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Abstract

Maritime transportation is essential for global supply chains, but ballasting—vessels traveling
without cargo—imposes significant economic and environmental costs. This paper focuses on
the oil transportation industry, where about half of the total traveled miles are sailed empty, and
illustrates that market fragmentation is the most important cause to ballasting after demand
imbalances, accounting for 17-20% of the total. We find that it is possible to reduce carbon
emissions associated with ballasting by as much as 15% by consolidating the market into small
shipping pools (sets of vessels controlled by a single operator), which avoids concerns about
excessive market power. Consolidation improves utilization because larger pools coordinate their
vessels more efficiently and diversify the set of ports they serve, shortening vessels’ relocations.
At a broader level, this work shows the extent of the sustainability gains that can be obtained

solely by organizing more efficiently the resources available in today’s supply chains.
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1 Introduction

Maritime transportation is critical for the global economy and supply chains, with about 90% of
the trade of raw materials and finished products occurring by sea: 11 billion tons of goods were
shipped in 2021, with volumes projected to triple by 2050.! Despite the steady increase in demand,
empty miles are endemic in maritime transportation, a phenomenon also known as ballasting; it is
estimated that between 40% and 50% of all miles traveled by ships are empty.? Empty miles pose

a significant economic and environmental cost especially for the dry bulk and oil transportation
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markets, because their specialized vessels are restricted to carry single cargoes from a one origin to
a single destination, thus taking away the versatility that other shipping markets feaure.?

Ballasting has attracted considerable attention from both scholars and industry practitioners,
mainly to study the role of and remedies to imbalanced demand patterns: if some locations have
outflows larger than inflows, the system requires ballasting to be balanced. However, transporta-
tion markets usually feature many independent entities that control their transportation assets to
provide their services. The interaction between these entities is potentially as important as demand
patterns in shaping equilibrium flows, but it has not been as studied. In particular, the degree of
market fragmentation affects individual incentives about strategic decisions such as the selection of
routes and destinations to serve, which, in turn, affect the overall efficiency of the transportation
market. The goal of this paper is to complement existing literature on transportation by focusing
on the role of market fragmentation and its contribution to ballasting.

To study the role of market fragmentation, we adopt an applied perspective and partnered with
a leading oil tanker operator and market analytics provider. We concentrate on the oil shipping
market and ascertain that fragmentation is responsible for a considerable share of ballasting, on
top of a “baseline” amount, to be attributed to trade imbalances. At the same time, our analysis
shows that partial consolidation of the market can lead to a substantial reduction in ballasting, and
therefore mitigate the economic and environmental impact associated with empty miles without
excessively increasing the market power of market participants. Because our dataset provides
details about the fleets managed by each shipowner, we further study the mechanisms whereby
fragmentation exacerbates the challenges posed by structural imbalances. We observe a tendency
among smaller shipowners to use their vessels on select routes, where they have previously found
loads to serve. Conversely, larger operators exhibit a more flexible approach, diversifying their
port destinations and allocating vessels accordingly. Thus, this work is among the first to (i)
quantify the impact of fragmentation on ballasting, and (ii) identify the mechanisms through which
fragmentation impairs industry efficiency.

We exploit a rich proprietary dataset containing the voyages of approximately six thousand oil
tankers from 2018 to 2022. The data allows us to sketch a complete picture of demand, supply,
and market structure, because they include information about the Commercial Operator of vessels,
i.e., the entity that controls and determines the loads of each tanker. From the data we observe
stark imbalances in trade flows: for example, oil imports to ports in China and Taiwan are three
times larger than oil exports. This pronounced trade imbalance is depicted in the map of Figure 3.

Consistent with anecdotal evidence and previous studies, we find that the vessels were empty for

3In contrast to bulk ships and oil tankers, container ships can be filled with different products, at different
capacities, and can make intermediate stops.



42% of the total miles traveled. Moreover, from our data about commercial operators we conclude
that fragmentation is extreme: no company controls more than 5% of the market capacity, with a
very long tail of companies managing less than 1% of the world’s tankers. The left panel of Figure 4
shows a histogram of the size of the commercial operators in the market.

