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Abstract

We explore efficiency and optimal policy in decentralized transport markets, such as taxis, trucks,

and bulk shipping. We show that in these markets, search frictions distort the transportation network

and the dynamic allocation of carriers over space. We derive explicit and intuitive conditions for

efficiency, and show how they translate into efficient pricing rules, or optimal taxes and subsidies for

the planner who cannot set prices directly. The results imply that destination-based pricing is essential

to attain efficiency. Then, using data from dry bulk shipping, we demonstrate that search frictions lead

to a sizeable social loss and substantial misallocation of ships over space. Optimal policy can eliminate

about half of the welfare loss. Can a centralizing platform, often arising as a market-based solution to

search frictions, do better? Interestingly, the answer is no; although the platform eradicates frictions,

it exerts market power thus eroding the welfare gains. Finally, we use two recent interventions in the

industry (China’s Belt and Road Initiative and the environmental initiative IMO 2020) to demonstrate

that taking into account the efficiency properties of transport markets is germane to any proposed

policy.
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1 Introduction

The transportation sector is vital for economic growth and social development. Generating about 1.2

trillion USD annually and employing 12 million workers in the US alone, the sector is responsible for

the movement of both people and goods, making today’s interconnected world possible.1 A substantial

fraction of transport markets are decentralized; lacking a central market place, they feature a fragmented

market structure, with a large number of agents meeting and trading in ad hoc fashion. This is the

case for taxis, trucking, oceanic bulk shipping (dry bulk carriers and oil/chemical tankers), as well as

bike/motorcycle taxis and autorickshaws.2,3 These markets can suffer from search frictions, i.e. impedi-

ments to trade arising from the meeting process. Are transport agents thus suboptimally allocated over

space, distorting transportation flows? And if so, which policies are best at restoring the optimality of

the transport network? Can a centralizing platform perform better? In recent years, these questions have

captured the interest of industry participants and policymakers alike.

In this paper, we provide an in-depth theoretical and empirical analysis of efficiency in decentralized

transport markets. We identify the externalities that stem from search frictions and distort transportation

flows. We characterize analytically the conditions for (constrained) efficiency and derive both the set of

efficient pricing rules, as well as the optimal taxes and subsidies. Next, using data from the dry bulk
1U.S. Department of Transportation, Bureau of Transportation Statistics, Transportation Economic Trends and Occupa-

tion Employment Statistics of the Bureau of Labor Statistics.
2The transportation sector includes several different segments which can be split into two categories: those that operate

on fixed itineraries, and those that operate on flexible routes, on a point-to-point basis. Containerships, airplanes, buses and
trains primarily belong to the first group; while taxis, trucks, gas and oil tankers, and dry bulk ships belong to the second,
and are the focus of this paper.

3The global taxi industry generated about $108 billion in revenue in 2016 and $25 billion in the US alone. In 2019, trucking
generated $800 billion in revenue and moved $12 billion tons of cargo, representing 80.4% of total freight by value and 72.5%
of total freight by weight in the US (Yang, 2022). Finally, seaborne trade accounts for about 70% of trade in terms of value
(total of $18.9 trillion), and 80% in terms of volume (total of 11.08 billion tons). In 2019, bulk shipping (including tankers)
accounted for 85% of total seaborne trade in tons and 75% of the total fleet tonnage (it is not straightforward to obtain
information on the share of world trade value carried by bulkers; however, mining, agricultural products, fuels, chemicals and
iron/steel jointly account for about 52% of total trade value (WTO, 2015). In developing countries, an informal transport
sector based on motorcycle and bike taxis (e.g. Africa), autorickshaws (e.g. India), and ojeks (e.g. Indonesia) are often the
primary means of transportation in urban centers (Keniston 2011; Dupas et al. 2020).
These markets are decentralized. In many countries, the taxi industry consists of a large number of independent drivers who
search for customers on the streets. For instance, in New York City at least 40% of taxis must be operated by individual
owners by mandate (while for the remaining size is capped), and dispatchers are not permitted (Frechette et al., 2019).
Trucking is also “extremely fragmented”; in the US there are 3.68 million trucks and the top ten carriers only account for
around 5% of total revenue. Out of over 892,000 carriers, 97% operate 20 or fewer trucks, and 91% operate less than 6 trucks
(source: coyote.com). We discuss shipping in detail in Section 3.1. Finally, bike taxis and autorickshaws are decentralized,
and pricing can be either partially regulated by local authorities/local cooperatives, or determined by bilateral bargaining
between the driver and the passenger.

1



shipping industry, we show that search frictions lead to substantial welfare loss and misallocation of ships

over space. Recently, centralizing platforms have emerged as a market-based solution to search frictions in

many settings, such as taxis. However, we demonstrate that in the case of shipping, such a platform would

only eliminate about half of the welfare loss generated by search frictions. Indeed, although platforms

eradicate frictions, they exert market power, thus eroding the welfare gains. Importantly, a policymaker

who cannot affect the search environment, can attain approximately the same welfare gain as the platform

by levying the optimal taxes.

We base our analysis on a model for decentralized transport markets that is widely used in the

literature; the model originates in Lagos (2000) and has been used in Lagos (2003), Castillo (2020), Rosaia

(2020a) and Buchholz (2022) among others, for taxis, in Yang (2022) for trucking, and in Brancaccio et al.

(2020a) for oceanic bulk shipping (henceforth BKP). There is a network of locations at different distances

to each other. In every location, available carriers (e.g. ships, taxis) and customers (e.g. exporters,

passengers) meet randomly. Carriers that find a customer transport them to their desired destination for

a price, and restart there. Carriers that do not find a customer decide whether to wait at their current

location or travel empty elsewhere to search. Customers that find a carrier, obtain a valuation from

arriving at their destination, while customers that do not, wait another period. Finally, every period,

potential customers decide whether to start searching for a carrier, as well as their destination, thus

replenishing the customer pool seeking transportation.

Studying efficiency in this setup is not straightforward due to the dynamic nature of decision-making

and the spatial network; yet, we are able to characterize efficiency analytically.

First, as is well-known in other settings, search frictions generate “thick market and congestion”

externalities: when choosing whether to search, carriers take into account the match surplus they create

for themselves, but do not internalize the surplus they create for customers (thickness), nor the negative

congestion they generate by making it harder for other carriers to find a match. The same effects hold

for customers.

Thick market and congestion externalities are internalized in equilibrium if and only if the positive

effect of match creation exactly offsets the negative congestion effect. This amounts to the so-called

“Hosios (1990) conditions”: these conditions, which are known to characterize efficiency in search models
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with homogeneous agents, require that in each location the surplus share of each side is equal to the

corresponding elasticity of the matching function.

Second, search frictions generate “composition externalities.” These stem from customer heterogeneity:

customers decide not only whether to search for transportation, but also their destination. Customers

heading to different destinations generate different surplus for the carrier they match with. For instance, a

customer headed to a remote destination, where it might be difficult to meet another customer, generates a

lower surplus for the carrier compared to one going to a central location, all else equal. If customers fail to

internalize this effect, the composition of realized trips will be distorted, and carriers will be misallocated

over space, leading to suboptimal transport networks.

We show that customers internalize composition externalities if and only if carriers are “insulated”

against composition effects, i.e. carriers must receive the same surplus regardless of the customer they

match with. This condition for efficiency replicates the no-arbitrage condition obtained in a frictionless

world, where competition among carriers ensures that prices coincide with the opportunity cost of each

trip, until in equilibrium carriers are indifferent among different customers.

The two efficiency conditions combined characterize the efficient pricing rule, which can be employed

by a central price-setting authority, as in the case of taxicabs where prices are regulated. In such envi-

ronments, our results clarify that the role of optimal destination-specific pricing is to correct composition

externalities. Instead, when prices are bilaterally negotiated, composition externalities justify the use of

destination-specific taxes and subsidies, as negotiated prices typically fail to fully internalize destination

effects.

We exploit the theoretical results to study the impact of search frictions in the dry bulk shipping

industry, where a large number of small homogeneous ship(owner)s, often termed “ocean taxis”, meet

exporters on a trip by trip basis, through a disperse network of brokers, to arrange the international

transportation of raw materials. A number of features of dry bulk shipping, such as information frictions

and port infrastructure, can hinder the matching of ships and exporters. Our analysis leverages a rich

data set of detailed vessel movements tracking ship exact locations in six-minute intervals, as well as

shipping prices.

We begin by documenting the presence of search frictions. To do so, we propose a novel test to argue
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that these frictions lead to unrealized potential trade. The test is based on weather shocks at sea that

exogenously shift ship arrivals at port: in a frictionless world, in regions with more ships than exporters,

the change in the number of ships should not affect matching, since the short side of the market is always

matched. Here, instead, matches are indeed affected by weather shocks. We further corroborate the

presence of frictions by documenting substantial price dispersion and wasteful ship movements.

We then estimate the model. The unknown parameters of interest include (i) the matching functions;

(ii) ship costs; (iii) exporter costs; and (iv) bargaining coefficients. We obtain the first two sets of

parameters following BKP, and we bring in additional trade data to obtain the rest.

We first test whether the observed equilibrium is efficient by checking whether our conditions for

efficiency hold in the data. Perhaps not surprisingly, we find that neither condition is satisfied, suggesting

that the market does not operate efficiently.

What are the welfare losses from search frictions and the gains from optimal policy? Can a platform

do better? To answer these questions, we begin by comparing the observed equilibrium to the frictionless

equilibrium (i.e. the competitive benchmark, or first-best). We find that frictions have a substantial

impact on trade and welfare: the first-best welfare is 19% higher compared to the baseline equilibrium,

with substantially higher trade volume and value.

Recently, platforms have emerged as a market-based solution to search frictions. By centralizing

transactions, they facilitate meetings and can improve market efficiency. Ideally, centralization would

coincide with the frictionless equilibrium. However, a centralizing platform does not act like a benevolent

planner: it chooses prices to maximize profits, thus substituting one friction (search frictions) for another

(market power).

To assess the trade-off between search frictions and market power, we consider the optimal pricing

problem of a monopolist platform that owns all ships. This is a complex problem, as it entails choosing

prices for all possible origin-destination pairs in order to maximize the monopolist profits, taking into

account the dynamic paths of ships. To solve this optimization problem, we build an algorithm relying on

Rosaia (2020a). We find that the increase in welfare is substantially lower than what is achieved in the

frictionless equilibrium (around 9%). Importantly, the welfare gains are appropriated to a large extent

by the platform in the form of profits.
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Strikingly, we find that a policymaker who is not able to directly affect the meeting process, can achieve

the same increase in welfare, by levying the optimal taxes and subsidies. In contrast to the platform, now

the welfare gains are redistributed to the market agents.

In our final empirical exercise we use two examples to demonstrate that taking into account the

efficiency properties of decentralized transport markets is germane to any proposed intervention. First,

we consider China’s Belt and Road Initiative (BRI), an initiative that, among other things, provided

substantial funding to port infrastructure in Asia, Europe and West Africa. We demonstrate that the

BRI, by reducing port costs, acted as a subsidy that encouraged exporter entry, thus indirectly correcting

for the thick market and congestion externalities. Indeed, at the observed equilibrium, the entry of an

additional exporter has a substantial positive externality on matching rates, but prices remain too high

thus leading to too few exporters. As the BRI partially corrects for this, it generates an additional increase

in welfare, beyond the direct effect of reducing port costs.

Next, we consider an impactful environmental policy by the International Maritime Organization

(“IMO 2020”) that enforced new emissions standards designed to curb ship pollution. Compliance, how-

ever, has been lacking in West African ports. We explore how conformity of these ports, currently

addressed through international cooperation, would interact with search externalities. A stronger imple-

mentation of IMO 2020 by West African ports would increase the ship cost of traveling towards these

ports. This, in turn, would act as a tax towards these ports, which offer low continuation value to ships.

As such, this tax indirectly alleviates the composition externalities.

Related Literature

This paper broadly relates to several strands of literature: transportation and trade; search and matching;

and industry dynamics.

First, our paper contributes to a large, diverse, and rapidly growing literature on transportation. The

study of optimal transport networks dates back to Koopmans (1949), while Fajgelbaum and Schaal (2020)

and Allen and Arkolakis (2022) have recently revisited this question within a general equilibrium spatial

trade framework. Different from our focus, they consider optimal routing and optimal investment in

infrastructure.
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Within the context of urban transportation, a series of recent empirical papers have studied issues

related to efficiency. Frechette et al. (2019) and Buchholz (2022) both study search frictions and regulation

frictions in NYC taxicabs. In particular, Buchholz (2022) numerically implements tariff pricing changes

in order to explore whether welfare improvements can be achieved. Frechette et al. (2019) investigate the

welfare impact of changes in the number of active medallions, as well as the introduction of an “Uber-like”

platform (modeled as dispatcher who eradicates frictions taking the regulated prices as given). Shapiro

(2018) and Liu et al. (2019) explore the welfare improvements from different centralizing formats; while

several papers study issues related to platform pricing (e.g. Bian (2019), Castillo (2020), Ma et al. (2022),

as well as Rosaia (2020a) on whose methodology we rely heavily to perform the platform analysis).4

We contribute to this literature by fully characterizing the sources of inefficiencies and the optimal

policy in the transport setup. The theoretical results convey concrete policy messages; e.g. prices can

in fact be used to restore efficiency and these efficient prices are a function of destinations, not distance.

Moreover, they provide the necessary machinery that allows us to compute the efficient spatial allocation,

unlike the previous literature, and therefore quantify the loss from frictions in our empirical application.

Finally, this machinery enables us to consider the trade-off between search frictions and market power,

which is a first-order issue in understanding the impact of platforms, and yet remains largely unaddressed

by the literature.

Moreover, since our empirical application involves international oceanic transportation, we relate to a

literature studying transportation in the context of international trade; e.g. Hummels and Skiba (2004),

Cosar and Demir (2018), Holmes and Singer (2018), Asturias (2020), Brooks et al. (2021), Lee et al.

(2020), Ducruet et al. (2022) and Wong (2022).5 In our prior work, BKP, we explore the role of the

transportation sector in world trade and spell out the impact of endogenous trade costs. Although we

rely on the model setup and empirical strategy employed there, our focus here is different, as this paper

provides a formal treatment of efficiency in decentralized transport markets and an empirical analysis of

search frictions, welfare loss and the impact of centralization in shipping as a case study.
4In addition, Ghili and Kumar (2021) investigate demand and supply imbalances in ridesharing platforms; Ostrovsky and

Schwarz (2018) focus on carpooling and self-driving cars; Kreindler (2022) studies optimal congestion pricing; Cao et al.
(2021) explore competition in bike-sharing platforms.

5We also relate to a literature in international trade studying the role of frictions, such as Antras and Costinot (2011),
Krolikowski and McCallum (2021), and Eaton et al. (2022) who consider search frictions between importers and exporters
and Allen (2014) who investigates information frictions.
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Second, our paper relates to the literature on efficiency of search models in the spirit of Diamond

(1982), Mortensen (1982) and Pissarides (1985). Hosios (1990) considers efficiency in markets with ran-

dom search and Nash bargaining. He shows that these markets are generically inefficient and derives the

well-known “Hosios condition” that restores efficiency. As shown by Acemoglu and Shimer (1999) and

Acemoglu (2001), when agents are heterogeneous, the Hosios condition does not guarantee efficiency be-

cause of composition externalities, and labor market policies, such as unemployment benefits or minimum

wages, can potentially improve welfare.6 In our context, heterogeneity is inherent in the spatial nature

of transportation, as it arises endogenously in carriers’ continuation values due to the dynamics of the

transport problem; that is, even if customers’ costs and valuations were homogeneous at every region,

matching surpluses would still differ across destinations due to differences in carriers’ continuation values.

Our paper extends the existing theoretical literature by: showing formally that, together with the thick

market and congestion externalities, these are the only sources of externalities in transportation; deriving

a novel efficiency condition for composition externalities in models with random search and match het-

erogeneity; and providing explicit and intuitive expressions for the efficient prices (and taxes/subsidies),

which, in our context, illustrate the importance of destination pricing.

Finally, we relate to the literature on industry dynamics (Hopenhayn, 1992, Ericson and Pakes, 1995).

Related to this paper, a small literature lying in the intersection of search and industry dynamics, has

explored trading frictions in decentralized markets (e.g. Gavazza (2011) and (2016) for real assets and

Brancaccio et al. (2020c) for over-the-counter financial markets).

The rest of the paper is structured as follows: Section 2 presents the model and provides the efficiency

and optimal policy results. Section 3 describes the dry bulk shipping industry and the data used, and

presents evidence for search frictions. Section 4 outlines the estimation of the model. Section 5 presents

our welfare analysis. Section 6 concludes.

2 Model

We present a model of decentralized transport markets that focuses on the interaction between carriers

(e.g. ships, taxis, trucks) and customers (e.g. exporters, passengers). As mentioned, this framework has
6See also Davis (2001), Shimer and Smith (2001), Decreuse (2008), Atkeson et al. (2015) and Bilal (2023).
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been used fairly widely in the literature; here we follow the presentation of BKP.

2.1 Environment

Time is discrete and the horizon is infinite. There are I locations, i ∈ {1, 2, ..., I}, and two types of agents:

customers and carriers. Both are risk neutral and have discount factor β. Variables with superscript s

refer to carriers and e to customers, in line with our empirical exercise of ships and exporters.

At the beginning of period t, a carrier is either searching in some region i or traveling, full or empty,

from some region i to some region j. Carriers searching at i incur a per-period cost csi . Carriers traveling

from i to j incur a per-period traveling cost csij . The duration of a trip between location i and location j

is stochastic: a traveling carrier arrives at j in the current period with probability dij . We assume that

dij < 1 if i 6= j, so that the average duration of the trip is 1/dij > 1.7

Customers can only be delivered to their destination by carriers and each carrier can carry at most

one customer. Following the search and matching literature, we model the number of matches that take

place at period t in region i, mit, using a matching function

mit = mi(sit, eit) < min {sit, eit}

where sit and eit denote the measure of carriers and customers searching in region i, respectively. mi(·)

is increasing, concave and differentiable in both arguments. Note that this captures the potential for

unrealized trade: two agents searching in the same location might fail to meet, due to impediments

such as information frictions or physical constraints. As Petrongolo and Pissarides (2001) note, “[...]

the matching function [...] enables the modeling of frictions [...] with a minimum of added complexity.

Frictions derive from information imperfections about potential trading partners, [...] slow mobility,

congestion from large numbers, and other similar factors.”

Since search is random, the probability according to which customers in i meet a carrier is λeit =

mi(sit, eit)/eit, which is the same for all customers. Similarly, the probability according to which carriers

meet a customer is λsit = mi(sit, eit)/sit.
7It is straightforward to have deterministic trip duration instead. Our specification, however, preserves tractability and

allows for some variability e.g. due to weather/traffic shocks.
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When a carrier and a customer meet, if they both accept to match, the customer pays a price pijt

upfront and the carrier begins its trip immediately to j. This price is determined differently in different

transport markets: for instance, prices are fixed by regulation in taxicabs, while prices are bilaterally

negotiated in bulk shipping; our results nest these different cases.

Carriers that remain unmatched decide whether to stay in their current region or travel empty to a

different region and search there. Customers that remain unmatched wait in their current region.

Finally, every period, at each location i, Ni new potential customers decide whether to enter and

search for a carrier, subject to an entry cost drawn from (κi1, . . . , κiJ) ∼ Fκ, an absolutely continuous

distribution with full support.8 We denote by nijt the measure of new entrants, and by eijt the measure

of customers in i searching for transportation to j at time t. The total measure of customers searching

at i is eit =
∑
j 6=i eijt, while Gijt denotes the share of demand routed from i to j, i.e. Gijt ≡ eijt/eit.

Once they have entered, customers pay a per-period waiting cost ceij , and obtain a valuation wijt =

wij(qt) upon being delivered to destination, where qt is the matrix, with typical element qijt, denoting the

quantity transported (i.e. the measure of accepted matches) from i to j at t. Note that we let customers’

valuations for transport be a function of transport flows, allowing the model to capture general equilibrium

effects.9 Formally, the only restriction we impose on w (·) is that there exists a concave welfare function

W , such that wij(q) = dW (q)/dqij . For instance, when wij(q) ≡ wij is constant, W (q) = Σijwijqij .

