporting firms.

47The work by Arkolakis et al. (2010) and Gomtsyan and Tarasov (2020) documents that firms do
organize and ship multiple products at the time and that it is cost-saving to do so.

48Here, we closely follow the empirical literature by defining firms as “bundles of establishments in
the same or different industries” (Magyari et al., 2017).

49An alternative way to introduce products to our model is by generalizing country i’s utility to

U = exp
[∫
k∈[0,1]

γk ln (Cjk) dk
]
, where Cjk =

[∫
j∈Ωjk

c
1−1/σ
ijk dj

]σ/(1−σ)

is the bundle of k-products

consumed so that γk ≥ 0 is the expenditure share on product k.
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react systematically to the gravity variables that shape the buyer margin and the seller

margin through equation (31). Specifically, the product margin will expand with trade-

promoting factors (proximity, per-capita expenditure of the importing country) and

contract with trade inhibiting factors (trade and production costs).50

In sum, a direct extension of our model will feature an operating product margin,

which can be conjectured to be consistent with the recently documented empirical

patterns along this margin as well.

5 Conclusion

This paper proposes a model of firm-to-firm trade, which does not go beyond Krugman

(1980) in economic content and features purposefully simplistic firms. In our terminol-

ogy, the ‘firm’ is simply a legal entity with a random assignment of a mass of plants

that produce Krugman-type varieties. It also comprises a proportional mass of sales

units, which import foreign varieties and sell them to domestic consumers. Cross-border

firm-to-firm connections arise as a result of unique linkages between plants and sales

units. Finally, firm-to-firm trade is assumed to enter trade statistics only when it ex-

ceeds a fixed reporting threshold. This model generates a number of salient empirical

regularities of the recent firm-to-firm trade literature that the recent literature has doc-

umented. We argue that any microeconomic modelling choice at the firm(-to-firm) level

that prides itself on finding support in the data must outperform our stochastic trade

model in terms of matching the data.

We acknowledge that our general message may not appear very constructive but

hope that it will ultimately turn out to be very much so. In spirit very close to Armenter

and Koren (2014), we intend to draw a dividing line between clear empirical support

for a theory and minimal requirements of consistency with firm-to-firm trade data.

Moreover, by opting for the tractable and flexible Krugman (1980) workhorse model as

the basis of our approach, our framework readily lends itself to stepwise re-introduce

economic activity at the firm level. It may therefore provide a useful tool for future

research that aims at identifying microeconomic modelling choices at the firm or firm-

to-firm level. Those microeconomic mechanisms, a selection of which we have listed

in our paper, will need to demonstrate their value added relative to our benchmark

model.

50Under concrete assumptions on the distribution of expenditure shares γ, the model will deliver
sharper results on the impact of those gravity variables on product margin.
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Appendix

A.1 Colombian Import Data

We use Colombian import data to replicate - and in some cases expand the analysis of
- several regularities the previous literature has found for different countries. In this
section we describe the data.51

Our dataset comes from the Colombian statistical authority DANE and contains
2.890.117 import transactions by Colombian firms in the year 2012. The Colombian
importers are identified by a national tax code and for each of their transactions, we
have transaction values in USD and an HS 10-digit product code. We use cif values
throughout. The data also contain the country where the product was produced as well
as the country and city from which the goods were shipped to Colombia, which may be
different from the country of production.

Some of the recorded import transactions represent imports for non-commercial pur-
poses, such as experimental or exhibition samples. Another set of import transactions
originates from Colombian free trade zones. We ignore both types of transactions in
our analysis, thereby dropping 0.65% of all observations, or 0.66% of the total import
value.

One drawback of our data is the fact that we do not observe the identities of the
exporting firms. We therefore proxy an exporting firm by a combination of the location
from which the goods were supplied (the country-city combination) with the 4-digit
product code of the transaction. In a prior cleaning step, we make sure that we do not
double-count cities within an importing firm by unifying the spelling.52

In Table A.1 we present some key statistics about our dataset. We report these
statistics separately for aggregate Colombian imports and for the top 5 source countries
in 2012.53

Total Colombian imports in 2012 amount to USD 58.2 million, where the United
States alone account for 24% of that value. There is a total of 36394 importing firms in
Colombia connecting with 188550 exporters. This number exceeds the figure reported
by Bernard et al. (2018b) by factor of about 2.3. Consistent with this difference, we
find higher values for the mean and median number of exporters per importer (12.6
and 3 in our data vs. 5.3 and 2 in Bernard et al., 2018b), but very close values for the
mean and median number of importers per exporter (2.4 and 1 in our data, 1.8 and 1
in Bernard et al., 2018b). Not surprisingly, we find that the mean (median) value of

51We describe the Colombian data as presented and analyzed in Gimenez-Perales (2021). The
dataset is a variant of the one used in Bernard et al. (2018b).