We study the effect of market fragmentation on ballasting using applied and empirical methods.
From an applied standpoint, we formulate and solve a set of integer and stochastic dynamic pro-
grams under different market structures and informational assumptions, and we use the solutions to
estimate the share of ballasting associated to imbalanced demand, uncertainty about future loads,
and market fragmentation. Intuitively, we find that trade imbalances explain the largest share of
ballasting, followed by fragmentation, whose impact is twice as large as that of uncertainty. Finally,
we show that even a slightly more concentrated market is substantially more efficient: consolidating
oil tankers into shipping pools of 40 vessels each (equivalent to 5% of the global fleet) leads to a
15% reduction in costs and carbon emissions associated with empty miles.

From an empirical perspective, we analyze the strategies of existing operators to understand the
mechanisms that underpin the positive effect of consolidation. We concentrate on shipping pools,
a trend that has gained momentum in the oil shipping industry: with shipping pools multiple
shipowners pool their vessels under a unique manager, who centralizes commercial operations. Our
reduced-form specifications confirm that larger shipping pools enjoy higher utilization rates (lower
fraction of empty miles) and explain that the efficiency gains of consolidation come mainly through
two channels. First, we observe a coordination effect, such that vessels managed by the same entity
can serve the same locations at a lower cost. Second, we find that increasing the pool size affects
the incentives of the manager: larger pools serve a more complex network of locations, which in
turn allows them to run more integrated operations, while smaller pools tend to concentrate on
fewer routes. Moreover, while smaller pools are more likely to use the same vessels for the same

routes, larger pools coordinate their tankers more efficiently and move them across the network.

1.1 Related Literature

Our work is related to a resurgent interest in analyzing and optimizing transportation systems
sparked by the emergence of ride-sharing platforms. This rich line of work has concentrated on
the design of pricing and relocation policies in response to long- and short-term demand patterns,
and it has focused on a single decision maker that controls prices and/or relocations for the entire
market. In the context of optimizing pricing decisions, Cachon, Daniels, and Lobel (2017) and
Castillo, Knoepfle, and Weyl (2017) argue, theoretically and empirically, that surge pricing plays a
role in rebalancing supply to respond to spikes in demand. Differently, Bimpikis, Candogan, and

Saban (2019) focuses on the long-term demand imbalances to derive optimal pricing policies that



encourage repositioning of drivers in the network.

In addition to pricing mechanisms, relocation (or repositioning) policies are another important
lever to balance transportation systems, and many papers have investigated this direction: Braver-
man, Dai, Liu, and Ying (2019), Ozkan and Ward (2020), and Banerjee, Freund, and Lykouris
(2022) consider a central decision maker that can dispatch supply to different locations to better
serve demand and derive static policies based on stochastic approximations, while Ata, Barjesteh,
and Kumar (2020) and Banerjee, Kanoria, and Qian (2021) are the first to study theoretically and
numerically state-dependent policies. Our work complements these lines of research, as we study
a market with many independent decision makers and we focus on the relationship between mar-
ket structure and ballasting. While we consider optimization problems with a central planner, we
use their optimal values to estimate the impact of market fragmentation rather than to prescribe
policies to be implemented in the real world.

Less attention has been devoted to studying the inefficiencies introduced by factors other than
demand imbalances. Some recent works has taken the perspective of individual shipowners: for ex-
ample, Prochazka, Adland, and Wallace (2019) and Adland and Prochazka (2021) use an approach
similar to our model in Section 3 to estimate the value of foresight and contractual flexibility in
the context of dry-bulk shipping. The key difference between our work and those papers is that
they take the perspective of a single operator, and base their analysis on simulated data (calibrated
on aggregate market data) instead of actual commercial decisions. On the other hand, Séjourné,
Samaranayake, and Banerjee (2018) is among the first to adopt a market-wide view and study
theoretically the inefficiencies generated by market fragmentation: they argue that fragmentation
is detrimental because small fleets struggle at efficiently repositioning their assets in the network
when demand is randomly split. We depart from their analysis along several dimensions: our data-
driven approach allows us not only to quantify the inefficiencies caused by fragmentation, but also
to identify as a new driver of ballasting the heterogeneity of networks served by large and small
operators. Moreover, we study how increasing concentration affects efficiency, while Séjourné et al.
(2018) take the level of fragmentation as given.