2.2 Behavior and Equilibrium

We begin by describing the optimal behavior of carriers and customers taking the endogenous market

variables, p,w,λs,λe,G, as given.10 We then describe the aggregate transitions and define the market

equilibrium. Unless otherwise noted, we assume that infinite sequences are bounded.11

Carrier optimality Let V s
ijt denote the value of a carrier that begins period t traveling from i to j

(empty or loaded), V s
it the value of a carrier that begins the period searching in location i, and U sit the

8Our results continue to hold under more general specifications for the customers’ entry model. Indeed, the proofs in
Section A of the Online Appendix only require the existence of a mapping specifying the number of new entrants on each
route as a function of the vector of customers’ valuations of entering on different routes.

9For instance, in a general equilibrium trade model, w(·) captures the dependence between commodity prices and trade
flows; e.g. when there is an increase in the supply of exports, commodity prices fall and this reduces cargo valuations.

10Throughout the Section we use bold to denote sequences. E.g, p = (pt)∞t=0.
11I.e. sequence x = (xt)∞t=0 satisfies, supt |xt| <∞.
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value of a carrier that remained unmatched at i at the end of time t.

A carrier traveling from i to j receives,

V s
ijt = −csij + dijβV

s
jt+1 + (1− dij)βV s

ijt+1 (1)

In words, a traveling carrier pays the per period cost csij ; next period, with probability dij it arrives at

destination j, where it begins with value V s
jt+1; with the remaining probability 1 − dij , the carrier does

not arrive and keeps traveling.

A carrier that starts the period in region i obtains:

V s
it = −csi + λsitΣjGijt max{pijt + V s

ijt, U
s
it}+ (1− λsit)U sit (2)

In words, the carrier pays the per period wait cost csi ; with probability λsitGijt it meets a customer headed

to destination j, in which case it accepts the match if and only if the continuation value from doing so,

inclusive of the price pijt, is higher than the outside option U sit of remaining unmatched. With probability

1− λsit, the carrier does not meet a customer and receives value U sit.

If the carrier remains unmatched, it chooses where to search: it can either wait at i or travel empty

to another location. The unmatched carrier value function is given by

U sit = Emaxj [V s
ijt + εj ] (3)

where we set V s
iit ≡ βV s

it+1, and the shocks (ε1, ..., εJ) ∼ Fε are drawn from an absolutely continuous

distribution with full support.12 In words, if the carrier stays in region i, at the beginning of the next

period it will be waiting at i; otherwise, if the carrier chooses another region j 6= i, it begins its trip

towards j.

We now consider the carriers’ optimal behavior with respect to the two decisions they make (whether

to accept a match, and where to search if unmatched at the end of the period). Consider first the decision

of whether or not to accept a match. If qijt > 0, then some match is accepted on ij, hence the price-
12Absolute continuity and full support are inconsequential assumptions, but they allow us to simplify the exposition by

neglecting tie-breaking in agents’ optimization. In particular, our results continue to hold in a model without shocks.
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inclusive continuation value must be weakly higher than the outside option. In contrast, if qijt < mitGijt,

then some match is rejected, hence the price-inclusive continuation value must be weakly lower than the

outside option. Hence, carriers’ optimal match acceptance/rejection policy implies that, for all ij,

qijt > 0⇒ pijt + V s
ijt ≥ U sit, and qijt < mitGijt ⇒ pijt + V s

ijt ≤ U sit (4)

Second, denote by bijt the measure of carriers who choose to relocate empty from i to j (and by biit the

measure that decides to remain in i). The optimal choice probabilities are given by

bijt/Σkbikt = Pr[V s
ijt + εj ≥ V s

ikt + εk, ∀k] (5)

For instance, in our empirical application we assume that ε is i.i.d. according to a type-I extreme value dis-

tribution with scale parameter σ, yielding the logit expression, bijt/Σkbikt= exp(V s
ijt/σ)/

∑
k exp(V s

ikt/σ).

Customer optimality We now turn to customers’ optimal behavior. We begin with existing customers

and then consider customer entry.

Let V e
ijt denote the value of a customer that begins period t searching at i towards j:

V e
ijt = −ceij + λeit max{wijt − pijt, βV e

ijt+1}+ (1− λeit)βV e
ijt+1 (6)

In words, the customer pays the cost ceij while waiting; then with probability λeit it meets a carrier,

accepting to match if and only if the net valuation, wijt−pijt, is higher than the outside option of staying

unmatched. With the remaining probability it remains unmatched and must search another period.

Similarly to carriers, if qijt > 0 then some match is accepted on ij, hence the value of accepting the

match must be weakly higher than the outside option. On the other hand, if qijt < mitGijt, then some

match is rejected, hence the value of accepting the match must be weakly lower than the outside option.

Hence we must have

qijt > 0⇒ wijt − pijt ≥ βV e
ijt+1, and qijt < mitGijt ⇒ wijt − pijt ≤ βV e

ijt+1 (7)
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Finally, each potential entrant chooses whether and where to enter subject to the random entry costs

κij , so the number of entrants on ij is given by

nijt = NiPr[V e
ijt − κij ≥ V e

ikt − κik, ∀k] (8)

where choosing ii is interpreted as the decision not to enter and its mean payoff is normalized to zero.

For example, in our empirical application we assume a logit entry model, so that each potential entrant

solves, max{εii,maxj 6=i[V e
ijt− kij + εij ]}, where ε is i.i.d. according to a type-I extreme value distribution,

and kij denotes the average entry cost on ij. In this case, the entry curve satisfies the logit expression,

nijt = Ni exp[V e
ijt − kij ]/{1 +

∑
k 6=i exp[V e

ikt − kik]}.

Feasible dynamic allocations A dynamic allocation for the transportation economy consists of a

sequence

s, e,G, q,n, b = (st, et, Gt, qt, nt, bt)∞t=0

where, st = [sit : i ∈ I] denotes the measure of carriers waiting in each region, et = [eit : i ∈ I] the

measure of customers waiting in each region, Gt = [Gijt : ij ∈ I2] their destination shares, qt = [qijt :

ij ∈ I2] the measure of new matches formed on each route, nt = [nijt : ij ∈ I2] the measure of new

entrants on each route, and bt = [bijt : ij ∈ I2] the measure of carriers departing empty on each route.

Let s̃t = [s̃ijt : ij ∈ I2] denote the measure of carriers traveling from i to j (or waiting at i if j = i)

at the beginning of time t. First, feasibility requires that for all ijt,

sit = Σjdjis̃jit (9)

Σjbijt = sit − Σjqijt (10)

qijt ≤ mi(sit, eit)Gijt (11)

In words, s̃jit carriers traveling from j towards i reach their destination with probability dji and start

searching there; out of the sit − Σjqijt that remained unmatched,
∑
j 6=i bijt relocate, and biit wait at i;

and the number of accepted matches cannot exceed the number of meetings.

In addition, at the end of time t, qijt + bijt carriers start traveling from i to j, joining the s̃ijt(1− dij)

12



traveling carriers which have not reached their destination yet; eitGijt − qijt unmatched customers must

search another period, joined by nijt+1 new entrants at the beginning of t+ 1. Hence,

s̃ijt+1 = s̃ijt(1− dij) + qijt + bijt, for all ijt (12)

eit+1Gijt+1 = eitGijt − qijt + nijt+1, for all ijt (13)

Equations (9)-(13) characterize the entire set of dynamic allocations that can arise by aggregating

agents’ individual behavior, taking as given initial conditions for traveling carriers and existing customers

on each route ij at time 0.

Definition 1. A dynamic allocation s, e,G, q,n, b is feasible if it satisfies constraints (9)-(13). The set

of feasible allocations is denoted by A.13

Equilibrium In equilibrium, customers and carriers respond optimally to their expectations, and the

latter are consistent with the true realizations of the endogenous market variables.

Definition 2. s, e,G, q,n, b,p is an equilibrium if: (i) (Feasibility) s, e,G, q,n, b ∈ A; (ii) (Optimality)

Conditions (1)-(8) are satisfied under p,w,G,λs,λe, where wijt = wij(qt), λsit = mi(sit, eit)/sit, and

λeit = mi(sit, eit)/eit, for all ijt.

s, e,G, q,n, b is an equilibrium allocation if there exists a sequence p of prices such that s, e,G, q,n, b,p

is an equilibrium.

Definition 2 characterizes the entire set of equilibria that can arise under different assumptions on

the pricing mechanism. For instance, both exogenous prices in the case of taxicabs, as well as bilateral

bargaining in the case of bulk shipping, select a subset of the equilibria satisfying Definition 2.

2.3 Efficiency

In this Section we present our efficiency results and discuss the role of optimal pricing and taxation.

First, we identify the sources of inefficiency, by comparing the social planner’s problem to the market
13Note that we can omit the sequence s̃ = (s̃t)t≥1 from the description of dynamic allocations, since s̃ is pinned down

by s̃0, q, b from condition (12): s̃ijt= s̃ij0(1 − dij)t+Σt−1
τ=0[qijτ + bijτ ](1 − dij)t−τ−1, for all t ≥ 1. Note also that we do not

consider carrier entry; the constraint on the fleet size is consistent with most applications of interest, and can be due to
either regulatory constraints (e.g. fixed number of medallions) or time to build.
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equilibrium allocation, and we state the conditions for efficiency. We then derive taxes and subsidies

restoring efficiency when prices are Nash bargained. Finally, we derive the efficient pricing rules.

Social planner The present discounted social welfare of a dynamic allocation s, e,G, q, n, b is given

by

u(s, e,G, q, n, b) ≡Σ∞t=0β
t{ W (qt)−K(nt) + E(bt)− Σisitc

s
i (14)

− ΣijeitGijtc
e
ij − Σij [qijt + bijt]csij/[1− β(1− dij)] }

where W (qt) denotes the sum of customers’ valuations at qt - that is, the gross total customer welfare,

before accounting for search and entry costs; K(nt) denotes the sum of customers’ entry costs; and E(bt)

denotes carriers’ total expected utility from the i.i.d. shocks when their relocation choices are described

by the vector bt. The functions K(·) and E(·) are formally defined and discussed in Section A.1.2 of the

Online Appendix.

In words, at time t, nijt new customers enter on ij, generating total entry costs K(nt); sit searching

carriers pay the per-period cost csi ; eitGijt = eijt searching customers pay the per-period cost ceij . Then

matching takes place, and qijt customers depart on each route ij, generating social value W (qt). At the

end of the period, unmatched carriers face the relocation choice, generating a total expected utility E(bt)

from the idiosyncratic shocks. Finally, qijt + bijt carriers start traveling, and they pay traveling cost csij

until reaching their destination.14

The social planner, who is subject to the same search frictions as the market, maximizes the discounted

social welfare over the set of all feasible allocations. That is, the (constrained) efficient allocations solve

sups,e,G,q,n,b∈A u(s, e,G, q,n, b). It is useful to formulate the planner’s problem in two distinct sub-

problems as follows. First, define the discounted social welfare corresponding to the triplet s, e,G by

v(s, e,G) ≡ sup
q,n,b

u(s, e,G, q,n, b) s.t. s, e,G, q,n, b ∈ A (15)

Problem (15) solves for the carriers’ optimal relocation decisions, b, the decision of whether to accept a
14Hence the expected discounted sum of future traveling costs is given by Σ∞τ=0(1− dij)τβτcsij= csij/[1− β(1− dij)].
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match or not, q, and customer entry, n, while taking as given the number of searching carriers (s) and

customers (e), as well as the customers’ destination shares (G). We can then write the social planner’s

problem as follows:

sup
s,e,G

v(s, e,G) (16)

Intuitively, first, the planner chooses the allocation of searching agents s, e,G. Second, conditional on

this choice, the planner faces the logistics problem of choosing carriers’ movements, (q, b), optimally so

that they are available in different regions as described by s, and consistent with demand for transport

as described by e,G.15 In other words, the planner solves for the optimal q, b that are consistent with

s, e,G.

This formulation allows us to show, in Proposition 1 below, that there are no externalities involved

with Problem (15). That is, conditional on s, e,G, the market solves for the efficient carrier movements

and match acceptance/rejections.

Proposition 1. Let s, e,G, q,n, b be an equilibrium allocation. Then q,n, b solves Problem (15).

Proof. See Section A of the Online Appendix.

Proposition 1 implies that the only sources of inefficiency stem from (s, e,G), i.e. from the allocation

of searching agents. Hence, it is useful to “optimize out” (q,n, b) and focus on the planner’s problem

(16), which optimizes over (s, e,G).

Efficiency Conditions Having pinpointed the sources of inefficiency, we next discuss why they arise,

and derive efficiency conditions. We do so by first discussing intuitively the marginal social values of

additional searching agents, and how they compare to the market. Theorem 1 contains the formal result.16

To facilitate this comparison, it is useful to rewrite the agents’ value functions in terms of their

private surplus from matching. Let ∆s
ijt, ∆e

ijt and ∆ijt denote the carrier’s, customer’s and joint surplus
15Note that n is added as a control variable for notational convenience, even though it is pinned down by e,G, q from

equation (13).
16We are grateful to a referee for their helpful suggestions in the exposition of this section.
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respectively, so that:

∆s
ijt = max{pijt + V s

ijt − U sit, 0} (17)

∆e
ijt = max{wijt − pijt − βV e

ijt+1, 0} (18)

∆ijt = ∆s
ijt + ∆e

ijt

Then the private value functions V s
it and V e

ijt - equations (2) and (6)- can be written as

V s
it = −csi + λsitΣjGijt∆s

ijt + U sit (19)

V e
ijt = −ceij + λeit∆e

ijt + βV e
ijt+1 (20)

so that searching agents always receive their outside option, and on top of it, with probability λsit and λeit,

they also obtain their respective match surplus.

While agents focus on their private surplus from matching, the social planner also takes into account

how agents’ search behavior affects total welfare. Indeed, intuitively, the social value of an additional

searching carrier in location i satisfies

V ∗sit = −csi + λsitΣjGijt∆∗ijt︸ ︷︷ ︸
average match creation

+ sit
dλsit
dsit

ΣjGijt∆∗ijt︸ ︷︷ ︸
congestion effect

+U∗sit (21)

In words, the additional carrier entails a waiting cost, csi ; then at rate λsit the carrier is matched, gen-

erating expected social surplus ΣjGijt∆∗ijt. In addition, the carrier changes the matching probability

λsit for all other sit searching carriers by dλsit/dsit, so the total expected impact of this congestion is

sit (dλsit/dsit) ΣjGijt∆∗ijt. Finally, U∗sit is the social value of an unmatched carrier in i. As we show in

Section A of the Online Appendix, these social values can be derived directly from the planner’s first

order conditions.17
17Formally, V ∗sit , U∗sit ,∆∗ijt and V ∗eijt correspond to the shadow values - that is, (minus) the Lagrange multipliers - associated

with the planner’s constraints (9)-(11) and (13), respectively. With this notation, the first order conditions of the planner’s
problem with respect to sit and eijt = eitGijt yield recursive expressions for the shadow values of searching agents:

V ∗sit = −csi + (dmit/dsit) ΣjGijt∆∗ijt + U∗sit

V ∗eijt = −ceij + (dmit/deit) ΣkGikt∆∗ikt + βV ∗eijt+1 + λeit[∆∗ijt − ΣkGikt∆∗ikt]
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Efficiency requires that the agents’ private values are equal to the planner’s (e.g. V ∗sit = V s
it, etc.). If

this is the case, agents internalize their marginal social impact on the equilibrium allocation. Comparing

the social value of an additional searching carrier given in (21) to the private one given in (19), we notice

two differences: first, the carrier takes into account the positive match surplus they create for themselves,

λsitΣjGij∆s
ijt, but not the surplus generated for the customer, λsitΣjGijt∆e

ijt. Second, the carrier ignores

the negative congestion effect on other matches, sit (dλsit/dsit) ΣjGijt∆ijt. These are the “thick market

and congestion” externalities, which are well-known in the search literature.

In order for the social values to equal the private values, it must be that these two effects exactly

offset each other. That is, λsitΣjGijt∆e
ijt = −sit (dλsit/dsit) ΣjGijt∆ijt, for all it, which can be rewritten

as,
ΣjGijt∆s

ijt

ΣjGijt∆ijt
= ηsit (22)

where ηsit = sit(dmit/dsit)/mit denotes the elasticity of the matching function with respect to search-

ing carriers at it. This condition, which requires that the carrier’s surplus share equals the elasticity of

the matching function with respect to carriers, is a restatement of the well-known Hosios (1990) condi-

tion. As shown formally below, when this condition holds, thick market and congestion externalities are

internalized.

Next, the social value of an additional searching customer in location i heading to destination j satisfies

V ∗eijt = −ceij + λeit∆∗ijt︸ ︷︷ ︸
match creation

+ eit
dλeit
deit

ΣkGikt∆∗ikt︸ ︷︷ ︸
congestion effect

+βV ∗eijt+1 (23)

Note that customers decide not only whether to enter or not, but also their destination. For this reason,

differently from the case of carriers - equation (21) - the customers’ match creation effect is destination-

specific. This creates a “composition effect”: an additional customer affects not only the total number

of matches at origin, but also the destination shares faced by carriers. To see this, equation (23) can be

Substituting dmit/dsit = λsit + sitdλsit/dsit and dmit/deit = λeit + eitdλeit/deit yields equations (21) above, as well as (23)
below. Efficiency requires that

(
V ∗sit , U

∗s
it , V

∗e
ijt ,∆∗ijt

)
=
(
V sit, U

s
it, V

e
ijt,∆ijt

)
.
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rewritten as

V ∗eijt = −ceij + λeitΣkGikt∆∗ikt︸ ︷︷ ︸
average match creation

+ eit
dλeit
deit

ΣkGikt∆∗ikt︸ ︷︷ ︸
congestion effect

+λeit[∆∗ijt − ΣkGikt∆∗ikt]︸ ︷︷ ︸
composition effect

+βV ∗eijt+1

which has the same terms as equation (21) except for an additional component stemming from customer

heterogeneity, which captures how an additional customer affects the composition of matches. As opposed

to the planner, customers do not fully internalize their composition effect, ∆∗ijt − ΣkGikt∆∗ikt. These

externalities are akin to the composition externalities sometimes found in the labor literature. It is worth

emphasizing that in this context, the match surplus includes the entire dynamic path of carriers (who after

taking a customer to their destination, restart their search there), and as such captures the endogenous

structure of the transport network.

In order for the social value given in (23) to equal the private one given in (20), it must be that

λeit∆s
ijt = −eit

dλeit
deit

ΣkGikt∆ikt (24)

for all ijt. There are now as many such conditions, as there are customer destinations. Compared to

the equivalent condition for the carrier, the positive match surplus for the carrier that each additional

customer generates, ∆s
ijt, is now destination-specific. At the optimum, condition (24) dictates that the

positive match creation effect must exactly offset the negative congestion effect for every destination, j.

Since the congestion effect is the same for all j, at the optimum it must be that,

∆s
ijt = ∆s

ikt, for all j, k (25)

i.e. carriers must be indifferent across different types of customers. Intuitively, this guarantees that

customers internalize their composition effect on Gt, since differences in their surplus fully reflect the

differences in social surplus across destinations, i.e.

∆e
ijt −∆e

ikt = ∆ijt −∆ikt, for all j, k (26)
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As we show formally below, this new condition guarantees that customers internalize the composition

externalities.

Finally, averaging condition (24) by customer type j leads to

ΣjGij∆e
ijt

ΣjGij∆ijt
= ηeit (27)

which is similar to (22) from the customers’ perspective, and guarantees that customers also internalize

the thick market and congestion externalities.

We now state the formal result, which shows that the planner’s first order conditions with respect to

(s, e,G) lead to the above conditions ensuring that the market equilibrium internalizes all externalities.

Definition 3. At an allocation s, e,G, q,n, b, we say that: (i) Carriers internalize thick market and

congestion externalities if s maximizes v(·, e,G); (ii) Customers internalize thick market and conges-

tion externalities if e maximizes v(s, ·,G); and (iii) Customers internalize composition externalities if G

maximizes v(s, e, ·).