52Bernard et al. (2018b) are able to identify exporting firms in their data because they have direct
access to the data from the Colombian tax and customs authority DIAN, which provides the names
of the exporting firms. They employ a machine learning algorithm to group common misspellings or
spelling variants in order to avoid double-counting exporters. Using finer levels of aggregation, we find
that we can still replicate all the stylized facts reported below. We present our main results at the
4-digit level because at this level of aggregation, the total number of “exporters” in our data is closest
to the number reported in Bernard et al. (2018b).

53For the identification of the top 5 source countries, we use the variable representing the country
of production. If we were to use the country from which the goods are supplied, Panama would show
up as one of the top 5 source countries because Panama is an important hub for intermediaries. In the
data, 98% of products supplied from Panama are actually produced in a different country.
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Table A.1: Colombian Import Data - Summary Statistics

Country All United States China Mexico Brasil Argentina

Total value in USD (millions) 58217.70 13985.63 9816.75 6453.87 2859.67 2401.56

# Colombian importers 36293 15290 16799 5619 3657 1693

# foreign exporters 188550 59291 55951 10343 8187 1826

Mean value per importer-exporter ($’000s) 127.08 112.47 57.59 339.39 180.41 473.31

Median value per importer-exporter ($’000s) 4.02 3.47 2.86 5.65 6.14 13.10

Mean no. of exporters per importer 12.62 8.13 10.15 3.38 4.33 3.00

Median no. of exporters per importer 3.00 2.00 3.00 1.00 2.00 1.00

Mean no. of importers per exporter 2.43 2.10 3.05 1.84 1.94 2.78

Median no. of importers per exporter 1.00 1.00 1.00 1.00 1.00 1.00

Note: Data are for the year 2012. Exporters are defined as a combination of a 4-digit HS product code
and the city from which the product is shipped.

trade per importer-exporter pair at USD 127080 (USD 4020) is only about one third
(one sixth) of the value found in Bernard et al. (2018b).

This appendix describes the data, provides additional empirical results as well as
proofs for some of our theoretical results.

A.2 Margins Decomposition

Table A.2 shows a margins decomposition of aggregate Colombian imports into the
number of importers, the number of exporters, the number of products, average imports
per importer-exporter-product and a density term defined according to Bernard et al.
(2018c) as the share of active connections as a share of all possible connections.
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Table A.2: Trade Margins and Aggregate Colombian Imports

Importers Exporters Products Density Intensive

log(Imports) 0.502*** 0.542*** 0.485*** -0.932*** 0.404***

(0.018) (0.020) (0.016) (0.031) (0.023)

Constant -3.764*** -3.944*** -3.362*** 6.689*** 4.381***

(0.258) (0.281) (0.226) (0.445) (0.313)

R-squared 0.784 0.772 0.783 0.786 0.612

Observations 202 202 202 202 202

Note: * p<0.05, ** p<0.01, *** p<0.001

A.3 Proof of Proposition 4: Connections with at

Least One Large Firm

In this theory appendix we show how we calculate the share of connections involving
at least one large firm. We proceed in two broad steps:

1. Compute the mass of all recorded connections

M0 =

∫ ∞
µ

∫ ∞
µ

f(µi, µj|µiµj > µ̄ji)dµidµj (A.1)

2. Compute the mass all recorded connections including at least one large firm

Mχ
1 =

∫ ∞
µ

∫ ∞
µ

f(µi, µj|µiµj > µ̄ji & (µi ≥ µχ | µj ≥ µχ))dµidµj (A.2)

Step 1: M0. We compute M0 as the total mass of connections (the grey rectangle in
Figure 1), which equals one minus the mass in the area A. To that aim, we define the
cutoff value for µj above which even the smallest µi are registered as partners:

µ0 = µ̄ji/µ (A.3)
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To compute the mass of the area A in the figure, we need to integrate over the ranges
defined by the borders of A, which are [µ, µ0] for µj and [µ, µ̄/µj] for µi:

M0 = 1−
∫ µ0

µ

f(µj)

(∫ µ̄ji/µj

µ

f(µi)dµi

)
dµj

= 1−
∫ µ0

µ

f(µj)

(
1− (µ̄ji/(µjµ))−θ

)
dµj

= 1−
[
1− (µ0/µ)−θ − θ(µ̄ji/µj)θ

∫ µ0

µ

1/µjdµj

]
= (µ0/µ)−θ + θ(µ̄ji/µ

2)θ ln(µ0/µ)

or

M0 = (µ̄ji/µ
2)−θ

[
1 + θ ln(µ̄ji/µ

2)

]
(A.4)

where we used Equation (A.3) and
∫∞
µ
f(µ)dµ = 1, keeping in mind that µ = (θ−1)/θ.

We note that this expression is decreasing in µ̄ji:

d

dµ̄ji
M0 < 0 (A.5)

To see this, observe that x−1(1 + ln(x)) is decreasing for x > 1 and substitute x =
(µ̄ji/µ

2)θ.
In Figure 1, an increase in µ̄ji amounts to a shift of the curved line to the upper

right, decreasing the area that encompasses registered connections and thus their mass.

Step 2: Mχ
1 . There are two cases to distinguish: one where µ̄ji is relatively small so

that µ0 ≤ µχ (the according line is marked by µ̄ji in Figure 1) and the other where
µ̄ji is relatively large so that µ0 > µχ (marked by µ̄′ji in Figure 1). In the first case,
the mass of connections involving at least one large firm is simply one minus the mass
involving no large firm (one minus the mass in areas A+B+C in Figure 1), i.e.,

Mχ
1 = 1− χ2 (A.6)

The share of connections that involves at least one large firm is then Mχ
1 /M0. By our

observation above that M0 is increasing in µ̄ji, this share must increase in µ̄ji. In this
case, the ratio

mχ = Mχ
1 /M0

is obviously increasing in µ̄ji by (A.5). Thus, Proposition 4 holds for this first case.

In the second case, when µ0 ≥ µχ holds, we define the cutoff value below which µi
registers trade only with large µj as

µ00 = µ̄ji/µχ (A.7)

The mass of registered connections that do not involve large firms is then the total
mass of registered firms from Equation (A.4) minus the mass of firms within the range
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indicated by area C Figure 1. Collecting the relevant borders of the integrals, we
compute

M0 −Mχ
1 =

∫ µχ

µ00

f(µj)

(∫ µχ

µ̄ji/µj

f(µi)dµi

)
dµj

=

∫ µχ

µ00

f(µj)

(
− (µχ/µ)−θ + (µ̄ji/(µjµ))−θ

)
dµj

= −(µχ/µ)−θ
[
− (µχ/µ)−θ + (µ00/µ)−θ

]
+ θ(µ̄ji/µ

2)−θ
[ ∫ µχ

µ00

1/µjdµj

]
= (µχ/µ)−2θ − (µ̄ji/µ

2)−θ + θ(µ̄ji/µ
2)−θ ln(µ2

χ/µ̄ji)

so that with Equation (A.4), we have

Mχ
1 = (µ̄ji/µ

2)−θ
[
2 + 2θ ln(µ̄ji/(µµχ))

]
− (µχ/µ)−2θ (A.8)

The share of connections that involves at least one large firm is M1/M0 or

mχ = Mχ
1 /M0 =

2

[
1 + θ ln(µ̄ji/(µµχ))

]
− (µ2

χ/µ̄ji)
−θ

1 + θ ln(µ̄ji/µ2)
(A.9)

This ratio is increasing in µ̄ji:
d

dµ̄ji
mχ > 0 (A.10)

To see this, substitute x = (µ̄ji/µ
2
χ)θ (implying x ∈ (0, 1]) and rewrite the equation as

mχ

mχ = 2−
2θ ln(µχ/µ) + x

2θ ln(µχ/µ) + 1 + ln(x)
(A.11)

and use that (a + 1 + ln(x))/(a + x) is increasing in x for the relevant case x ∈ (0, 1]
and a > 0.

The statement of Proposition 4 holds for this second case as well, which completes
the proof.
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