A growing emphasis on decentralized transportation markets comes from the Industrial Orga-
nization literature in Economics. For example, Frechette, Lizzeri, and Salz (2019) and Buchholz
(2022) study the taxi market and show how different barriers to entry shape the market structure
and welfare outcomes, while Harris and Nguyen (2022) analyzes how long-term relationships be-
tween truckers and brokers affect load assignments in the trucking industry. Particularly relevant
for our setting are Brancaccio, Kalouptsidi, and Papageorgiou (2020) and Brancaccio, Kalouptsidi,
Papageorgiou, and Rosaia (2023), who exploit voyage-level data in the dry-bulk industry to study

the impact of search frictions on market efficiency. While they analyze a market similar to ours,



their methods and focus are quite different: in a structural estimation set-up, their primary focus is
to study how imperfect matching leads to inefficient equilibrium pricing, which in turn incentivizes
inefficient relocation decisions. We complement this strand of literature by examining how different
market structures influence resource relocation decisions, regardless of price formation mechanisms.
In particular, since empty miles arise also under efficient pricing, market fragmentation has gener-
ally been overlooked by this literature: we innovate on this aspect by showing that fragmentation
has a first-order effect and we provide a first measurement of its relative importance. Finally, in a
market fragmentation set-up, we deal with the technical difficulty of studying decision makers that
control multiple vessels and have pricing power, which departs from a common assumption used in
the literature that each vessel represents an independent, non-atomic player.

At a higher level, our focus on shipping pools as a way to consolidate the market and achieve
the benefits of centralization without its negative effects connects with the extensive literature on
resource pooling in Operations Management. This idea has been formulated in different settings,
ranging from inventory management (Eppen (1979), Benjaafar, Cooper, and Kim (2005), Corbett
and Rajaram (2006), Bimpikis and Markakis (2016), Aflaki and Swinney (2021)), to manufactur-
ing flexibility (Jordan and Graves (1995), Netessine, Dobson, and Shumsky (2002), Van Mieghem
(2003), Simchi-Levi and Wei (2012), Moreno and Terwiesch (2015)) and stochastic processing net-
works (Bassamboo, Randhawa, and Mieghem (2012), Tsitsiklis and Xu (2013)). We innovate on
this literature along several lines. First, we identify a new channel whereby pooling improves per-
formance: not only it allows greater flexibility and coordination, but it also changes the incentives
of participating decision makers, that start allocating their resources differently. Moreover, this is
among the first papers to measure in a real-world system the extent to which pooling can bene-
fit efficiency, does so at a market-wide level (as opposed to studying single decision-makers), and
identifies what is the minimal amount of pooling that captures most of the gains from centralization.

Finally, our work also contributes to the growing literature concerned with improving the sus-
tainability of firms’ operations: see Lee and Tang (2018) for a comprehensive review on the sub-
ject. While indispensable to global trade, maritime shipping is also harmful to the environment in
a variety of ways:* we show that simple steps can substantially improve both the economic and
environmental outcomes associated with this industry. This is particularly relevant in the context
of ongoing discussions on new regulations about emissions associated with shipping, whose effec-

tiveness can prove more elusive than expected as Hansen-Lewis and Marcus (2022) demonstrates.

4See Walker, Adebambo, Feijoo, Elhaimer, Hossain, Edwards, Morrison, Romo, Sharma, Taylor et al. (2019) for
a comprehensive examination of the effects of maritime activity on the oceans.



2 Oil Shipping: Context and Data

Shipping activity can be broadly divided into three categories: raw materials (dry bulk, oil, and
other liquid products), collectively constituting 85% of the global volume; containerized cargo, at
approximately 11% of total volume; and other specialized categories, such as chemicals, for the

> The oil transportation sector alone accounts for 30% of the seaborne trade

residual portion.
volume, making it one of the most relevant markets in maritime transportation. While there exist
extensive land infrastructures to move crude oil from extraction sites to refineries, it is estimated
that 61% of the daily production volume of 90 million barrels of oil relies on maritime transport.%”
A fleet of about 8,800 ocean-going oil tankers operates in this industry, divided into six (basically)
independent segments based on the ships’ displacement (i.e., cargo capacity), called vessel classes
(see Table 5). The smallest vessels have a capacity of about 300,000 barrels of oil, while the largest
can accommodate nearly ten times that volume. Ships within each class are relatively homogeneous
in size, so that they can access the same ports and use the same canals.