Theorem 1. At an equilibrium allocation s, e,G, q,n, b: (i) Carriers internalize thick market and con-

gestion externalities if and only if condition (22) holds; (ii) Customers internalize thick market and

congestion externalities if and only if condition (27) holds; (iii) Customers internalize composition ex-

ternalities if and only if condition (25) holds. Hence, s, e,G, q,n, b is efficient if and only if conditions

(22),(27) and (25) hold jointly.18

Proof. See Section A of the Online Appendix.

Conditions (i) and (ii) require that the share of the surplus appropriated by agents on each side of the

market be equal to the elasticity of matches with respect to agents searching on the same side, recasting

the familiar Hosios (1990) conditions in our setup. They are always satisfied under the surplus sharing rule

∆s
ijt = ηsit∆ijt and ∆e

ijt = ηeit∆ijt, which corresponds to Nash bargaining when carriers’ and customers’

bargaining weights equal ηsit and ηeit.19

18Formally, conditions (22),(27) and (25) are necessary when v(s, e,G) is differentiable in s, e and G. As we show in the
proof in Section A of the Online Appendix, this is the case almost everywhere.

19In particular note that, in the absence of taxes, a necessary condition for thick market and congestion externalities to be
internalized by both carriers and customers is that the matching functions exhibit constant returns to scale, i.e. ηsit+ηeit = 1.
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Condition (iii) is novel. Note that a similar condition emerges in a frictionless environment, where

competition among carriers ensures that prices coincide with their opportunity cost; in that case, as in

condition (iii), carriers are indifferent among serving different types of customers in equilibrium. Also

similarly, in a world with search frictions, but where carriers can direct their search to a specific customer

type (i.e. a model of directed search which is efficient, see Moen 1997), a no-arbitrage condition makes

carriers indifferent between searching across destinations in equilibrium.20

Unlike a typical random search and matching setup with homogeneous agents, a simple constant

surplus sharing rule is no longer sufficient to guarantee efficiency, since it penalizes high value matches

too much (respectively, low value matches too little). As we discuss in the next section, this justifies the

use of subsidies for high value matches (respectively, taxes for low value matches).

This logic holds in random search models with heterogeneity, and it is not specific to the transport

problem studied here. It is important to note, however, that match surplus heterogeneity is inherent in

the spatial nature of transportation, as it arises endogenously in carriers’ continuation values. That is,

even if customers’ costs and valuations were homogeneous at every region, matching surpluses would still

differ across destinations due to differences in carriers’ continuation values.

Indeed, the importance of pricing destination effects has been recognized in the transportation liter-

ature.21 Hence, Theorem 1 draws an important connection between the latter and the search literature.

In environments with regulated prices, it clarifies that the task of optimal destination-specific pricing is

to correct composition externalities in customers’ decisions. In decentralized environments, composition

externalities justify the use of destination-specific taxes and subsidies, as negotiated prices typically fail

to fully internalize destination effects. The remainder of this Section formalizes this intuition by deriving

explicit formulae for the optimal prices, and optimal taxation in the case of bargained prices.22

20In this case, there is a separate market for each customer destination; carriers enter different markets, until in equilibrium
they are (ex ante) indifferent across different choices. Markets of more desirable destinations entail longer waiting times for
carriers and vice versa.

21For instance, this idea can be found in Koopmans (1949), while BKP observed the presence of destination effects in
oceanic shipping prices.

22Our baseline model can be generalized along several dimensions, including general types of heterogeneity, one-to-many
matching and multiple stops (results available upon request). In this general model, we allow both carriers and customers to
have a general dynamic type; while here we only allow this type to include current location. This can include many different
attributes, such as the carrier’s residual capacity, the list of its existing contracts with customers, or the customer’s preference
for priority. We can show that an analogous theorem holds, as the same externalities arise (with the notable difference that
composition externalities now arise from both customers and carriers, since both can be heterogeneous).
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Optimal Taxes under Nash bargaining We first consider the case of a central authority that cannot

directly control prices, but can impose taxes and subsidies. We derive the optimal instruments when

market prices are Nash bargained, a price mechanism which is commonly employed to capture bilateral

negotiations. In that case, prices are determined by the usual surplus sharing conditions ∆s
ijt = γi[∆s

ijt +

∆e
ijt] and ∆e

ijt = (1 − γi)[∆s
ijt + ∆e

ijt], where γi denotes carriers’ bargaining coefficient at i. We first

provide an intuitive derivation, and we conclude by stating the formal result in Corollary 1 below.

Suppose that, for every ijt, the planner can impose a tax, τ qijt, on every match on ij, a per-period

tax, τ sit, on carriers searching at i, and a per-period tax, τ eit, on customers searching at i. Note that,

regardless of who pays τ qijt, we can think of γiτ qijt and (1− γi)τ qijt as the incidence of this tax on carriers

and customers, respectively, since Nash bargaining implies that agents split their joint surplus according

to γi. Moreover, the pre-tax social match surplus includes the planner’s tax revenues and so it now

changes to ∆ijt = ∆s
ijt + ∆e

ijt + τ qijt.

First, following the discussion above and condition (26) in particular, in order to correct the composi-

tion externalities, destination-specific taxes must be such that customers’ surplus shares fully reflect the

differences in social surplus across destinations, i.e. ∆e
ikt −∆e

ijt = ∆ikt −∆ijt.23

Rearranging this yields (1 − γi)[τ qijt − τ
q
ikt] = γi[∆ikt −∆ijt], so that the customer is taxed more for

destinations with low (gross) carrier surplus, γi∆ijt.24

This system has one degree of freedom, as it pins down only the differences between destination-specific

taxes. Hence τ q can be chosen so that the average match tax ΣjGijtτ
q
ijt = 0; this yields,

τ qijt = γi
1− γi

[ΣkGikt∆ikt −∆ijt] (28)

In words, composition externalities can be corrected under a balanced budget, by means of simple transfers

from low to high value customers, penalizing the former proportionally to their externality on the average

match surplus. Note that naturally, if customers were homogeneous, τ q = 0.
23Note that, under taxation, the part of the surplus not internalized by the customer, ∆ijt − ∆e

ijt, now includes the
planner’s tax revenue, in addition to the carrier’s surplus, i.e. ∆ijt − ∆e

ijt = ∆s
ijt + τ qijt. Hence condition (25) no longer

characterizes efficiency. Instead, efficiency now requires that the part of the surplus not internalized by the customers is
equalized across destinations, i.e. ∆ijt −∆e

ijt = ∆ikt −∆e
ikt for all ijkt, which is equivalent to ∆s

ijt + τ qijt = ∆s
ikt + τ qikt, for

all ijkt.
24Note that, consistently with Theorem 1, when τ q = 0, the condition required to internalize the composition externalities

boils down to the carriers’ surplus γi∆ijt being the same across all destinations (condition (25) above).
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Second, rewriting the conditions of Theorem 1 to explicitly account for Nash bargaining, we find that

thick market and congestion externalities are internalized when,

τ sit/λ
s
it = [γi − ηsit]ΣjGijt∆ijt (29)

τ eit/λ
e
it = [1− γi − ηeit]ΣjGijt∆ijt (30)

The left hand side of (29) is the search tax per match levied on carriers. To restore efficiency, search taxes

must fill the gap between carriers’ pre-tax average surplus shares, γiΣjGijt∆ijt, and their marginal social

impact through match creation, ηsitΣjGijt∆ijt. The intuition for condition (30) is similar. Consistently

with the discussion following Theorem 1, when τ s, τ e = 0, the conditions required to internalize the thick

market and congestion externalities boil down to γ = ηst and 1− γ = ηet , which are the well-known Hosios

conditions.

Corollary 1. If prices are Nash bargained, at an equilibrium with taxes τ : (i) If τ s satisfies condition

(29), carriers internalize thick market and congestion externalities ; (ii) If τ e satisfies condition (30), cus-

tomers internalize thick market and congestion externalities; (iii) If τ q satisfies condition (28), customers

internalize composition externalities.25

Proof. See Section A of the Online Appendix.

Before concluding this Section, note that adding conditions (29) and (30) yields the following expres-

sion for total tax revenues

sitτ
s
it + eitτ

e
it = mit[1− ηsit − ηeit]

∑
j

Gijt∆ijt

Hence, in the case where the matching function exhibits constant returns to scale (ηsit + ηeit = 1), thick

market and congestion externalities can be restored under a balanced budget, by means of simple transfers

between carriers and customers. If the matching function has decreasing returns to scale, then tax revenues
25As noted in the discussion introducing condition (28), the set of efficient tax systems has one degree of freedom at every

region, since equation (1− γi)[τ qijt− τ
q
ikt] = γi[∆ikt−∆ijt] only pins down the differences between destination-specific taxes.

Hence conditions (28) - (30) describe the unique efficient tax system satisfying ΣjGijtτ qijt = 0, for all it. The full set of
efficient tax systems is characterized in the proof in Section A of the Online Appendix.
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are positive at that location, capturing that matches become harder to form as the market size grows.

On the contrary, matches are subsidized when the matching functions have increasing returns.

Price-setting authority One implication of the results in the previous Section is that, when the

matching functions exhibit constant returns to scale, efficiency can be restored by means of redistributive

transfers. This suggests that, in this case, efficiency can be restored through prices. We thus consider the

case where a central authority can mandate prices, as is typical for taxis.

The efficiency conditions of Theorem 1 define a set of constraints on the efficient pricing mechanism,

since matching surpluses are themselves a function of prices. Under constant returns to scale, this yields

an explicit expression for the optimal prices:

pijt = ηsit
∑
k

Gikt∆ikt + U sit − V s
ijt (31)

This expression ensures that prices reflect differences in carrier continuation values across destinations,

i.e. pijt− pikt = V s
ikt− V s

ijt, for all ijkt. Equivalently, this guarantees that prices are higher for customers

with low value destinations.26

To gain more intuition, we can show that, when prices are set according to (31), we have

ηeit∆s
ijt = ηsit{∆e

ijt − [∆ijt −
∑
k

Gikt∆ikt]}

where the terms ∆s
ijt and ∆e

ijt depend on the price pijt. This relationship is reminiscent of a surplus

sharing condition under Nash bargaining, where however we have (i) replaced the bargaining coefficients

with the respective matching function elasticities (this amounts to satisfying the Hosios condition under

Nash bargaining); and (ii) adjusted customers’ outside option by the deviation of route ij’s total surplus

from the average across destinations. Similar to the discussion of optimal taxes, adjusting customers’
26One can see this by writing the optimal prices as

pijt = wijt − βV eijt+1 − ηeit
∑
k

Gikt∆ikt + [
∑
k

Gikt∆ikt −∆ijt]

Note that, since here we have constant returns, this is equivalent to (31). This illustrates that customers’ charges must reflect
shipping values net of their outside options; in addition, customers must be compensated for their marginal welfare impact
through match creation, and penalized proportionally to their negative effect on the composition of matches.
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outside option ensures that they fully internalize the social value of their destination in their decision-

making: if the customer has chosen a destination with higher social surplus, he should enjoy a higher

outside option (and thus a lower price), and vice versa.

Corollary 2. When the matching functions exhibit constant returns to scale, all externalities are inter-

nalized at equilibrium if and only if prices satisfy condition (31).

This result provides a simple recipe to assess the efficiency of mandated pricing rules.27 For instance,

in the case of taxicabs, prices are regulated and are roughly set equal to a tariff plus a fee proportional

to travel time and distance. Corollary 2 indicates that this pricing rule is unlikely to be efficient, since

the efficient prices should be origin-destination specific.

In the case where the matching functions exhibit increasing or decreasing returns to scale, efficiency

requires that there is a wedge between the price a customer pays and the price the carrier receives.28 As

in the discussion of optimal taxes above, these wedges capture the social cost (benefit) of an additional

searching agent on both sides when there are decreasing (increasing) returns.

3 Empirical application: dry bulk shipping

In this section we describe our empirical application using data from the dry bulk shipping industry. We

begin with a brief description of the industry and the available data in Section 3.1. In Section 3.2 we

discuss search frictions in this market. In Section 4 we discuss estimation and results. Throughout the

following sections, unless otherwise noted, a time period is a week and we split ports into 15 geographical

regions, depicted in Figure A5 of Section D in the Online Appendix.
27Equation (31) does not provide the prices in closed-form, since the right-hand-side also depends on them through the

value functions. Thus, the prices can be obtained as the fixed point of an algorithm which, at every iteration, first computes
the equilibrium under the current set of prices, and then updates the latter according to condition (31). There is a second
interpretation of the efficient prices, which follows our proof in Section A of the Online Appendix and recognizes that the value
functions can be interpreted as social planner’s objects, corresponding to a primal-dual solution to the planner’s problem.
As such, the efficient prices can be obtained by solving the planner’s problem, computing the optimal Lagrange multipliers
V s,V e,Us,∆, and setting prices according to (31). The efficient taxes derived in the previous Section can be also obtained
through a similar algorithm.

28In particular, the prices received by carriers are those given by (31), while the prices paid by customers are those given
in footnote 26.
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3.1 Industry description and data

Industry description Dry bulk shipping involves vessels designed to carry a homogeneous unpacked

dry cargo for individual shippers. It is the prevalent mode of transportation for international trade in

commodities, such as iron ore, steel, coal, bauxite, phosphates, but also grain, sugar, chemicals, lumber

and wood chips; it accounts for about half of total seaborne trade in tons (UNCTAD) and 45% of the

total world fleet, which includes also containerships and oil tankers.29

Bulk carriers operate much like taxi cabs: a specific cargo is transported individually by a specific

ship, for a trip between a single origin and a single destination. Ships carry the cargo of one customer

at a time, who fills up the entire ship. In this paper, we focus on spot contracts and in particular the

so-called “trip-charters”, one of the most common type of contracts, in which the shipowner is paid on a

per day rate.

The industry is unconcentrated, consisting of a large number of small shipowning firms (Kalouptsidi,

2014): the maximum fleet share is around 4%, while the firm size distribution features a large tail of small

shipowners. Dry bulk shipping is a decentralized market: shipowners and exporters find each other using

brokers. “The broker’s task is to discover what cargoes or ships are available....[M]ost owners and char-

terers use one or more brokers ....often in tense competition with [each] other” (Stopford, 2009). Finally,

there are four size categories of dry bulk carriers: Handysize (10,000–40,000 DWT), Handymax (40,000–

60,000 DWT), Panamax (60,000–100,000 DWT) and Capesize (larger than 100,000 DWT). Beyond this,

shipping services are largely perceived as homogeneous. In his lifetime, a shipowner will contract with

hundreds of different exporters, carry a multitude of different products and visit numerous countries. We

discuss these issues further at the end of Section 3.2.

Data We combine several data sets. First, we use a data set of shipping contracts, from 2010 to 2016,

collected by Clarksons Research. An observation is a transaction between a shipowner and a charterer for

a specific trip and reports the vessel, the charterer, the contract signing date, the loading and unloading

dates, the price in dollars per day, as well as some information on the origin and destination.

Second, we use AIS (Automatic Identification System) data from exactEarth Ltd for the ships in
29Bulk ships are different from containerships, which carry cargo (mostly manufactured goods) from many different cargo

owners in container boxes, along fixed itineraries according to a timetable. It is generally not technologically possible to
substitute bulk with container shipping.
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the Clarksons data set between May 2012 and March 2016. AIS transceivers on the ships automatically

broadcast information, such as their position (longitude and latitude), speed, and level of draft (the

vertical distance between the waterline and the bottom of the ship’s hull), at regular intervals of at most

six minutes. The draft is a crucial variable, as it allows us to determine whether a ship is loaded or not

at any point in time.

Finally, we augment the two ship data sets with international trade data from Comtrade on export

value and volume by country pair for bulk commodities.

Our final dataset involves 5,398 ships, which corresponds to about half the world bulk fleet. We

end up with 12,007 shipping contracts, for which we know the price, as well as the exact origin and

destination. The average price is 14,000 dollars per day (or 290,000 dollars for the entire trip), with

substantial variation. Trips last on average 2.9 weeks. Contracts are signed close to the loading date,

on average 6 days before. We have 393,058 ship-week observations at which the ship decides to either

ballast (i.e. travel empty) someplace or stay at its current location. Finally, Clarksons reports the product

carried in about 20% of the sample. The main commodity categories are grain (29%), ores (21%), coal

(25%), steel (8%) and chemicals/fertilizers (6%).30

Some salient facts An important feature of this market revealed by the AIS data is that trade in

commodities is greatly imbalanced, so that most countries are either large net importers or large net

exporters. For instance, Australia, Brazil and Northwest America, the world’s biggest exporters of com-

modities, are rich in minerals, grain, coal, etc. At the same time, China and India, the world’s biggest

importers, require raw materials to grow further. As a result, commodities flow out of the former, towards

the latter.

The trade imbalances have implications for both ship ballast behavior and shipping prices. Indeed,

at any point in time, 42% of ships are traveling without cargo. At the same time, prices are largely

asymmetric and depend on the destination’s trade imbalance: all else equal, the prospect of having to

ballast after offloading is associated with higher shipping prices. This is shown in Table A3 in Section D

of the Online Appendix, in which we regress the shipping prices from i to j on the probability of having
30We refer the interested reader to BKP for further details on the construction of the final dataset, which requires using

the AIS data to construct ship histories of port calls, as well as for detailed summary statistics (see Table 1 in BKP).
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to ballast after j, as well as the average distance traveled ballast after j; we find that both variables

significantly raise the price to export to j. This is intuitive: a shipowner commands a higher price for

a trip towards an unattractive destination (i.e. one with a low continuation value). These facts are

documented in more detail in BKP.

These patterns have important implications for efficiency. The observed heterogeneity across regions

foreshadows that composition externalities might be a serious concern. For instance, a ship in Australia

may be matched to an exporter headed to China, or an exporter headed to North Europe, and these

destinations have very different implications for the ship’s continuation value.

3.2 Search frictions in dry bulk shipping

A number of features of dry bulk shipping, such as information frictions and port infrastructure, can

hinder the matching of ships and exporters. In this section we argue that these frictions indeed lead

to unrealized potential trade. Consider a geographical region, such as a country or a set of neighboring

countries, where there are s ships available to pick up cargo and e exporters searching for a ship to

transport their cargo. We define search frictions by the inequality:

m < min {s, e} (32)

where m is the number of matched ships and exporters. In other words, under frictions there is potential

trade that remains unrealized; in contrast, in a frictionless world, the entire short side of the market gets

matched, so that m = min {s, e}. When inequality (32) holds, matches are often modeled via a matching

function, m = m(s, e), as is done in Section 2 above, and also extensively in the search literature.

We present three facts consistent with frictions, as defined by (32). In particular, we (i) provide a

direct test for inequality (32); (ii) we document wastefulness in ship loadings; (iii) we document substantial

price dispersion.

First, we provide a simple test that directly verifies the presence of search frictions. If we observed

all variables s, e,m, it would be straightforward to test (32); this is essentially what is done in the labor

literature, where the coexistence of unemployed workers and vacant firms is interpreted as evidence of

frictions. However in our setup, we observe m (i.e. ships leaving loaded) and s, but not e; we thus need
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to adopt a different approach.

Assume there are more ships than exporters, i.e. min (s, e) = e. We begin with this assumption,

because our sample period is one of low shipping demand and severe ship oversupply due to high ship

investment between 2005 and 2008 (see Kalouptsidi, 2014). If there are no search frictions, so that

m = min (s, e) = e, small exogenous changes in the number of ships should not affect the number of

matches. In contrast, if there are search frictions, an exogenous change in the number of ships changes

the number of matches, through the matching function m = m(s, e). We approximate an exogenous

change in the number of ships, with unpredictable ocean weather conditions. The intuition is that wind

affects the speed at which ships travel and therefore exogenously shifts trip duration, and the supply of

ships at port. We therefore explore whether exogenously changing the number of ships in regions with a

lot more ships than exporters affects the realized number of matches. Since we do not observe exporters

directly, to select periods in which there are more ships than exporters, for each region we consider weeks

when there are at least twice as many ships waiting in port as matches. Table 1 presents the results:

matches are affected by weather conditions in all but one region, consistent with the presence of search

frictions. It is worth noting that although search frictions have been prevalent in the recent literature on

transport markets, to our knowledge we are the first to propose a formal test for their presence.

Second, we document simultaneous arrivals and departures of empty ships. Indeed, the first two panels

of Figure 1 display the weekly number of ships that arrive empty and load, as well as the number of ships

that leave empty, in two net exporting countries: Norway and Chile. In Norway, several ships arrive

empty and load, but almost no ship departs empty. In Chile, however, the picture is quite different: it

frequently happens that an empty ship arrives and picks up cargo, while at the same time another ship

departs empty. This is suggestive of wastefulness in Chile: although there was both an empty ship in

Chile, as well as a cargo awaiting transport, a different ship came empty from elsewhere to pick up this

cargo.

This pattern is observed in many countries. Indeed, the third panel of Figure 1 depicts the histogram

of the biweekly ratios of outgoing empty ships over incoming empty and loading ships for net exporting

countries. In the absence of frictions, one would expect this ratio to be close to zero. However, we see that

the average ratio is well above zero. Moreover, this pattern is quite robust in a number of dimensions.31

31This figure is robust to alternative market definitions, time periods and when constructed separately for each vessel size.
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N Joint Significance s
m

North America West Coast 193 0 2.706
North America East Coast 200 0 3.172
Central America 199 0.001 3.451
South America West Coast 198 0 2.913
South America East Coast 200 0 4.083
West Africa 200 0.001 5.862
Mediterranean 200 0 4.244
North Europe 200 0 3.577
South Africa 200 0 2.862
Middle East 200 0 3.86
India 200 0.34 8.58
South East Asia 200 0 3.334
China 200 0.038 6.194
Australia 187 0 2.457
Japan-Korea 200 0 5.311

Table 1: Test for search frictions. Regressions of the number of matches in each region on the unpredictable
component of weather conditions in the surrounding seas. For each region we use weeks in which there are at least
twice as many ships as matches. The first column reports the number of observations; the second column joint
significance; and the third column the average ratio of ships over matches in each region during these weeks. We
collect global data on weekly sea weather from the ERA-Interim archive, from the European Centre for Medium-
Range Weather Forecasts (CMWF). To proxy for the unpredictable component of weather, we partition the globe
into cells of 9◦ × 9◦, and for each cell we collect data on the speed of the horizontal (E/W) and vertical (N/S)
component of wind, as well as wave period and height. To control for seasonality, we residualize the weather
measurements for each cell on a quarter fixed effect. The potential regressors include one and two weeks lagged
values of all the weather measurements for cells in the sea. Finally, we follow Belloni et al. (2012) to select the
relevant instruments in each region.

Third, again inspired by the labor literature, we investigate dispersion in prices. In markets with

no frictions, the law of one price holds, so that there is a single price for the same service. This does

not hold, for instance, in labor markets, where there is large wage dispersion among workers who are

observationally identical.32 Table A3 in Section D of the Online Appendix shows that there is substantial

price dispersion in shipping contracts. More specifically, at best we can account for about 70% of price

Capesize vessels exhibit somewhat larger mass towards zero, consistent with the somewhat higher concentration of ships and
charterers, as well as the ships’ ability to approach fewer ports. The figure is also similar if done by port rather than country.
To control for repairs we remove stops longer than 6 weeks. Finally, we only consider as “ships arriving empty” the ships
arriving empty and sailing full towards another region, and we consider as “ships leaving empty” ships sailing empty toward
a different country; so movements to nearby ports are excluded. This definition also implies that refueling cannot explain
the fact either- though there are very small differences in fuel prices across space anyway (less than 10%).

32This fact has generated an influential literature on frictional wage inequality. See for instance Mortensen (2003) and
references therein.
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Figure 1: Simultaneous arrivals and departures of empty ships: The first two panels depict the flow of ships
arriving empty and loading, and ships leaving empty in two-week intervals in Norway and Chile. The last panel
shows the histogram of the ratio of outgoing empty over incoming empty and loading ships across all net exporting
countries.

variation, controlling for ship size, as well as quarter, origin and destination fixed effects. Moreover, the

coefficient of variation of prices within a given quarter, origin and destination triplet is about 30% (23%)

on average (median). In the most popular trip, from Australia to China, the weekly coefficient of variation

is on average 34% and ranges from 15% to 65% across weeks. In addition, the type of product carried

affects the price paid and overall more valuable goods lead to higher contracted prices, as shown in the

same table. In the absence of frictions, if there are more ships than exporters, as is the case during our

sample period, we would expect prices to be bid down to the ships’ opportunity cost.33 In contrast, in

markets with frictions and bilateral bargaining, since ships now have market power, the price depends on

the exporter’s valuation and higher value exporters pay more.

As in labor markets, a multitude of factors can lead to frictions (i.e. unrealized matches) in shipping.

First, the decentralized and unconcentrated nature of the market and the mere existence of brokers,

suggests that information frictions are present. The meeting process involves a disperse network of

brokers; oftentimes more than two brokers intervene to close a deal, suggesting that the ship’s and the

exporter’s brokers do not always find each other, and that an “intermediate broker” was necessary to

bring the two together (Panayides, 2016). In interviews, brokers claimed to receive 5,000-7,000 emails

per day; sorting through these emails is reminiscent of an unemployed worker sorting through hundreds
33In a frictionless market with more ships than exporters and homogeneous ships, in equilibrium the price from an origin

to a destination would be such that ships are indifferent between transporting the cargo and staying unmatched.
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of vacancy postings.34 Port infrastructure, congestion and regulations may also hinder matching.35

Are bulk ships similar to taxis? It may seem surprising at first that we make a parallel between the

bulk shipping industry and the taxi industry. Yet, it is remarkable how similar the operation of ships is

to that of taxicabs (and trucks). In fact, shipowners themselves call bulk ships “the ocean taxis.” Much

like taxis, bulk ships “do not operate on a fixed schedule but merely trade in all parts of the world in

search of suitable cargoes” (Plakantonaki, 2010, which is the internal manual of a large shipping firm).

Moreover, bulk ships transport one cargo at a time and are homogeneous; they largely operate on a

voyage basis; they sign contracts very close to loading; and they operate in a decentralized environment

without dispatchers. Let us discuss two assumptions that are particularly important: ship homogeneity

and random search.

Ships do not specialize neither geographically, nor in terms of products: during the period of our data,

ships deliver cargo to 13 out of 15 regions on average and carry at least 2 of the 3 main products (coal, ore

and grain). Moreover, neither shipowner characteristics, nor shipowner fixed effects have any explanatory

power in price regressions, as shown in Table A1 in Section B.1 of the Online Appendix. Furthermore,

we fail to reject the null that ships’ ballast destination decisions are the same across ships, from a given

origin.36

Next, we argue that random search is a reasonable approximation in shipping. Meetings occur through

an unconcentrated network of brokers. The contracting process begins when a shipowner’s broker “is

contacted by a competitive broker by email or phone or yahoo/MSN messenger for a specific cargo”

(Plakantonaki, 2010). In the Online Appendix, in Section B.2, we copy an extract from Plakantonaki
34In response to trading frictions, almost all decentralized markets have intermediaries. Indeed, since Demsetz (1968),

search frictions have been used to explain the existence of intermediaries. In addition, a large literature has shown that
intermediaries are not able to entirely wipe out frictions (e.g. for theory see Duffie et al., 2005 and for empirics see Gavazza,
2016). As such, a long literature has modeled a multitude of markets (e.g. real estate, OTC financial markets, marriage
markets) as having search frictions despite the presence of intermediaries (Albrecht et al., 2016, Allen et al., 2019, Brancaccio
et al., 2020c, Farboodi et al., 2023). None of this is entirely surprising; the mere fact that centralized platforms emerge in
decentralized markets with intermediaries suggests that intermediaries may not be able to eradicate frictions.

35It is worth pointing out that the matching function captures in a reduced form way the real complexities of ship-exporter
matching. Having said that, our main counterfactuals of interest (first-best and monopolist platform) are not affected by the
estimates of the matching function, since they both impose the frictionless matching function, m (s, e) = min {s, e}.

36If heterogeneity were an important driver of ships’ ballasting decisions, we would expect ships to choose diverse desti-
nations from a given origin. Yet ballast choices are similar across ships from a given origin (the CR3 measure for the chosen
destinations, i.e. the concentration ratio of the top 3 destinations, is higher than 70% in most regions). Moreover, home-ports
are not an important consideration for shipowners, as the crew flies to their home country every 6-8 months.

31



(2010) with an example of a representative email notifying brokers of an available cargo. Roughly, the

email has the following format: “Please indicate or offer a vessel to be chartered for CORUS to load a full

cargo of bulk coal, size 50,000 +/- 5%; load in Poland and discharge in Immingham; vessel must appear

between 4/23 and 4/30”. As mentioned above, the broker receives thousands such emails a day, suggesting

that agents cast a wide net when searching rather than focusing on specific markets. Continuing from

Plakantonaki (2010), the broker “considers whether he has a ship available, usually in the vicinity, which

can safely arrive at the load port during the requested laycan”, where the laycan is the requested arrival

window. In our data, contracts are signed on average only 6 days prior to loading (compared to an average

trip length of 3 weeks), and ships are in the vicinity of the loading area when they sign (they are in the

loading region on average 12 days earlier); this suggests that ships do not plan ahead sequences of multiple

trips.37

Finally, we examine the random search assumption more formally in Section B.2 of the Online Ap-

pendix. Directed search would imply that carriers can meet only customers heading to a specific des-

tination. In a model of directed search, profitable destinations attract more carriers, thereby reducing

their matching probabilities compared to less profitable ones. In equilibrium carriers are indifferent across

destinations and matching rates and prices are the equilibrating mechanism.38 We first provide sugges-

tive evidence that a directed search model does not provide a good fit for the data. In particular, we

show that matching rates from a given origin do not vary by destination; therefore they do not reflect

the attractiveness of different destinations, as would be the case in a world of directed search. Next, we

test directly the key implication of directed search, namely that carriers are indifferent across searching

for different destinations, by perturbing our model to allow for directed search. Our results reject the

indifference prediction in the overwhelming majority of regions.
37Practitioners explain that contracts tend to be signed with ships that are nearby because “a ship is not a train” and it

cannot promise exact arrival times far in advance, due to weather conditions and port congestion. These delays are costly
for exporters.

38Attractive destinations attract many searching carriers, but as more carriers enter, matching rates (and prices) fall,
reducing the attractiveness of the destination; carriers continue to enter, until matching rates are sufficiently low (and in
equilibrium all destinations are equally profitable for the carriers).
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4 Model estimation and results

In this section we estimate the main parameters of the model: in Section 4.1 we estimate the matching

functions; in Section 4.2 the ship costs; and in Section 4.3 the exporter parameters. We estimate the

model under the assumption of a steady state; in a steady state equilibrium, ships and exporters respond

optimally to their expectations of the endogenous market variables, which are constant over time. We

can thus omit the dependence on t. We discuss the implications of this assumption at the end of this

Section. This Section is self-contained and can be omitted by the reader if so desired.

4.1 Matching Function Estimation

A sizable literature has estimated matching functions in several different contexts (e.g. labor markets,

marriage markets, taxicabs). For instance, in labor markets, one can use data on unemployed workers,

job vacancies and matches to recover the underlying matching function. In our data, we observe ships

and matches, but not searching exporters. As in BKP, we simultaneously recover both exporters, as

well as a nonparametric matching function. This approach extends the literature by avoiding parametric

restrictions on the matching function; this is important, since as shown in Theorem 1, in frictional markets,

the conditions for constrained efficiency depend crucially on the elasticity of the matching function.

Our estimation approach follows BKP; we thus provide but a brief overview and then present the

implications for search frictions. Section C.1 of the Online Appendix expands on the approach for com-

pleteness. We require that m (s, e) is increasing in s and e, that it exhibits constant returns to scale,

and that an instrument that shifts the number of ships exists (the weather shocks employed in Section

3.2).39 The methodology delivers exporters point-wise and the matching function of each location i

39As explained in Section C.1 of the Online Appendix, the methodology requires a restriction in order to distinguish
monotonic transformations of the matching function and the exporters. We impose constant returns to scale (CRS) moti-
vated by both the labor and the urban transport literature that has found strong evidence supporting this assumption. For
instance, Petrongolo and Pissarides (2001) note that “Testing for homogeneity, or constant returns to scale, has been one of
the preoccupations of the empirical literature” and yet “divergences from constant returns are only mild and rare”.
In addition, increasing returns (IRS) do not arise naturally in most models (Petrongolo and Pissarides, 2001 and Duranton
and Puga, 2004); in fact Lagos (2003), who microfounds a matching function for taxis, proves that it is CRS. One notable
exception is the “stock-flow” model (see Coles, 1994 and Coles and Smith, 1998), whose key implication is that the matching
probability is high when an agent first enters the search pool, but then declines and remains constant. When we test this in
our data we find that matching rates do not exhibit this pattern, but instead are fairly flat with respect to the ship’s time
already searching.
That said, IRS could be relevant in the context of urban transportation, especially in the case of sparser cities. As Frechette
et al. (2019) demonstrate, if the number of agents increases on the same geography, density increases and IRS could materi-
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nonparametrically.

Figure A3 in Section C.1 of the Online Appendix presents contour plots of the estimated matching

function, as well as the elasticity of the matching function with respect to the number of exporters. The

estimates imply that the matching function is steep in the number of exporters, with an average elasticity

of 0.87. Therefore, an exporter’s decision to enter the market has a substantial positive externality on

matching rates. Vice versa, the matching function is relatively inelastic with respect to the number of

ships searching, with an average elasticity of 0.13. This result has important implications for thick market

and congestion externalities, as we show below.

Figure A4 in Section C.1 of the Online Appendix presents the estimated search frictions, computed

as the average percentage of weekly “unrealized” matches; i.e. (min{si, ei} −mi) /min{si, ei} in every

region. Search frictions are heterogeneous over space and may be somewhat sizable, with up to 20%

of potential matches “unrealized” weekly in regions like South and Central America, and Europe. On

average, 13.5% of potential matches are “unrealized”.

Finally, estimated search frictions are positively correlated with the observed within-region price dis-

persion (0.47), another indicator of search frictions. Moreover, frictions are negatively correlated with the

Herfindahl-Hirschman Index of charterers reported in the Clarksons contract data (-0.31); this suggests

that when the clientele is disperse, frictions are higher. Finally, we estimate the matching function sepa-

rately for Capesize (biggest size) and Handysize (smallest size) vessels; as expected, for Capesize, where

the market is thinner, search frictions are lower.

4.2 Ship costs

To estimate the ship cost parameters parameters,
{
csij , c

s
i

}
, as well as the scale parameter of the logit

shocks σ, we use a Nested Fixed Point algorithm (Rust, 1987) as in BKP: at every guess of the parameters{
csij , c

s
i , σ

}
, we employ a fixed point algorithm to solve for the ship value functions V s

i , V
s
ij , U

s
i , for all ij

from equations (1)-(3), using the observed average prices for each route ij and the observed meeting

probability λsi (which is set equal to the average mi/si). We then match the ship ballast choices predicted

alize. We do not believe that density plays a similar role in the case of shipping. In particular, the number of exporters and
ships per unit of space does not directly affect the meeting process, as it does in the case of taxis, as those meetings take
place “offline” through the use of brokers.
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by our model and given by the logit choice probabilities, Pbij = exp
(
V s
ij/σ

)
/
∑
l exp (V s

il/σ), to the

observed ballast choices. We maximize over the parameters via Maximum Likelihood. See BKP for

further details on identification and estimation, as well as for the estimates.

4.3 Exporter Parameters

We now turn to the exporter parameters. To proceed, we impose a specific pricing mechanism, Nash

bargaining, and we denote by γi the ship bargaining coefficient in market i. We also assume that exporter

valuations satisfy wij(q) = wij , for all ij, and that the exporter wait costs, ceij do not vary by destination.

The parameters of interest here are the exporter valuations wij , the waiting costs cei , the bargaining

coefficients γi and the exporters’ average entry costs kij , for all ij.40

The valuations wij are the revenues of exporters in i from selling their goods to destination j. We

compute them using trade data from Comtrade, which reports product-level export values and quantities

by country pair; the data details are provided in Section C.2 of the Online Appendix.

Next, we turn to cei and γi, which we estimate from observed shipping prices. Given the estimated

ship value functions and the observed prices, we can compute the ship surplus. However, since we do not

observe the exporter waiting cost, we do not know the total surplus, and therefore we cannot directly

compute the bargaining coefficients. Nonetheless, we can use differences in prices across destinations to

identify them, while exporter wait costs can be identified from the level of prices.

Formally, the Nash bargaining surplus sharing condition, (1− γi)
(
pij + V s

ij − U si
)

= γi
(
wij − pij − βV e

ij

)
implies that prices are given by,41

pij = γi
βcei + (1− β)wij

1− β + βλei (1− γi)
+ (1− γi) (1− β (1− λei ))

1− β + βλei (1− γi)
(
U si − V s

ij

)
(33)

In this equation, the only unknowns are γi and cei , for all i; indeed, note that λei is known, given the

matching function estimation (since it equals mi/ei); U si and V s
ij are known once the ship cost parameters

have been estimated; wij is obtained from Comtrade data as described above; and β is calibrated to 0.995.
40Here, we diverge from the estimation procedure of BKP. The main reason for doing so is to allow the bargaining

coefficients γi to vary by region, given the importance of these parameters. Moreover, we introduce the Comtrade data to
obtain wij ; this permits us to include exporter waiting costs cei which are not present in BKP.

41To obtain this, substitute the exporter value V eij from its steady state value V eij = [−cei + λei (wij − pij)]/[1− β(1− λei )].
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This expression can be rearranged as follows,

Yij = γiXij + γiβc
e
i

where Yij = [1− β(1− λei )][pij − (U si − V s
ij)] and Xij = βλeipij + (1− β)wij − [1− β (1− λei )]

(
U si − V s

ij

)
,

which are known. Taking differences across j we can identify γi. Once γi has been pinned down, we can

directly identify the waiting cost, cei from the average level of prices from (33).

Finally, exporters’ average entry costs kij are estimated using the exporter entry probabilities, which

are given by Peij = exp(V e
ij − kij)/[1 +

∑
l 6=i exp (V e

il − kil)], where V e
ii = kii ≡ 0. Then, logPeij − logPeii =

V e
ij − kij , where kij is the only unknown.42

The exporter parameters are presented in Table A4 in Section D of the Online Appendix. The

wait costs, cei , are equal to about 3% of the exporters’ valuation on average, but there is substantial

heterogeneity over space; the estimated costs are highest in Central and South America, as well as parts

of Africa. These parameters capture inventory expenditures, delay costs, risk of damage or theft etc.

Consistent with this interpretation, exporter wait costs are positively correlated with the recovered wait

costs for ships (0.34), and negatively correlated with the World Bank index of quality of port infrastructure

(-0.50), as shown in Figure A6 in Section D of the Online Appendix. Finally, the estimates for the

bargaining coefficients suggest that exporters get a somewhat larger share of the surplus in almost all

regions.

5 Efficiency in dry bulk shipping

In this section we exploit our theoretical results to explore welfare in bulk shipping. In Section 5.1 we

check whether the efficiency conditions hold. Section 5.2 presents our main welfare analysis. In Section

5.3 we discuss recent interventions that have affected the industry.
42To recover Peii, the share of the “outside good”, corresponding to the choice of not exporting, we use the total production

of the relevant commodities for each region i.
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5.1 Is dry bulk shipping efficient?

Efficiency requires that the following conditions are met: (i) the elasticity of the matching function must

equal the corresponding share of the surplus, which here is given by the bargaining coefficient (thick

market and congestion externalities); (ii) the ship surplus must equalize across destinations (composition

externalities). We test each of these conditions in the data.

Figure 2 examines whether the thick market and congestion externalities are internalized. For each

region, the left panel presents the average estimated matching function elasticity with respect to exporters,

ηei , as well as the estimated exporter bargaining coefficient, γei ≡ 1− γi. For several regions, as shown in

the right panel, we reject that the two are equal, so that the “Hosios conditions” (22) and (27) are not

satisfied. Although the “knife-edge” nature of these conditions implies that this finding is not particularly

surprising, it is worth noting that the difference between the elasticity and the bargaining coefficient is

often large. Moreover, γei tends to be lower than ηei , suggesting that the planner would like to see an

increase in the share of the surplus accruing to the exporter.
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North America WC 4.900
North America EC 10.155
Central America 3.002
South America WC 3.497
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Mediterranean 6.129
North Europe 7.756
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Figure 2: The left panel compares the exporter bargaining coefficient γe
i and the average elasticity of the matching

function with respect to exporters, estimated nonparametrically. The right panel presents the t-statistic for the
null that γe

i coincides with the average elasticity of the matching function with respect to exporters.

Figure 3 checks whether the composition externalities are internalized. For each region i, it plots the

coefficient of variation of the ship surplus from matching with exporters headed to different destinations

j 6= i. When composition externalities are internalized, the coefficient of variation should be equal to
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Figure 3: For each region i, we plot the coefficient of variation (standard deviation over mean) of ship surplus for
all destinations j 6= i. When composition externalities are internalized, the coefficient of variation should be zero.

zero, since the ship is indifferent across destinations. Figure 3 demonstrates that this is not the case. In

all regions the coefficient of variation is significantly different from zero, and larger than 20%, while in

several regions it is substantially higher. It is worth noting that since the ship surplus only depends on

the ship cost parameters and observed matching rates, this test does not rely on the Nash bargaining

assumption on pricing (nor on assumptions about the matching functions). We conclude that the market

has not internalized neither externality.

5.2 Welfare loss and the role of a platform

We now come to our main welfare analysis. We begin by comparing the market equilibrium to the

frictionless equilibrium (first-best), i.e. a perfectly competitive benchmark where search frictions are not

present, so that m = min {s, e}, and prices are set to clear demand and supply for trips on every route.

To fix ideas, we can think of a model in which, at each location, carriers can offer transportation towards

specific destinations, and a Walrasian auctioneer sets the prices to clear supply and customer demand

for trips on every route. In this model the first welfare theorem holds as there are no further distortions;

therefore, decentralized equilibria always reach the first best, and there is no role for intervention. We

build an algorithm to compute the frictionless allocation, which is presented in Section C.4 of the Online

Appendix. This two-way comparison, presented in column I of Table 2, serves as a benchmark, and
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demonstrates that frictions have a substantial impact on trade and welfare. The frictionless equilibrium

welfare is 19% higher compared to the baseline equilibrium, which amounts to more than $100 million per

week. Similarly, trade volume is 6.6% higher, while net trade value (i.e. wij − kij) is 5.3% higher under

the first-best.

We next examine whether a centralizing platform can bring us closer to the first-best. In several setups,

from urban transportation to real estate, centralizing platforms have emerged as a market-based solution

to search frictions (for instance, Uber/Lyft in the taxi market, Uber Freight and other entrants in the

trucking industry, Airbnb in the short-term rental housing market). By centralizing transactions, these

platforms facilitate meetings and can improve market efficiency. Ideally, centralization would coincide with

the frictionless equilibrium discussed above (and indeed the literature has often modeled centralization

as the eradication of search frictions taking the regulated prices as given, e.g. Frechette et al., 2019;

Buchholz, 2022). However, a centralizing platform does not act like a benevolent planner. Instead, it

chooses prices to maximize its profits, thus substituting one friction (search frictions) for another (market

power).

To assess the trade-off between search frictions and market power, we consider the optimal pricing

problem of a monopolist platform. In particular, the platform eradicates search frictions - i.e. it faces

the matching function mi(si, ei) = min{si, ei} for all i - and owns and routes all ships. Prices, instead

of being bargained, are set by the platform. Its objective is to maximize profits, given by the difference

between all customer payments and all ships’ wait and transportation costs.

This is a complex problem, as it entails both choosing prices for all possible origin-destination pairs

and computing ships’ optimal dynamic paths - in particular, in doing so, the platform must internalize

how customer demand reacts to prices and matching probabilities, and how the latter are affected by ship

movements. To solve this optimization problem, we build an algorithm relying on Rosaia (2020a); see

Section C.4 of the Online Appendix for details.

Column II of Table 2 compares the market equilibrium to the centralizing platform solution. The

increase in welfare is substantially lower than what is achieved in the frictionless equilibrium (around

9%). As a result of the platform’s monopoly power, both trade volume and value drop by 5.5% and 3.8%

respectively compared to the baseline. Importantly, our counterfactual suggests that the welfare gains
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are appropriated to a large extent by the centralizing platform in the form of profits. The key source of

welfare gains is a decline in realized exporter wait costs, driven by both the elimination of search frictions,

as well as the increase in shipping prices, which curbs exporter entry.

Next, following Section 2.3, we study a policy-based solution to search frictions. A policymaker who

is not able to directly affect the meeting process can still levy the optimal taxes and subsidies on ships

and exporters, derived in Corollary 1 to achieve constrained efficiency. Column III of Table 2 compares

the observed equilibrium to the constrained efficient outcome.43 The increase in welfare is again about

half of what is achieved in the frictionless equilibrium (8.4%). Although this gain is approximately the

same as in the case of the centralizing platform, the distributional consequences of the two allocations

are very different. Optimal policy encourages exporter entry, leading to an increase in both trade volume

(6.1%) and trade value (5.1%); realized exporter wait costs however increase by 23%. In contrast to the

centralizing monopolist, now the welfare gains are redistributed to the market agents.

A burgeoning literature has studied search frictions and welfare through different types of “indirect”

counterfactuals (e.g. types of flexible pricing by distance, or eradication of frictions under the baseline

prices). The novelty of the machinery developed here is that it allows us to explicitly compute the efficient

spatial allocation, and therefore quantify the loss from frictions. Moreover, it enables us to consider the

trade-off between search frictions and market power, which is a first-order issue in understanding the

impact of platforms. Our findings suggest that it is important to distinguish the platform from the first-

best (competitive benchmark), or the second-best (policymaker who is unable to directly affect the search

environment but can still levy the optimal taxes/subsidies), as the corresponding allocations can indeed

be very different.

Robustness with respect to the steady state assumption The model is estimated under the

assumption of a steady state. Here we focus on short-run decisions that shipowners make (shipowners’

weekly decisions of where to sail). Although there is uncertainty stemming from business cycle variation,

it is not clear that this uncertainty is pervious for these decisions. These reallocation decisions are very
43To compute the constrained efficient outcome, we calculate the equilibrium under the optimal taxes/subsidies derived in

Corollary 1; in Section C.3 of the Online Appendix we provide the algorithm used, which we found to be very robust and
always delivers a unique solution. Alternatively we can impose the efficient prices given in equation (31) of Corollary 2. The
resulting allocation is the same.
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Frictionless benchmark Centralizing platform Constrained Efficient

∆ welfare (%) 18.96 9.28 8.41
∆ welfare ($100,000) 1,071 524 474
∆ Trade (%) 6.61 -5.51 6.07
∆ Trade value (net) (%) 5.34 -3.82 5.08

Table 2: Welfare Analysis. The first column presents the frictionless benchmark, i.e., a perfectly competitive
benchmark where search frictions are not present, so that m = min {s, e}, and prices are set to clear demand and
supply for trips on every route. The second column presents the allocation under a centralizing platform. The
third column presents the constrained efficient allocation, i.e. the market equilibrium under the optimal taxes. All
comparisons are relative to the observed equilibrium.

short-lived and do not have long-lasting implications, given that trips last only a few weeks at most (the

average is three weeks). Contrast this with e.g. models of firm entry or investment where a firm’s capital

decision has implications that last for many years, and sometimes decades. As a result, we expect that

when a shock hits, transitions to the new steady state are very fast.

Our intuition is confirmed when we recompute our welfare analysis to allow for transition dynamics

from an initial steady state (the market equilibrium) to a new steady state (the constrained efficient

outcome). As shown in the right panel of Figure A7 in Section D of the Online Appendix, convergence

to the steady state is very fast, with almost all of the welfare gains from the imposition of optimal

taxes/subsidies realized within two weeks of the policy change. The same is true when we look at changes

in prices, as shown in the left panel of Figure A7.44

5.3 Efficiency and Policies

The results presented in Section 2.3 propose policy instruments to obtain efficiency; these can be directly

implemented in markets like taxis and trucking. To better illustrate how the two externalities operate and
44In our setup, since agents are small, an individual agent’s action does not affect the aggregate state. Hence, agents keep

track only of their own state (their location or route) and the aggregate state (which in steady state is constant). When
considering transition dynamics, the economy starts at a steady state and is hit by a one-time shock; in this case, the social
planner imposes the optimal tariffs and subsidies. As agents can perfectly forecast the entire transition path from the initial
steady state to the final one, agents’ strategies depend only on their own state and on time t.
We briefly describe the algorithm to compute transition dynamics. We first compute the initial (market equilibrium) and
the new steady state (which will prove to be the efficient equilibrium). Next, suppose the economy has converged by T
steps, where we set T to be a large number so that it is not binding. Begin by setting the strategy equal to the strategy
under the efficient outcome. Under this strategy, compute the aggregate state for each period t = 0, ..., T . Now, given this
transition (which is known by the agents), solve for the new strategy and value functions using backwards induction from
T, ..., 0. Update the strategy and keep iterating until convergence.
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interact with policy, we consider two recent examples that have affected the shipping industry: China’s

Belt and Road Initiative, and the International Maritime Organization’s 2020 rule that limits sulphur

in the fuel oil used by ships (“IMO 2020”), focusing on the recent compliance of African ports.45 This

exercise showcases that thick market and congestion externalities depress trade by affecting the numbers

of agents, while composition externalities misallocate carriers and distort trade flows. We demonstrate

that both interventions substantially affect the externalities, and thus the ensuing welfare and trade, even

though that is not their stated goal. This suggests that taking into account search externalities is germane

to any proposed intervention.

5.3.1 China’s Belt and Road Initiative

China’s Belt and Road Initiative, henceforth BRI, is a “development strategy proposed by China that

focuses on connectivity and cooperation on a trans-continental scale” (The World Bank, 2018). A key

aspect of the BRI relates to considerable investments in transportation infrastructure aiming to stimulate

trade and growth in Asia, Europe and Eastern Africa. To that end, China has supplied substantial

funds to ports in these regions, among other projects. We explore the impact of this intervention and its

interaction with the search externalities, by considering a reduction of port costs for ships and exporters

in the relevant regions (China, India, Southeast Asia, Middle East, and South and West Africa).46

We present the results in Table 3. Column I computes the impact of the BRI under the baseline

prices, while column II under the efficient prices; comparing the two columns allows us to discern how the

BRI interacts with the search externalities. As expected, the BRI leads to an increase in trade volume,

and thus welfare: this is because the investment in infrastructure reduces wait costs and thus acts as a

subsidy that encourages exporter entry. This increase is higher under the baseline prices, suggesting that

search externalities amplify the impact of the investment in port infrastructure. Why?

The answer relates to the thick market and congestion externalities, which distort the number of
45A comprehensive quantitative analysis of these two policies, which may also include other features (e.g. geopolitical,

environmental) is beyond the scope of this paper.
46In particular, to capture the upgrading of existing ports we follow the The World Bank (2018) and assume “that the

time it takes to handle the merchandise in the port decreases to the minimum time estimates in the region”. To execute this
we employ the World Bank index of quality of port infrastructure (PQI). We impose that the PQI in countries where China
invested, increases to the maximum PQI in the region. We then compute the associated change to the average PQI in the
region, and assume that the wait costs change by the same percentage. Recall that as mentioned in Section 4, the PQI is
highly correlated with our estimates of port costs cei and csi .
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Impact Impact under efficient prices

∆ welfare (%) 8.91 8.45
∆ Trade (%) 3.89 1.87
∆ Trade value (net) (%) 1.95 0.96

Table 3: The first column of the table reports the simulated impact of China’s Belt and Road Initiative under
bargained prices. The second column reports the impact of this policy under the efficient prices.

searching agents and, therefore, the total number of matches formed. As shown in Section 2.3, thick

market and congestion externalities can be corrected via a tax/subsidy on searching exporters (or ships).

The BRI acts like such a subsidy: recall that based on our estimates, the elasticity of the matching

function with respect to exporters, ηei , is larger than the exporter bargaining coefficient in most regions

(see Figure 2). Therefore, an additional exporter has a substantial positive externality on matching

rates, but the baseline shipping prices are too high to appropriately encourage the entry of exporters;

the planner corrects this imbalance by lowering prices and increasing exporter entry. In a similar vein,

the BRI reduces port costs, incentivizing exporter entry, thus indirectly correcting partially for the thick

market and congestion externalities; as a consequence, welfare, as well as trade volume and value, increase

substantially more than when we do not correct for these externalities.

5.3.2 Compliance to IMO 2020

As of January 2020, a regulation known as IMO 2020, enforced new emissions standards designed to

significantly curb pollution produced by the world’s ships. The mandate commanded a drop in the global

sulphur limit in marine fuels. Although practically all affected countries have signed on to the mandate,

compliance has been an issue, especially for African ports. Recently, the Port Management Association for

West and Central Africa (PMAWCA), which is the regional umbrella organization for port authorities, has

began supporting its member ports in their implementation capacity through international cooperation

(e.g. through transfer of know-how on monitoring, reporting and waste management).47

Here, we explore how the compliance of these ports to IMO 2020 interacts with the search externalities.
47See for example here: https://euroshore.com/blog/news/2021-02-23/strengthening-marpol-implementation-african-ports
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We do so by considering an increase in the ship cost of traveling to West African ports. We present the

results in Table 4. Column I computes the impact of the policy under the baseline prices, while column

II under the efficient prices. Since we do not consider its environmental impact here, the regulation leads

to a welfare reduction, as it increases ship costs. This decline is smaller in the observed equilibrium

than under the efficient prices, suggesting that this policy too indirectly corrects partially for the search

externalities. Indeed, the environmental regulation acts as a tax to African ports as destinations, and as

such it directly impacts the composition externalities.

Why does the planner want to tax African ports? As discussed in Section 2.3, composition exter-

nalities distort the allocation of ships over space. Generally speaking, the planner subsidizes “socially

valuable” destinations to correct composition externalities. This involves a few different characteristics of

destinations. First, the planner subsidizes routes ij with high wij . Note that the Nash bargained price

depends positively on wij , so that high value exporters pay more to transport their goods. This is because

search frictions create a hold-up problem, whereby ships “take advantage” of high value exporters and

charge them a higher price, which in turn inefficiently reduces entry of high value exporters. To counteract

this, the planner precisely promotes trips with high wij . West Africa however has the second lowest value

imports.

In addition, for every route ij, the planner also cares about the value of the ship’s subsequent trips,

which the exporter does not fully internalize. Therefore, the planner subsidizes routes ij whose destination

j is itself a high-value exporter. Naturally, the recursion continues, as the planner optimizes the entire

dynamic path of ships’ travels. The planner therefore also subsidizes routes ij, for which location j’s

exports are directed to locations that themselves have high value exports, and so on. Indeed, the planner

subsidizes regions that are “central”; i.e. regions with high value imports and which further export to

high value locations, and so on. Consistent with this, the planner taxes West African ports because not

only do they have low value imports, but they are also provide poor reloading options to ships: indeed,

West Africa predominantly exports to unattractive destinations (e.g. China and the Middle East).
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Impact Impact under efficient prices

∆ welfare (%) -0.29 -0.33
∆ Trade (%) -0.34 -0.5
∆ Trade value (net) (%) -0.21 -0.34

Table 4: The first column of the table reports the simulated impact on world trade of IMO 2020 enforcement
in West African countries under bargained prices. The second column reports the impact of this policy under the
efficient prices.

6 Conclusion

Transport markets are the engine of economic activity. Yet, little is known about their efficiency properties.

In this paper we contribute to a nascent but growing literature studying optimal transport networks, by

focusing on decentralized transport markets, such as taxis, trucks and bulk shipping. We show that in

these markets, search frictions distort the transportation network and the dynamic allocation of carriers

over space, and we derive explicit and intuitive conditions for efficiency, which lead naturally to efficient

pricing rules. The latter imply that destination-based pricing is essential to attain efficiency. Then,

using data from dry bulk shipping, we demonstrate that search frictions lead to a sizeable social loss

and substantial misallocation of ships over space. Optimal policy can eliminate about half of the welfare

loss. Can a centralizing platform, often arising as a market-based solution to search frictions, do better?

Interestingly, the answer is no; although the platform eradicates frictions, it exerts market power thus

eroding the welfare gains. Finally, we use two recent interventions in the industry (China’s Belt and

Road Initiative and the environmental initiative IMO 2020) to demonstrate that taking into account the

efficiency properties of transport markets is germane to any proposed policy.
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A Proofs

A.1 Preliminaries

A.1.1 Sequence spaces and optimization

This Section introduces notation and reviews basic concepts related to infinite-dimensional optimization

that will be used later in the proofs.

We work with the spaces of bounded sequences and of β-summable sequences, defined by l∞ ≡

{a ∈ RN : supt≥0|at| < ∞} and l1,β ≡ {a ∈ RN : Σ∞t=0β
t|at| < ∞}, respectively. In particular, we

consider sequences of vectors whose coordinates are either bounded, or β-summable. That is, vector-

valued sequences in (l∞)N and (l1,β)N for some N ∈ N, equipped with the usual topologies.

First, we introduce some standard notation. For generic sequences a, b ∈ RN, we denote by ab the

product sequence defined by (ab)t = atbt ∀t, we write a ≥ b (respectively a > b) if at ≥ bt (respectively

at > bt) ∀t, and we denote by a+1 the sequence obtained by shifting a one period forward, that is, the

sequence defined by a+1
t = at+1, for all t. Moreover, we denote by 1 and 0 the sequences defined by 1t = 1

and 0t = 0, for all t. For sequences a ∈ (l∞)N and b ∈ (l1,β)N , we denote their discounted inner product

by a · b = Σ∞t=0β
t∑

n antbnt.

Second, we introduce some standard terminology. If f : (l∞)N → [−∞,+∞) is a function mapping

bounded vector sequences into the extended real line, we say that: (i) its domain, denoted by Domf , is

the set of all points at which f is finite, that is, Domf = {a ∈ (l∞)N : f(a) > −∞}; (ii) ∇ ∈ (l1,β)N is

a super-gradient of f at a ∈ Domf if f(a′)− f(a) ≤∇ · (a′ − a) for every a′ ∈ Domf ; (iii) the Gateaux

(directional) derivative of f at a point a in the interior of Domf , if it exists, is the map ∂f(a) defined by

∂f(a;a′) = limα→0[f(a + αa′) − f(a)]/α for every a′ ∈ (l∞)N ; (iv) f is Gateaux differentiable at a in

the interior of Domf if ∂f(a) exists.

Finally, we use the following standard results. We provide proofs here for completeness.

Lemma 1. (i) If f is Gateaux differentiable at a and ∇ is a super-gradient of f at a, then ∂f(a;a′) =

∇ · a′ for every a′ ∈ (l∞)N . (ii) If D ⊆ (l∞)N and ∇ is a super-gradient of f at a ∈ D, a sufficient

condition for a to maximize f over D is that ∇ · (a′ − a) ≤ 0 for every a′ ∈ D. (iii) If D is a convex

subset of (l∞)N , f is Gateaux differentiable at a ∈ D, and ∇ is a super-gradient of f at a, a necessary
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and sufficient condition for a to maximize f over D is that ∇ · (a′ − a) ≤ 0 for every a′ ∈ D

Proof. To prove (i), take a′ ∈ (l∞)N . By the definition of super-gradients, for every α we have f(a+αa′)−

f(a) ≤ α∇ ·a′. This implies limα→0+ [f(a+αa′)−f(a)]/α ≤∇ ·a′ and limα→0− [f(a+αa′)−f(a)]/α ≥

∇ · a′. Hence, by the definition of Gateaux derivative, we must have ∂f(a;a′) = ∇ · a′. (ii) follows by

definition of super-gradient. To prove (iii), note that sufficiency follows from (ii). To prove necessity,

suppose that ∇ · (a′ − a) > 0 for some a′ ∈ D. Take α, ε > 0 small enough so that, ε < ∇ · a′ and

|[f(a+ α(a′ − a))− f(a)]/α− ∂f(a;a′ − a)| < ε. Since ∂f(a;a′ − a) = ∇ · (a′ − a) by (i), this implies

0 < α[∇ · (a′ − a) − ε]< f(a + α(a′ − a)) − f(a). Since D is convex, a + α(a′ − a) ∈ D, hence in this

case a does not maximize f over D.

Lemma 2. Let (ft(·))∞t=0 be a sequence of concave and differentiable functions ft(·) : RN → R, and

g(a′) =
∑∞
t=0 β

tft(a′t) for all a′ ∈ (l∞)N . Take a ∈ (l∞)N , and define ∇nt = df(at; t)/dant ∀n, t. Then

∇ ∈ (l1,β)N , and ∇ is a super-gradient of g at a.

Proof. Take a′ ∈ (l∞)N . By concavity, for every t ≥ 0 we have f(a′t; t) − f(at; t)≤ Σn∇nt[a′nt −

ant]≤ f(at; t) − f(2at − a′t; t). Since both the left and right hand sides belong to l1,β, it follows that

ΣT
t=0β

tΣn∇nt[a′nt − ant] converges to ∇ · (a′ − a) as T →∞, and g(a′)− g(a) ≤∇ · [a′ − a]. Moreover,

for every n, taking a′mt = amt + sign∇mt, if m = n and a′mt = 0 otherwise for all t, ΣT
t=0β

t|∇nt| converges

as T →∞, hence ∇ ∈ (l1,β)N .

A.1.2 Customers’ entry costs and carriers’ idiosyncratic shocks

Recall that K(n) and E(b) were informally defined in Section 2.3 as the sum of customers’ random entry

costs when their optimal choices yield inflow of new entrants nij , and the sum of carriers’ random shocks

when their optimal choices yield the ballasting flows bij , respectively. This Section formally describes

these functions, and states two related results used in the proofs. For every n, b, define the corresponding

entry and ballasting choice probabilities Pe and Pb by Peij = nij/Ni, for all i, j 6= i and Pbij = bij/Σkbik,

for all ij.
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Customers’ entry costs Starting from customers’ entry, recall that the optimal choice probabilities

are a function of the vector V e = (V e
ij)i,j 6=i of search values, given by

Peij(V e) ≡ Pr[V e
ij − κij ≥ V e

ik − κik, ∀k]

for all j 6= i, where we normalize V e
ii ≡ 0. It can be shown that function Pe(·) is invertible.48 That is, for

every vector Pe of entry probabilities, there exists a unique vector of valuations V e(Pe) ∈ RI(I−1) such

that Pe(V e(Pe)) = Pe.

If nij new customers enter on every i, j 6= i, the search values must be such that n is the optimal

vector of entry flows, i.e. they must satisfy V e
ij = V e

ij(Pe), for all i, j 6= i. Hence, when customers’ entry

decisions are described by n = (nij)i,j 6=i ∈ RI(I−1), the sum of customers’ random entry costs is given by

K(n) ≡ ΣijnijE[κij |V e
ij(Pe)− κij ≥ V e

ik(Pe)− κik, ∀k] (34)

where we denote V e
ii(Pe) ≡ 0 and nii ≡ Ni − Σj 6=inij . In words, the total entry costs are obtained as

the sum of the expected customers’ entry costs conditional on entering in every route, weighted by the

number of customers entering.49

This function has been studied extensively in the discrete choice literature. Here, we state a well-known

result used in the proofs.50

Lemma 3. K(n) is strictly convex and differentiable. Moreover, for every pair of vectors of search value

functions V e ∈ RI(I−1) and entry flows n ∈ RI(I−1), the following are equivalent: (i) nij = NiPr[V e
ij−κij ≥

V e
ik − κik, ∀k] for every i, j 6= i; (ii) For every i, j 6= i,

V e
ij = dK(n)/dnij (35)

In other words, customers’ inverse entry curve coincides with the marginal entry cost. Hence, intu-
48For instance, this follows from the results of Hotz and Miller (1993) and the restriction that V eii is equal to 0 (in general,

in discrete choice models, choice probabilities identify choice-specific payoffs up to a constant).
49In particular, note that we allow customers to pay an “entry cost” κii if they choose not to enter, so that this framework

nests our empirical application, where κij = kij + εij , κii = εii and ε is a logit shock.
50This follows, from instance, by Chiong, Galichon, and Shum (2016, Theorem 1), after normalizing the payoff of one

option to zero.
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itively, the total entry costs at n can be obtained by integrating the inverse entry curve below n. This

can be seen as a generalization of the classic definition of welfare in economies with a single good, where

total welfare can be defined as the area below the inverse demand curve, and prices coincide with the

marginal welfare.

Carriers’ random ballasting shocks The definition of E(·) is similar. Again, recall that the optimal

relocation choice probabilities are a function of the vector V s = (V s
ij)ij of traveling values, given by

Pbij(V s
ij)≡ Pr[V s

ij + εij ≥ V s
ik + εik, ∀k] ∀j. Hence carriers’ payoff from shocks corresponding to relocation

flows b can defined by

E(b) ≡ ΣijbijE[εij |V s
ij(Pb) + εij ≥ V e

ik(Pb) + εik, ∀k]

where V s(·) : [0, 1]I2 → RI2 is any function such that Pb(V s(Pb)) = Pb for every system of choice

probabilities Pb.51

Function E(·) is also not new to the discrete choice literature. One result that we used in the proofs

is the following.52

Lemma 4. E(b) is concave and differentiable. Moreover, for every system of value functions U s ∈ RI ,

V s ∈ RI2 and relocation choices b ∈ RI2
+ , the following are equivalent: (i) U si = Emaxj(V s

ij + εj) and

bij/Σkbik = Pr[V s
ij + εj ≥ V s

ik + εk, ∀k] for every ij; (ii) For every ij,

U si = V s
ij + dE(b)

dbij
(36)

Hence, similarly to the entry costs, the gradient of E(b) pins down the differences between continuation

values across destinations at each origin i. However, differently from the entry costs, since we do not

normalize the continuation value of one option to 0, this does not pin down the vector (V s
ij)j uniquely,

but only up to a constant, U si .
51Note that in this case we do not normalize the utility of an option to zero, hence the inverse V s(Pb) is not uniquely

defined, as choice probabilities identify choice-specific payoffs only up to a constant. However this is irrelevant for defining
E(·). Indeed, notice that all that matters for defining E(·) are the differences V sij(Pb) − V sik(Pb), which are pinned down
uniquely by Pb.

52For instance, this follows from the results in Rosaia (2020b).
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Logit specifications Recall that, in our empirical specification, potential customers at i solve maxj(V e
ij−

kij + εij), where ε is i.i.d. according to a Type I extreme value distribution, and V e
ii = kii ≡ 0. Hence the

optimal entry probabilities are given by Peij = expV e
ij/[1 + Σk 6=i expV e

ik], for all i, j 6= i.

In this case, it can be shown that K takes the closed-form expression

K(n) = Σi,j 6=inij lognij + Σi(Ni − Σj 6=inij) log(Ni − Σk 6=inik)− ΣiNi logNi (37)

Note that dK(n)/dnij = lognij/(Ni − Σk 6=inik). After some algebra, it is easy to see that

V e
ij = log nij

Ni − Σk 6=inik
⇔ nij = Ni

expV e
ij

1 + Σk 6=i expV e
ik

as Lemma 3 indicates.

Similarly, in our empirical specification, carriers unmatched at i solve maxj(V s
ij + εj), where ε is i.i.d.

according to a Type I extreme value distribution with scale parameter σ. Hence the optimal choice

probabilities are given by Pbij = exp(V s
ij/σ)/Σk exp(V s

ik/σ), and the inclusive value of the relocation choice

by U si = σ log Σj exp(V s
ij/σ) + σγeuler.

In this case, it can be shown that E takes the closed-form expression

E(b) = σ
∑
ij

bijγ
euler − σΣijbij log bij + σΣijbij log Σkbik (38)

Note that dE(b)/dbij = σγeuler − σ log (bij/Σkbik). After some algebra, it is easy to see that

U si = V s
ij − σ log (bij/Σkbik) + σγeuler ⇔ U si = σ log Σj exp(V s

ij/σ) + σγeuler and bij
Σkbik

=
exp(V s

ij/σ)
Σk exp(V s

ik/σ)

as Lemma 3 indicates.

A.2 Proof of Proposition 1

Let s′, e′,G′, q′,n′, b′ denote generic (not necessarily feasible) allocations such that s′i, e′i,G′ij , q′ij ,n′ij , b′ij ∈

l∞, for all ij. For every allocation s′, e′,G′, q′,n′, b′ and every ij, we denote by s̃′ij the sequence of carrier

state variables associated with q′,n′, b′, and by ẽ′ij the sequence of customer state variables associated
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with e′,G′, q′. That is, for all t, s̃′ijt and ẽ′ijt denote the measures of carriers traveling on ij at the begin-

ning of time t and customers searching on ij at the beginning of time t - i.e. those customers who remained

unmatched at t− 1. Formally, the sequences s̃′ and ẽ′ are defined by s̃′0 = s̃0, ẽ′0 = ẽ0, ẽ′+1
ij = e′iG

′
ij − q′ij

and s̃′+1
ij = (1− dij)s̃′ij + q′ij + b′ij .

Also, V ′si ,U ′si ,∆′ij ,V ′eij denote generic sequences of feasible discounted Lagrange multipliers asso-

ciated with constraints (9)-(11) and (13), respectively. That is, sequences satisfying ∆′ij ≥ 0 and

V ′si ,V
′e
ij ,U

′s
i ,∆′ij ∈ l1,β, for all ij.

With this notation, the Lagrangian of Problem (15) given s′, e′,G′ can be written as

L(s′, e′,G′, q′,n′, b′,V ′s,V ′e,U ′s,∆′) = u(s′, e′,G′, q′,n′, b′) + ΣiV
′s
i · (Σjdjis̃

′
ji − s′i) (39)

+ ΣiU
′s
i · [s′i − Σj(q′ij + b′ij)] + ΣijV

′e
ij · (ẽ′ij + n′ij − e′iG′ij) + Σij∆′ij · (m′iG′ij − q′ij)

L is well defined - that is, the infinite discounted sums converge and are finite - whenever the multipliers

are feasible (since V ′si ,V ′eij ,U ′si ,∆′ij ∈ l1,β, for all ij).

With this notation, to prove Proposition 1, let s, e,G, q,n, b,p be an equilibrium, V s,V e,U s and

∆s,∆e denote the corresponding sequences of value functions and surplus shares, and ∆ = ∆s + ∆e

denote the sequence of joint match surpluses. Optimality of customers’ entry choices (condition (8)) and

Lemma 3 imply that

V e
ij = dK(n)/dnij (40)

Moreover, optimality of carriers’ relocation decisions (conditions (3) and (5)) and Lemma 4 imply that

U sit = dE(bt)/dbijt + V s
ijt (41)

Finally, by the definition of ∆s and ∆e, and the equilibrium conditions (4) and (7), we have

∆ijt ≥ 0, with equality if qijt < mitGijt and (42)

wij(qt) + V s
ijt − U sit − βV e

ijt+1 −∆ijt ≤ 0, with equality if qijt > 0

Note also that, substituting s̃′ijt = (1−dij)ts̃ij0+
∑t−1
s=0(1−dij)t−s−1[q′ijs+b′ijs] and ẽ′ijt+1 = e′itG

′
ijt−q′ijt,

6



using V s
ijt =

∑∞
s=0(1− dij)sβs[dijβV s

jt+s+1 − csij ], and rearranging terms, we can write

L(s′, e′,G′, q′,n′, b′,V s,V e,U s,∆) = Σij s̃ij0[dijV s
j0 + (1− dij)V s

ij0] + Σij ẽij0V
e
ij0

+ Σ∞t=0β
t[W (q′t)−K(n′t) + E(b′t)] + Σijq

′
ij · (V s

ij −U s
i − βV

e,+1
ij −∆ij) + Σijn

′
ij · V e

ij

+ Σijb
′
ij · (V s

ij −U s
i ) + Σis

′
i · (−csi +U s

i − V s
i ) + Σije

′
iG
′
ij · (−ceij + βV e,+1

ij − V e
ij) + Σij∆ij ·m′iG′ij

Hence, defining the sequences ∇q,∇n,∇b by

∇qijt = wij(qt) + V s
ijt − U sit − βV e

ijt+1 −∆ijt

∇nijt = V e
ijt − dK(nt)/dnijt and ∇bijt = dE(bt)/dbijt + V s

ijt − U sit,

it is easy to see that ∇ = (∇q,∇n,∇b) is a super-gradient of L(s, e,G, ·, ·, ·,V s,V e,U s,∆) at q,n, b -

in particular, this follows from Lemma 2. Since ∇n,∇b = 0 and ∇qijt ≤ 0 with equality if qijt > 0, for all

ijt by conditions (40)-(42), it follows that q,n, b maximizes L(s, e,G, ·, ·, ·,V s,V e,U s,∆).

Conversely, it is easy to see that, since Σij∆ij · (m′iG′ij − q′ij) = 0 by condition (42), V s,V e,U s,∆

minimizes L(s, e,G, q,n, b, ·, ·, ·, ·) over all feasible Lagrange multipliers.

In summary, q,n, b,V s,V e,U s,∆ is a saddle point of L(s, e,G, ·, ·, ·, ·, ·, ·). By standard duality

arguments (see e.g. Luenberger 1997, Theorem 2, p. 221), it follows that q,n, b solves Problem (14), and

∀q′,n′, b′ ≥ 0 : v(s, e,G) = L(s, e,G, q,n, b,V s,V e,U s,∆) ≥ L(s, e,G, q′,n′, b′,V s,V e,U s,∆) (43)

A.3 Proof of Theorem 1

A.3.1 Proof outline

For every allocation s′, e′,G′, q′,n′, b′ and every ij, we denote by m′i, dm′i/ds′i and dm′i/de′i the se-

quences defined by m′it = mi(s′it, e′it), (dm′i/ds′i)t = dmi(s′it, e′it)/ds′it and (dm′i/de′i)t = dmi(s′it, e′it)/de′it,

respectively.

Also, if s′, e′,G′, q′,n′, b′ satisfies constraints (9)-(13) we write s′, e′,G′ ∈ S, meaning that s′, e′,G′

is feasible, since it can be supported by the agents’ decisions represented by q′,n′, b′. Finally, we denote
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by Ss, Se and SG the sets of sequences s′, e′ and G′ that are feasible conditional of (e,G), (s,G) and

(s, e), respectively. Formally:

S = {s′, e′,G′ ≥ 0 : ∃ q′,n′, b′ ≥ 0 s.t. s′, e′,G′, q′,n′, b′ satisfies constraints (9)-(13)}

Ss = {s′ ≥ 0 : s′, e,G ∈ S}, Se = {e′ ≥ 0 : s, e′,G ∈ S}, SG = {G′ ≥ 0 : s, e,G′ ∈ S}

As usual, we set v(s′, e′,G′) = −∞, if s′, e′,G′ /∈ S. Hence the planner’s problem (16) can be written as

sup
s′,e′,G′∈S

v(s′, e′,G′) s.t. ΣjG
′
ij = 1, for all i

and we have Domv = S, Domv(·, e,G) = Ss, Domv(s, ·,G) = Se and Domv(s, e, ·) = SG.

Define the sequences, ∇s,∇e,∇G by

∇sijt = −csi + (dmit/dsit) ΣjGijt∆ijt + U sit − V s
it

∇eijt = ΣjGijt[−ceij + (dmit/deit) ∆ijt + βV e
ijt+1 − V e

ijt]

∇Gijt = mit∆ijt + eit[−ceij + βV e
ijt+1 − V e

ijt]

for all ijt, and notice that we have: (i) ∇s = 0, if and only if condition (22) holds; (ii) ∇e = 0, if and

only if condition (27) holds; (iii) ∇G
ij = ∇G

ik, for every ijk, if and only if condition (25) holds.53

The proof proceeds as follows. First, we show that the following holds54

v(s′, e,G)− v(s, e,G) ≤∇s · (s′ − s), v(s, e′,G)− v(s, e,G) ≤∇e · (e′ − e) (44)

and v(s, e,G′)− v(s, e,G) ≤∇G · (G′ −G) ∀s′ ∈ Ss, e′ ∈ Se,G′ ∈ SG

In words, ∇s, ∇e and ∇G are super-gradients of v(·, e,G) at s, of v(s, ·,G) at e and of v(s, e, ·) at G,

respectively. By Lemma 1, this implies that: (i) s maximizes v(·, e,G) over Ss if ∇s = 0; (ii) e maximizes

v(s, ·,G) over Se if ∇e = 0; (iii) G maximizes v(s, e, ·) over all G′ ∈ SG such that
∑
jG
′
ij = 1 for all

53To see the latter statement, recall that we have −ceij + βV eijt+1 − V eijt = −λeit∆e
ijt, by equation (20). Hence ∇Gijt =

mit[∆ijt −∆e
ijt] = mit∆s

ijt, and ∇G
ij = ∇G

ik if and only if ∆s
ijt = ∆s

ikt.
54In particular, this shows that v(s′, e,G), v(s, e′,G), v(s, e,G′) < +∞ for every s′ ∈ Ss, e′ ∈ Se,G′ ∈ SG. Hence the

results of Lemma 1 apply to the functions v(·, e,G), v(s, ·,G), v(s, e, ·).
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i, if ∇G
ij = ∇G

ik for every ijk; and (iv) The converse of (i), (ii) and (iii) hold whenever s, e,G lies in the

interior of S, and v(·, e,G), v(s, ·,G) and v(s, e, ·) are Gateaux differentiable at s, e and G, respectively.

We conclude the proof by showing that this is the case almost everywhere. That is, we show that

s, e,G lies in the interior of S, and that there exist dense subsets S̊s ⊆ Ss, S̊e ⊆ Se and S̊G ⊆ SG such

that, for every s′ ∈ S̊s, e′ ∈ S̊e and G′ ∈ S̊G, the maps v(·, e,G), v(s, ·,G) and v(s, e, ·) are Gateaux

differentiable at s′, e′ and G′, respectively.

A.3.2 Proof of Conditions (44)

Consider again the Lagrangian L of Problem (14) defined in equation (39). Using ẽ′+1
ij = e′iG

′
ij − q′ij and

rearranging terms, for every s′, e′,G′, q′,n′, b′ satisfying constraints (9)-(13) we can write

L(s, e,G, q′,n′, b′,V s,V e,U s,∆) = L(s′, e′,G′, q′,n′, b′,V s,V e,U s,∆)

+ Σi(si − s′i) · (−csi +U s
i − V s

i ) + Σi(ei − e′i)ΣjGij · (−ceij + βV e,+1
ij − V e

ij)

+ Σij(Gij −G′ij) · [e′i(−ceij + βV e,+1
ij − V e

ij) +m′i∆ij ] + Σi(mi −m′i) · ΣjGij∆ij

Since L(s′, e′,G′, q′,n′, b′,V s,V e,U s,∆) ≥ u(s′, e′,G′, q′,n′, b′) for all s′, e′,G′, q′,n′, b′ satisfying (9)-

(13), and v(s, e,G) ≥ L(s, e,G, q′,n′, b′,V s,V e,U s,∆) by (43), this implies

v(s′, e′,G′) ≤v(s, e,G) + Σi(s′i − si) · (−csi +U s
i − V s

i ) + Σi(e′i − ei)ΣjGij · (−ceij + βV e,+1
ij − V e

ij)

+ Σij(G′ij −Gij) · [e′i(−ceij + βV e,+1
ij − V e

ij) +m′i∆ij ] + Σi(m′i −mi) · ΣjGij∆ij .

Lemma 2 applied to the function g(e′, s′) = Σi(m′i −mi) · ΣjGij∆ij then yields

v(s′, e′,G′) ≤v(s, e,G) + Σi(s′i − si) · (−csi + (dmi/dsi) ΣjGij∆ij +U s
i − V s

i )

+ Σi(e′i − ei)ΣjGij · (−ceij + (dmi/dei) ∆ij + βV e,+1
ij − V e

ij)

+ Σij(G′ij −Gij) · [e′i(−ceij + βV e,+1
ij − V e

ij) +m′i∆ij ]

which implies the conditions in (44).
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A.3.3 Differentiability almost everywhere

By concavity of Problem (14), it follows that the value functions v(·, e,G), v(s, ·,G) and v(s, e, ·) are

concave. To see this, for every s′, e′,G′ ∈ S, denote

D(s′, e′,G′) = {q′,n′, b′ ≥ 0 : s′, e′,G′, q′,n′, b′ ∈ satisfies constraints (9)-(13)}

and consider for instance v(·, e,G). Take s1, s2 such that s1, e,G ∈ S and s2, e,G ∈ S. Take two

sequences (q1,n,n1,n, b1,n)n ⊂ D(s1, e,G) and (q2,n,n2,n, b2,n)n ⊂ D(s2, e,G) such that

u(q1,n,n1,n, b1,n, s1, e,G)→ v(s1, e,G)

and

u(q2,n,n2,n, b2,n, s2, e,G)→ v(s2, e,G)

as n → ∞. By concavity of the matching functions it follows that, for every α ∈ [0, 1], we have

α(q1,n,n1,n, b1,n) + (1 − α)(q2,n,n2.n, b2,n)∈ D(αs1 + (1 − α)s2, e,G) for all n. Hence, by concavity

of u(·, e,G, ·, ·, ·), we have

v(αs1 + (1− α)s2, e,G) ≥ u(αs1 + (1− α)s2, e,G, α(q1,n,n1,n, b1,n) + (1− α)(q2,n,n2.n, b2,n))

≥ αu(s1, e,G, q1,n,n1,n, b1,n) + (1− α)u(s2, e,G, q2,n,n2.n, b2,n)→ αv(s1, e,G) + (1− α)v(s2, e,G).

Hence v(·, e,G) is concave. Concavity of v(s, ·,G) and v(s, e, ·) can be proven similarly.

It is well known that concave functions are differentiable almost everywhere in the interior of their

domain (Asplund 1968). Formally, there exist dense subsets S̊s ⊆ Ss, S̊e ⊆ Se and S̊G ⊆ SG such that, for

every s′ ∈ S̊s, e′ ∈ S̊e and G′ ∈ S̊G, the maps v(·, e,G), v(s, ·,G) and v(s, e, ·) are Gateaux differentiable

at s′, e′ and G′, respectively, as we wanted to show.

A.3.4 s, e,G lies in the interior of S

Notice that, in equilibrium, we have s, e,G,n, b > 0. Indeed, n > 0 by full support of the random entry

costs, hence e,G > 0. On the other hand, b > 0 follows from carriers’ random shocks having full support
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and hence for every i there is always a positive measure of carriers relocating towards i, hence s > 0.

We show that, if s, e,G > 0 is such that s, e,G, q,n, b satisfies (9)-(13) for some q,n, b such that

n, b > 0, then s, e,G lies in the interior of S. Take such a triplet s, e,G. First notice that, without loss

of generality, we can take q such that

qijt < mitGijt (45)

Indeed, if qijt = mitGijt for some ijt then, for some small ε, decreasing qijt and nijt+1 by ε and increasing

bijt by ε leaves all the feasibility constraints (9)-(13) satisfied.

We consider in turn perturbations leading to changes in sit, eijt and Gijt. Formally, we denote a

perturbation of s, e,G, q,n, b by

d = (ds,de,dG,dq,dn,db) = (dst,det, dGt,dqt,dnt,dbt)∞t=0

and say that a perturbation is feasible if s′, e′,G′, q′,n′, b′ satisfies (9)-(13), where s′, e′,G′, q′,n′, b′ is

the perturbed allocation defined by

s′it, e
′
it, G

′
ijt, q

′
ijt, n

′
ijt, b

′
ijt =sit + dsit, eit + deit, Gijt + dGijt,

qijt + dqijt, nijt + dnijt, bijt + dbijt

Note that, when all components of d are small enough so that the positivity constraints do not bind, d

is feasible if and only if it satisfies

dsit =
∑
j

djids̃jit =
∑
j

[dqijt + dbijt], deijt = dẽijt + dnijt (46)

and dqijt ≤ mi(sit + dsit, eit + deit)[Gijt + dGijt]

where ds̃ and dẽ are the sequences defined recursively by ds̃0, dẽ0 = 0, ds̃ijt+1 = ds̃ijt(1−dij)+dqijt+dbijt

ijt, and dẽijt+1 = deijt − dqijt, for all ijt.

i) Perturbing Gijt Fix an arbitrary ijt such that j 6= i and t ≥ 0. We show that, for small enough |ε|,

there exists a feasible perturbation d such that all the components of ds and de are zero, and dGijt = ε
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is the only non-zero component of dG. To see this, it is enough to consider perturbations of nijt and

nijt+1, so we let all other components of d be zero. Given this, the constraints in (46) reduce to

eitdGijt = dnijt, dnijt+1 = −dẽijt+1 and qijt ≤ mit[Gijt + dGijt]

where dẽijt+1 = eitdGijt

Hence we can take dGijt = ε, dnijt = εeit, dnijt+1 = −εeit, and |ε| small enough so that |ε|mit <

mitGijt − qijt.

ii) Perturbing eit Fix an arbitrary it such that t ≥ 0. We show that, for small enough |ε|, there exists

a feasible perturbation d such that all the components of ds and dG are zero, and deit = ε is the only

non-zero component of de. To see this, it is enough to consider perturbations of nijt and nijt+1, for all j,

so we let all other components of d be zero. Given this, the constraints in (46) reduce to:

deitGijt = dnijt, dnijt+1 = −dẽijt+1 and qijt ≤ mi(sit, eit + deit)Gijt, for all j

where dẽijt+1 = deitGijt, for all j

Hence we can take deit = ε, dnijt = εGijt ∀j, dnijt+1 = −εGijt, for all j, so that, by continuity of mi and

condition (45), the above constraints are always satisfied for |ε| small enough.

ii) Perturbing sit Fix t ≥ 1. We show that, for all i, for small enough |ε|, there exists a feasible

perturbation d such that all the components of de and dG are zero, and dsit = ε is the only non-zero

component of ds.

Pick an arbitrary pair ij with j 6= i. We first show that, for small enough |εij |, there exists a feasible

perturbation dij such that all the components of dije and dijG are zero, and dijsit,dijsjt are the only

non-zero component of dijs, with

dijsit = εij and dijsjt = εij
dij(1− dji)
dji(1− dij)

(47)

To see this, it is enough to consider perturbations of biit−1, bijt−1, bjjt−1, bjit−1, bijt, bjit, so we let all
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other components of dij be equal to zero. Given this, the constraints in (46) reduce to

dijbiit−1 + dijbijt−1 = 0, dijbjjt−1 + dijbjit−1 = 0

dijsit = dij s̃iit + djidij s̃jit = dijbijt = −dij s̃ijt(1− dij)

dijsjt = dij s̃jjt + dijdij s̃ijt = dijbjit = −dij s̃jit(1− dji)

qikt ≤ mi(sit + dijsit, eit)Gikt and qjit ≤ mj(sjt + dijsjt, ejt)Gjkt ∀k

where dij s̃iit = dijbiit−1, dij s̃ijt = dijbijt−1, dij s̃jjt = dijbjjt−1, dij s̃jit = dijbjit−1

Take dijsit and dijsjt as in (47), define φ, ψ so that εij = φ(1− dij) and φdij = ψdji, and let

dijbiit−1 = φ, dijbijt−1 = −φ, dijbjjt−1 = ψ, dijbjit−1 = −ψ

dijbijt = φ(1− dij), dijbjit = ψ(1− dji)

By continuity of mi and condition (45), the above constraints are always satisfied for |εij | small enough.

Now, pick three arbitrary distinct locations i, j, k. For |ε| small enough, we can choose εij , εjk, εki such

that

εij + εki
dki(1− dik)
dik(1− dki)

= ε, εjk + εij
dij(1− dji)
dji(1− dij)

= 0, εki + εjk
djk(1− dkj)
dkj(1− djk)

= 0

and the sum d = dij + djk + dki of the perturbations defined above is feasible. By construction, we have

de = 0, dG = 0, and the unique non zero component of ds is dsit = ε. This completes the proof.

A.4 Proof of Corollary 1

For concreteness, we consider the case in which the match tax is paid by customers. The proof for the

case in which the tax is paid by carriers is analogous.

Note that, under a sequence of taxes τ = (τ q, τ s, τ e), the agents’ value functions are modified as

follows. First, equations (1), (3), (4), (5) and (17) - the definitions of traveling and unmatched carriers’

value functions, the description of carriers’ optimal policy, and the definition of carriers’ surplus shares -
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are unchanged. The value function of searching carriers are instead now given by

V s
it = −csi − τ sit + λsitΣjGijt∆s

ijt + U sit (48)

so that the search costs now include the per-period search tax.

Second, conditions (7) and (8), describing customers’ match acceptance/rejection policy and optimal

entry decisions are also unchanged, while conditions (18) and (20), describing customers’ match surplus

and search value functions, are replaced by

∆e
ijt = max{wijt − pijt − βV e

ijt+1, 0} − τ
q
ijt

V e
ijt = −ceij − τ eit + λeit∆e

ijt + βV e
ijt+1

so that matching costs for customers now include the match tax, while search costs now include the

per-period search tax.

Moreover, as mentioned in the main text, the social surplus generated by a match now takes into

account the planner’s tax revenues:

∆ijt = ∆s
ijt + ∆e

ijt + τ qijt

Given this, proceeding exactly as in the proof of Theorem 1, we can prove the following.

Lemma 5. If s, e,G, q,n, b,p is an equilibrium under taxes τ , then:

(i) Carriers internalize thick market and congestion if and only if

−τ sit/λsit + ΣjGijt∆s
ijt = ηsitΣjGijt∆ijt, for all it

(ii) Customers internalize thick market and congestion externalities if and only if

−τ eit/λeit + ΣjGijt∆e
ijt = ηeitΣjGijt∆ijt, for all it

14



(iii) Customers internalize composition externalities if and only if

∆ijt −∆e
ijt = ∆ikt −∆e

ikt, for all ijkt

Now recall that, under Nash bargaining, the equilibrium prices must satisfy the additional surplus

sharing conditions ∆s
ijt = γi[∆s

ijt + ∆e
ijt] = γi[∆ijt − τ qijt] and ∆e

ijt = (1 − γi)[∆ijt − τ qijt]. Substituting

this into (i)-(iii) and rearranging, implies that, at an equilibrium under Nash bargaining and taxes τ : (i)

Carriers internalize thick market and congestion externalities if and only if for all it

τ sit/λ
s
it + γiΣjGijtτ

q
ijt = [γi − ηsit]ΣjGijt∆ijt (49)

(ii) Customers internalize thick market and congestion if and only if for all it

τ eit/λ
e
it + (1− γi)ΣjGijtτ

q
ijt = [1− γi − ηeit]ΣjGijt∆ijt (50)

(iii) Customers internalize composition externalities if and only if for all it

(1− γi)[τ qijt − τ
q
ikt] = γi[∆ikt −∆ijt] (51)

The system of equations (49)-(51) fully characterizes the set of efficient taxes τ . Since condition (51) only

pins down the differences between the efficient match-destination taxes, it has one degree of freedom for

every it. Imposing ΣjGijtτ
q
ijt = 0, for all it, it yields the efficient tax system (28)-(30).

B Homogeneity and random search in bulk shipping

B.1 Homogeneity

In this section we present additional descriptive evidence that bulk ships are homogeneous. Table A1

regresses shipping prices on ship and shipowner characteristics and fixed effects and shows that they are

not are significant.

Next, note that the fit of the ballast discrete choice model is very good (see BKP); this suggests that
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log(price per day)
I II III IV

I {orig. = home country} 0.004
(0.019)

I {dest. = home country} −0.012
(0.015)

log (Number Employees) 0.008
(0.007)

log (Operating Revenues) 0.003
(0.005)

Time FE Qtr×Yr Qtr×Yr Qtr×Yr Qtr×Yr
Shipowner FE No Yes No No
Ship characteristics Yes Yes Yes Yes

Region FE Orig. Orig. Orig. Orig.
& Dest. & Dest. & Dest. & Dest.

Observations 7,263 7,263 7,973 7,973
Adj. R2 0.530 0.540 0.537 0.537

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Table A1: Regression of shipping prices on shipowner characteristcs and fixed effects (Table SI in Supplement
to BKP). Shipping prices, ships’ characteristics (age and size), and the identity of the shipowner are obtained
from Clarksons. Information on shipowner characteristics is obtained from ORBIS. In particular, we match the
shipowners in Clarksons to ORBIS; we do so for two reasons: (i) ORBIS allows us to have reliable firm identities, as
shipowners may appear under different names in the contract data; (ii) ORBIS reports additional firm characteristics
(e.g. number of employees, revenue, headquarters). Here we identify the shipowner with the global ultimate owner
(GUO); results are robust to controlling for the identity of the domestic owner (DUO) and the shipowner as reported
in Clarksons. Finally, the data used span the period 2010-2016.

the factors capturing a region’s attractiveness considered in our model can predict behavior, leaving little

room for unobserved persistent ship heterogeneity. Moreover, as mentioned in Footnote 36, ships’ ballast
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Figure A1: Sample broker email, from Plakantonaki (2010)

choices are not dispersed from a given origin (i.e. ships tend to ballast to the same regions).

B.2 Random Search

In this section we further investigate the assumption of random search in the model of Section 2. As

discussed in Section 3.2, we present an extract from Plakantonaki (2010), which is the internal manual

of a large shipping firm, that describes the contracting process. Figure A1 shows an example of an email

that the shipowner’s broker receives in his inbox (again, this is one out of several thousand emails in a

day).55 Plakantonaki (2010) writes: “This order means: Please indicate or offer a vessel to be chartered

for the account of the charterer CORUS to load a full cargo of bulk coal, but minimum 47,500 mt and

maximum 52,500 mt , i.e. 50,000 +/- 5%. The loading port will be in Poland and the discharge port is

Immingham. The laydays for loading will commence on the 23rd of April and the canceling date will be

on the 30th of April. For loading the laytime is 3 days Sundays Holidays Included, allowing up to 24 hours

for delays prior to counting the 3 days allowed. [...] For discharging the time will be calculated on the

basis of 15,000 t discharged per day, usually of 24 consecutive hours, Sundays Holidays Included, allowing

up to 24 hours for delays prior counting of the time, if a berth is not available. The total commission

payable by the owners to the charterer and the competitive brokers will be 3.75% on freight, deadfreight

and demurrage earned. [...]

As soon as the in-house broker receives this information he considers whether he has a ship available,
55We have corroborated in interviews with brokers that this email is indeed representative.
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usually in the vicinity, which can safely arrive at the load port during the requested laycan. In the dry

cargo example above, the ship should arrive in Poland ready to load on or after the 23rd of April and

before the 30th of April.

Assuming for example that the M/V Prince, a Supramax vessel of about 58,000 mt summer deadweight

is expected to complete its discharge in nearby Russian St. Petersburg around the 22nd of April, it can

reach Polish ports on the 23rd of April or the 24th depending on the port.”

Testing for random search We next test whether search in bulk shipping is random (or undi-

rected). We contrast this with the case of directed search (see Moen, 1997), where carriers choose to

search in a specific “market”, i.e. a market for customers heading to a specific destination. First, as dis-

cussed in the main text, under directed search, profitable markets attract more carriers, thereby reducing

their matching probabilities compared to less profitable markets. We can directly test this implication

suggestive of directed search by checking whether in a given origin, i, ships’ waiting time is different across

destinations j. Since we use 15 regions, for a given region there are 14 possible destinations; therefore

there are
(14

2
)

= 91 such equalities to test for every origin i. Using a simple F-test we are only able to

reject the null of no difference for 16% of the equalities.

Second, we directly test the condition that carriers, in equilibrium, are indifferent across searching in

different destinations. Consider the following extension to our setup that allows carriers to choose which

market to search in. The value of a ship in region i searching for exporters heading to j is defined as,

Jsij = −csi + λsij

(
pij + V s

ij

)
+
(
1− λsij

)
U si

where as before, U si = max{βV s
i + σεi,maxi 6=j V s

ij + σεj} and λsij is the destination-specific matching

probability. Hence, the value of searching in location i is given by, V s
i = maxj 6=i{Jsij}. In equilibrium,

carriers are indifferent between searching in different markets, so that, Jsij = Jsik, for all k 6= j. Therefore

it must be the case that,

λsij

(
pij + V s

ij − U si
)
− λsik (pik + V s

ik − U si ) = 0

18



Following the dynamic discrete choice literature, (Arcidiacono and Miller, 2011) we have:56

V s
ij − U si = σ

(
logPbij − γeuler

)

Hence, replacing above, we obtain

λsikpik − λsijpij =
[
λsij

(
logPbij − γeuler

)
− λsik

(
logPbik − γeuler

)]
σ + εijk (52)

We test the directed search model by testing whether the residuals of regression (52) are mean zero as

follows. Set yikj = λsikpik − λsijpij and xijk = λsij

(
logPbij − γeuler

)
− λsik

(
logPbik − γeuler

)
and for every

market estimate regression (52) with the addition of a constant. The test boils down to checking if the

constant is significant.57

Figure A2 presents the results. The dots report the value of the statistic, while the black horizontal

line is the critical value: anything above this line rejects the null that ships direct their search. For the

majority of markets (all but virtually two) we find that indeed directed search is rejected. It is worth

noting that even if in some markets there was directed search, unless all of them have directed search the

efficiency conditions are violated.

C Estimation and computation details

In this section we discuss the estimation of the model and, in particular, the matching function and

computation of exporter valuations, as well as the computational algorithms to compute equilibria.

C.1 Matching function estimation

We briefly outline the approach adopted to estimate the matching function in BKP. The estimation

draws from the literature on nonparametric identification (Matzkin, 2003) and non-separable instrumental

variable techniques (e.g. Imbens and Newey, 2009); see also Brancaccio et al. (2020b) for a guide on the
56This is easy to show, by leveraging the Hotz-Miller inversion, stating that, in the case of logit, log Pbij− log Pbik = V sij−V sik.

From here, one can show that for any chosen action j we can write the value function Usi as Usi = V sij + ψ
(
Pb
)
where ψ is a

known function, in the case of logit given by σ log Pbij − σγeuler.
57We estimate σi separately for each market for further flexibility.
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Figure A2: Test of directed search model. For each market i we test regression (52), the main indifference
condition satisfied in a directed search model, by testing if its residuals are mean zero. We plot the corresponding
t-statistic for each market. The horizontal black line denotes the significance level; anything above the line suggests
that the regression is rejected.
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implementation of this approach in this and other settings.58

To illustrate, assume that s and e are independent. Moreover assume that m(s, e) is continuous and

strictly increasing in e, that it exhibits constant returns to scale (CRS), so that m (as, ae) = am (s, e) for

all a > 0, and that there is a known point {s̄, ē, m̄}, such that m̄ = m (s̄, ē). Suppose we have a sample

{sit,mit}Tt=0 for each market i. The unknowns of interest are the I matching functions mi(·) and the

exporters eit, for all i, t; henceforth, we suppress the i subscript to ease notation. Let Fm|s denote the

distribution of matches conditional on ships, and Fe the distribution of exporters, e. Then at a given

point {st, et,mt} we have:

Fm|s=st (mt|s = st) = Pr (m (s, e) ≤ mt|s = st) = Pr
(
e ≤ m−1 (s,mt) |s = st

)
= Pr

(
e ≤ m−1 (st,mt)

)
= Fe (et)

This equation, along with the CRS assumption, allows us to recover the distribution Fe(e), for all e:

using the known point {s̄, ē, m̄} and letting a = e/ē, for all e,

Fe (aē) = Fm|s=as̄ (m (as̄, aē) |s = as̄) = Fm|s=as̄ (am̄|s = as̄)

We use this and vary a to trace out F̂e(e), relying on a kernel density estimator for the conditional

distribution F̂m|s=as̄ (am̄|s = as̄).59

Since it is unlikely that s and e are independent, we employ an instrument, which consists of the

ocean weather conditions (unpredictable wind at sea) that shift the arrival of ships at a port without

affecting the number of exporters (also employed in the search frictions test, see Section 3.2).60 Table

A2 presents the first stage estimates. Figure A4 reports our estimates for search frictions, along with

confidence intervals constructed from 200 bootstrap samples, and Figure A3 shows the matching function

contour plot and elasticity.
58For an application to labor markets see Lange and Papageorgiou (2020).
59We choose the known point, {s̄, ē, m̄}, to be of the form 1 = m(s̄, 1), so that one exporter is always matched when there

are s̄ ships. We set s̄ iteratively, to be the lowest value such that mt ≤ et, for all t, thus obtaining a conservative bound on
search frictions.

60Assume that an instrument z exists such that s = h (z, η), with z independent of e, η. The approach now has two steps.
In the first step, we recover η using the relationship s = h (z, η). In the second step, we repeat the above conditioning on both
s (as before) and η, Fm|s=st,η (mt|s = st, η) = Fe|η (et|η). We recover the unknowns of interest e and m(·), by integrating
both sides over η.
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F-stat

North America West Coast 21.132
North America East Coast 18.429
Central America 17.877
South America West Coast 18.671
South America East Coast 16.889
West Africa 16.333
Mediterranean 46.072
North Europe 28.651
South Africa 13.153
Middle East 68.037
India 29.521
South East Asia 34.909
China 28.642
Australia 35.977
Japan-Korea 32.794

Table A2: First Stage, Matching Function Estimation. Regressions of the number of ships in each region on the
unpredictable component of weather conditions in the surrounding seas. The table reports the F-statistic. For the
construction of the instrument, see Table 1.
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Figure A3: Matching function estimates. The left panel depicts the contour plot for the estimated matching
function, averaged across markets. The right panel plots the estimated elasticity with respect to exporters, averaged
across markets.
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Figure A4: Search Frictions. Average weekly share of unrealized matches, with confidence intervals from 200
bootstrap samples.
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C.2 Exporter valuations

We construct exporter valuations, wij , from product-level data on export value and quantity by country-

pair, obtained from Comtrade. We select bulk commodities among all possible 4-digit HS product codes.

The list includes cereals (except rice and barley); oil seeds (which consists of mostly soybeans); cocoa

beans; salt and cement; ores; mineral fuels (except petroleum coke); fertilizers; fuel wood and wood pulp;

metals; cermets and articles thereof.

To compute the average value of a cargo exported from region i to j, we first compute the average

“price” of a ton exported by dividing total export value by total export quantity from i to j. Then, we

multiply this price by the average ship tonnage capacity in our sample.

Finally, although most countries belong to one of our regions (depicted in Figure A5), the USA and

Canada each belong to two regions (according to the coast). We thus need to split the Comtrade data

for the USA and Canada into east and west coast export values. To do so, we employ data on state-

level exports from the US Census, as well as on province-level exports from the Canadian International

Merchandise Trade Database. In particular, we assign every state (province) to either the east or the

west coast and compute, for every product, the share of the total value of trade in that commodity that

is exported by east and west coast states (provinces). Then, we compute the total value and quantity

of trade for the region East Coast of North America (West Coast of North America) by summing over

products the share of the value of east (west) coast trade by the total value of the country’s trade for the

USA and Canada. Implicitly, this approach assumes that export values from these two regions are only

different due to the composition of products, not their prices.

C.3 Algorithm to compute the constrained efficient allocation

Here, we describe the algorithm employed to compute the steady state of our model, with and without

efficient prices/taxes. We approximate the matching function with a Cobb Douglas specification in order

to avoid computing matching rates nonparametrically in every iteration of the algorithm, which would be

computationally intense, as well as in order to smooth the extrapolation.61 In particular, for each region
61Nonetheless, the nonparametric approach has substantial benefits in the model estimation, as it yields better estimates

for the exporters point-wise. Moreover, it provides a “cleaner” test for the thick market and congestion externalities, as we
now allow elasticities in a market to vary over time, whereas the Cobb-Douglas specification imposes that they are constant.
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we impose mit = Ais
1−αi
it eαiit , and select the parameters (Ai, αi) through non-linear least-squares using

the nonparametrically estimated exporters. Recall that τ qij , τ ei , and τ si denote the tax on loaded trips, on

searching exporters, and on searching carriers and that
∑
j τ

q
ijGij ≡ 0.

The algorithm proceeds as follows:

1. Make an initial guess for
{
V e,0
ij , p0

ij , s
0
i , e

0
ij

}
.

2. At each iteration k, inherit
{
V e,k−1
ij , pk−1

ij , sk−1
i , ek−1

ij

}
. LetGk−1

ij , ek−1
i , and qk−1

i denote, respectively,

the associated destination shares, searching exporters, and matches.62 Moreover, let λe,k−1
i and

λs,k−1
i denote the associated matching rates. We update our guess according to the following steps:

(a) First, in an inner loop compute the ship optimal policy and value functions implied by λs,k−1
i ,

pk−1
ij , and Gk−1

ij . In particular, after initializing V s,0
i , repeat the following steps until conver-

gence:

i. At iteration m, compute the value of traveling V s,m
ij from V s,m

ij = −csij+dijβV
s,m−1
j

1−β(1−dij) .

ii. Compute the value U s,mi from:

U s,mi = σ log

exp βV
s,m−1
i

σ
+
∑
j 6=i

exp
V s,m
ij

σ

+ σγeuler

where γeuler is the Euler constant.63

iii. Update V s,m
i from V s,m

i = −csi−τ
s,k−1
i +

(
1− λs,k−1

i

)
U s,mi +λs,k−1

i

∑
j G

k−1
ij

(
V s,m
ij + pk−1

ij

)
iv. Upon convergence, we set V s,k

ij = V s,∞
ij , V s,k

i = V s,∞
i , U s,ki = U s,∞i , and compute the ship

optimal choice probabilities based on Pb,kij = exp
(
V s,kij

σ

)
/

(∑
l 6=i exp

(
V s,k
il
σ

)
+ exp

(
βV s,ki
σ

))
for i 6= j and Pb,kii = exp

(
βV s,ki
σ

)
/

(∑
l 6=i exp

(
V s,k
il
σ

)
+ exp

(
βV s,ki
σ

))
for i = j.

62That is, ek−1
i =

∑
j
ek−1
ij , Gk−1

ij =
ek−1

ij

ek−1
i

, and qk−1
i = m

(
sk−1
i , ek−1

i

)
63This is the closed-form expression for the expectation of the maximum over multiple choices, and is obtained by integrating

Usi over the distribution of ε.
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(b) Update the optimal taxes as follows:

τ q,kij = γi
1− γi

∑
j

Gk−1
ij ∆k

ij −∆k
ij


τ s,ki = λs,k−1

i

(
γi − ηs,k−1

i

)∑
j

Gk−1
ij ∆k

ij

τ e,ki = λe,k−1
i

(
1− γi − ηe,k−1

i

)∑
j

Gk−1
ij ∆k

ij

where ∆k
ij is defined based on the current iteration’s value functions. To update the prices pk

solve the surplus sharing condition,

(1− γi)
(
pkij + V s,k

ij − U
s,k
i

)
= γi

(
wij − pkij − τ

q,k
ij − βV

e,k−1
ij

)

(b’) If the planner is using the efficient prices instead of the optimal taxes/subsidies, then to update

the efficient prices pk use

pkij = ηs,k−1
i

∑
j

Gk−1
ij ∆k

ij + U s,ki − V
s,k
ij

(b”) If instead the algorithm is used to compute the market equilibrium, compute prices under Nash

bargaining using the surplus sharing condition.

(c) Update the exporter value function V e,k based on the prices pkij and matching rates λe,k−1
i

setting βV e,k
ij = −βcei+βλ

e,k−1
i (wij−pkij)

1−βδ
(
1−λe,k−1

i

) .64

(d) Finally, update the number of ships and exporters searching
{
ski , e

k
ij

}
according to

ski =
∑
j

Pb,kij
(
sk−1
j − qk−1

j

)
+
∑

qk−1
ji ,

64Following BKP we assume that unmatched exporters survive with probability δ so that their effective discount factor is
βδ (this is also true in the estimation procedure even though it was omitted there for notational simplicity). We calibrate
δ = 0.99. This makes no difference in our theoretical analysis.
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and

ekij = Ni

exp
(
V e,k
ij − κij

)
1 +

∑
l 6=i exp

(
V e,k
il − κil

)
︸ ︷︷ ︸

new entrants

+δ
(
ek−1
i − qk−1

i

)
︸ ︷︷ ︸

unmatched

3. If
∥∥∥ski − sk−1

i

∥∥∥ < ε,
∥∥∥ekij − ek−1

ij

∥∥∥ < ε,
∥∥∥V e,k

ij − V
e,k−1
ij

∥∥∥ < ε , and
∥∥∥pkij − pk−1

ij

∥∥∥ < ε stop; otherwise go

back to point (a).

C.4 Algorithm to solve the centralizing platform problem and the competitive bench-

mark

Here, we describe the algorithm employed to compute the allocation that maximizes the profits of a

monopolist platform who owns the entire fleet of ships and, therefore, can eliminate search frictions

through centralization. Thus, for each region we impose mit = min{sit, eit}. At the end of the section

we detail how to modify the algorithm to compute the competitive benchmark, where there are no search

frictions and prices are set competitively on each route.

Both in our sample and counterfactual simulations, the number of ships in each region far exceeds

the number of exporters. We thus present the counterfactual under the assumption that sit ≥ eit. Hence

mit = eit (and λeit = 1), and the number of exporters entering every period in route ij, the number of

exporters searching, and the number of loaded trips (matches) on that route must coincide nijt = eijt =

qijt. Moreover, since λeit = 1, searching customers’ value functions are given by V e
ijt = −ceij + wijt − pijt,

hence customers’ optimal entry can be written as nijt = Ni exp[−ceij+wijt−pijt−kij ]/{1+Σk 6=i exp[−ceik+

wikt − pikt − kik]}. Setting qijt = nijt and rearranging terms yields

qijt
Ni −

∑
k 6=i qikt

= exp[−ceij + wijt − pijt − kij ] (53)

Problem description We can think of the platform as solving two subsequent problems. First, the

platform sets the customer prices pijt on every route ij and period t, internalizing the demand curves

given by equation (53). Note that, the demand curves being invertible, this is equivalent to the platform

choosing quantities qijt, for all ijt. That is, to ensure that exactly qijt exporters demand transportation
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on route ij at time t, the platform must set prices equal to

pijt = pij(qt) ≡ −ceij + wijt − κij − log qijt
Ni −

∑
k 6=i qikt

(54)

Second, the platform chooses ships’ movements in order to minimize the transportation costs, while

providing trips as described by q. That is, the platform chooses how many ships sit should be available

in each market i and period t, and ships’ ballast flows bijt, for all ijt so that the feasibility constraints

(9)-(13) are satisfied. Under our previous assumption that the matching constraint is not binding (and

that nijt = eijt = qijt), these constraints reduce to

sit = Σjdjis̃jit (55)

Σjbijt = sit − Σjqijt

where s̃ijt+1 = s̃ijt(1− dij) + qijt + bijt

The discounted sum of the platform’s revenues is given by Σ∞t=0β
tΣijqijtpij(qt). Notice that, by the log-

sum inequality, this is a concave and differentiable function of q. In order to capture the platform’s costs,

we introduce a function C(q, s) that describes the minimum traveling and waiting costs (and maximum

i.i.d. relocation utility shocks) that the platform must pay in order to provide q, s.

Recall that, under our logit specification, we have equation (38), repeated here for convenience, E(b) =∑
ij bijσγ

euler − σΣijbij log bij + σΣijbij log Σkbik, so that,

C(q, s) = min
b≥0

Σ∞t=0β
t{
∑
ij

[qijt + bijt]
csij

1− β(1− dij)
+ Σisitc

s
i (56)

∑
ij

bijtσγ
euler + σ

∑
ij

bijt log bijt − σΣijbijt log Σjbijt } s.t. (55)

With this notation, the platform’s problem of maximizing the difference between revenues and costs can

be written as

max
q,s≥0

Σ∞t=0β
tΣijqijtpij(qt)− C(q, s). (57)
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To compute a profit-maximizing allocation q, s, we exploit the results of Rosaia (2020b), to show the

following:

Lemma 6. The function C(·) is concave and differentiable. Moreover, fix q, s, b satisfying the constraints

in (55), and let the δ,V s,U s be sequences satisfying

V s
ijt = −csij + (1− dij)βV s

ijt+1 + dijβV
s
jt+1, V

s
it = δi − csi + λsit

∑
j

GijV
s
ijt + (1− λsit)U sit

U sit = σ log
∑
j

expV s
ijt + σγeuler and bijt/Σkbikt = exp(V s

ijt/σ)/Σk exp(V s
ikt/σ).

Then
dC(q, s)
dqijt

= βt[U sit − V s
ijt] and

dC(q, s)
dsit

= βt[csi + V s
it − U sit],

and therefore

dprofits
dqijt

=βt
[
dΣk 6=iqikpik(q)

dqij
− U sit − V s

ijt

]
dprofits
dsit

=− βt[csi + V s
it − U sit].

Intuitively, one can think of δit as the average payoff that carriers searching at i would need to receive

to implement the allocation (q, s) in a decentralized fashion. Indeed, V s,U s can be though of as the

carriers’ optimal value functions under these payoffs, and, as the outcome of carriers’ optimal relocation

policy, they yield the ballasting behavior b solving Problem (56). In other words, Lemma 6 states that

the platform’s cost minimization problem can be decentralized by finding carriers’ payoffs δit and letting

them optimize their movements autonomously.

Then, Lemma 6 states that the marginal cost of an additional trip on ij at t coincides with carriers’

opportunity cost of being matched. Similarly, the marginal cost of an additional searching carrier coincides

with the opportunity cost of searching one more period.
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Solution algorithm We solve problem (57) focusing on steady state allocations q, s, b. From the

constraints in (55), in steady state we must have s̃ij = (qij + bij)/dij ; hence q, s, b must satisfy

si = Σj(qji + bji) (58)

Σjbij = si − Σjqij

We therefore say that q, s, b is a profit-maximizing steady state allocation if it satisfies the constraints

in (58), and the constant sequences q, s, b defined by qt, st, bt = q, s, b, for all t, are such that b solves

Problem (56) and q, s solve Problem (57) under the initial condition s̃ij0 = (qij + bij)/dij for all ij.

The algorithm to solve Problem (57) is as follows. We start from a steady state equilibrium allocation

(q, s) and modify the allocation based on the gradient of the steady-state monopolist’s profits in Lemma

6.

With that in mind, the algorithm proceeds as follows:

1. Make an initial guess
{
q0, s0}

2. At each iteration k, start with an allocation
{
qk, sk

}
. Let Gkij = qkij/q

k
i denote the associated

destination shares and λs,ki = qki /s
k
i denote the associated ship matching rates. We update our

guess according to the following steps:

3. In an inner loop, we find the average payoff δ and ballast probabilities Pb,kij that implement
{
qk, sk

}
.

Rosaia (2020a) guarantees that the algorithm converges.

(a) Start with a guess δ0

(b) At step m, given δm, λs,k, Gk , compute the ship values
(
U s,mi , V s,m

i , V s,m
ij

)
that solve the fixed

point

U s,mi = σ log
∑
j

exp
(
V s,m
ij

)
+ σγeuler

V s,m
i = δmi − csi + λs,ki

∑
j

GkijV
s,m
ij +

(
1− λs,ki

)
U s,mi

V s,m
ij = −csij + (1− dij)βV s,m

ij + dijβV
s,m
j

30



as well as the associated ballast probabilities Pb,mij

Pb,mij =
exp

(
V s,m
ij /σ

)
∑
j 6=i exp

(
V s,m
ij /σ

)
+ exp (βV s,m

i /σ)

(c) Given Pb,mij , compute the corresponding steady state distribution of searching ships sm

(d) If
∥∥∥sm − sk∥∥∥ < ε set U s,ki = U s,mi , V s,k

ij = V s,m
ij , and V s,k

ij = V s,m
ij . Otherwise update the price

based on δm+1 = δm + α
(
sk − sm

)
for some small constant α and go back to (a).

4. Compute the gradient of the monopolist’s objective function as

dprofitsk

dqij
= pij(qki ; ski ) +

∑
h

qkih
∂pih(qki ; ski )

∂qij
− V s,k

ij − U
k
i ,

dprofitsk

dsi
= −csij − V

s,k
i + Uki .

5. For some small constant ψ, update

qk+1
ij = qkij + ψ

∂profitsk

∂qij

sk+1
i = ski + ψ

∂profitsk

∂si
.

6. Keep iterating until ∇profitsk ∼ 0.

Competitive benchmark The algorithm above can be easily modified to compute the equilibrium

allocation under no search frictions where prices are set competitively on each route (that is, the frictionless

benchmark, or first-best). In particular, we simulate the behavior of a “benevolent platform”. Such a

platform directly pays ship traveling and waiting costs and can choose their movements. However, as

opposed to the monopolist, the benevolent platform maximizes welfare rather than profits. Denoting by

C(q, s) the minimum cost of implementing allocation (q, s), the objective function for the benevolent

platform is

υ(q, s) = Σ∞t=0β
tΣijqijtwij − C(q, s)
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The algorithm above can be easily adapted using

dυ(q, s)
dqijt

=βt
[
wijt − U sit − V s

ijt

]
dυ(q, s)
dsit

=− βt[csi + V s
it − U sit].

D Additional figures and tables
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Figure A5: Definition of regions. Each color depicts one of the 15 geographical regions.
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Figure A6: The plot correlates the wait cost estimates for ships and exporters with the World Bank index of port
quality.
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Figure A7: Transition dynamics from the observed equilibrium to the constrained efficient outcome. The left
panel depicts welfare change and the right panel depicts average price change.
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I II III
log(price per day)

Probability of ballast 0.234∗∗ 0.556∗∗
(0.030) (0.081)

Avg duration of ballast trip (log) 0.166∗∗ 0.065∗∗
(0.014) (0.032)

Coal 0.088∗∗
(0.045)

Fertilizer 0.245∗∗
(0.051)

Grain 0.131∗∗
(0.048)

Ore 0.124∗∗
(0.045)

Steel 0.135∗∗
(0.049)

Constant 10.284∗∗ 9.127∗∗ 8.915∗∗
(0.103) (0.099) (0.408)

Destination FE Yes No No
Origin FE Yes Yes Yes
Ship type FE Yes Yes Yes
Quarter FE Yes Yes Yes

Obs 11,014 11,011 1,662
Adjusted R2 0.694 0.674 0.664

**p < 0.05,*p < 0.1

Table A3: Shipping price regressions (Table II in BKP). The dependent variable is the logged price per day
in USD. The independent variables include combinations of: the average frequency of ballast traveling after the
contract’s destination (Probability of ballast), the average logged duration (in days) of the ballast trip after the
contract’s destination, as well as ship type, origin, destination and quarter FEs. The product is reported in only
20% of the sample, so the regression in column III has substantially fewer observations. The omitted product
category is cement.
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Exporter wait costs Ship bargaining coefficient Average exporter value
cei γi w̄i

North America West Coast 93.94 0.397 13,738
(10.72) (0.018)

North America East Coast 93.94 0.601 12,192
(10.72) (0.012)

Central America 363.85 0.308 14,350
(69.28) (0.038)

South America West Coast 363.85 0.244 20,096
(69.28) (0.017)

South America East Coast 363.85 0.358 6,971
(69.28) (0.042)

West Africa 342.71 0.340 4,547
(512.74) (0.078)

Mediterranean 25.95 0.449 10,508
(8.60) (0.014)

North Europe 25.95 0.516 14,577
(8.60) (0.014)

South Africa 342.71 0.323 6,224
(512.74) (0.075)

Middle East 21.95 0.655 7,160
(9.04) (0.026)

India 21.95 0.629 6,305
(9.04) (0.022)

South East Asia 144.72 0.288 4,918
(44.00) (0.036)

China 380.87 0.203 8,231
(77.86) (0.028)

Australia 144.72 0.444 12,475
(44.00) (0.037)

Japan-Korea 380.87 0.265 2,977
(77.86) (0.038)

Table A4: Average exporter valuation (over destinations), wait costs and bargaining coefficients estimates. All
the estimates are in 1,000 USD. To gain power, we restrict exporter wait costs to be constant within a continent.
Standard errors computed from 200 bootstrap samples.
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