While major oil producers and refiners maintain modest fleets of tankers, most players in this
industry rely on a network of small shipowners, who make their tanker vessels available for leasing.
Hiring of oil tankers occurs through a variety of contract types, characterized by two dimensions:
the length of time for which a vessel is hired, and the financial obligations of the parties. Vessels
may be chartered for individual journeys between a load port and a discharge port, or for longer
periods of time (e.g., a year). In return, the hiring party pays a daily rate to the owner for the
duration of the contract. Vessels are predominantly engaged on a per-voyage basis, on what is often
referred to as a spot market. In fact, even vessels hired for longer periods of times are often let to
other exporters to take advantage of rate fluctuations, so that virtually all loads are transported
with spot contracts.

The spot market hinges on a network of intermediaries (brokers), who facilitate transactions
between oil companies (exporters) and carriers. A typical transaction within this system unfolds
through several distinct phases. Initially, an exporter needing transportation services contacts
a broker and provides information regarding the cargo, including type, loading and unloading
locations, and the desired departure schedule. In turn, the broker presents the cargo requirements
to a selection of vessel operators. Only a subset of these will have tankers available to service the
load, and the final choice of the vessel is determined through a negotiation process that includes

bargaining on the charter rate. The contract agreed upon (known as the fizture) includes the

Shttps://unctad.org/system/files/official-document/rmt2022_en.pdf

Shttps://www.bp.com/content/dam/bp/business-sites/en/global/corporate/pdfs/energy-economics/sta
tistical-review/bp-stats-review-2022-full-report.pdf
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precise load location and day, and the daily rate. Importantly, the daily rate is paid only for the
duration of the voyage from the loading port to the final destination. Given the unpredictability
of sea voyages, fixing of contracts is initiated shortly before the intended load time, so that only
vessels close of the load area can be considered available to service the cargo. Thus, shipowners
must make strategic decisions regarding the optimal positioning of their vessels to secure profitable
contracts.

Consider a ship operator’s perspective right after discharge: it is unlikely that the vessel has
already been contracted for a new load.® The operator must decide whether to wait for new offers
in the same port (or neighboring anchorages), or to relocate somewhere else. It is during this phase
that the shipowner typically receives proposals from brokers for new cargoes whose load area is a
few days away from the current position of the vessel. If the offer is fixed, a new voyage begins,
which ends at the time the new discharge port is reached. Thus, each voyage can be divided into
an initial ballast leg, where the tanker is empty, and a final laden leg, where the tanker is full.

The market dynamics described above naturally lead to empty miles, a feature common to vir-
tually all transportation markets. Empty miles substantially impact operating costs of oil shipping
companies, and also impose a significant burden to the environment. Because of the economic and
environmental costs associated with ballasting, understanding its causes and exploring potential

remedies are subjects of primary importance to the industry.

2.1 Description of data

We partnered with a shipping and analytics company, who provided us with a list of 234,795 voyages
completed from January 1st, 2018 to March 26th, 2022 by 5,886 vessels; Table 5 offers a breakdown
by vessel class. For each voyage we have the identifier of the vessel, as well as its load and discharge
ports with the respective arrival and departure dates; we are also provided with a starting port,
that corresponds to the discharge location of the previously finished voyage. The ballast leg of the
voyage is the trip from the starting port to the load port, and the laden leg goes from the load
port to the discharge port. Thus, we know exactly how long each leg was for each voyage, and how
much time each ship spent docked at a port, ballasting, or traveling with a load.

Geographical information is aggregated at various levels, from port level (the finest partition)
to wide areas (the coarsest). We carry out our analyses at different levels, since the most appro-
priate depends on the specific application. By and large, we employ port level, narrow area, and
intermediate area information: narrow areas partition the world into 51 regions, while intermediate

areas into 28. A list of the intermediate areas can be found in Table 7.

8Exporters are reluctant to charter a tanker that has not yet discharged its previous cargo, because of potential
delays associated with port congestion, discharging, and refurbishing of vessels.



In addition to geographical data, we have information about fuel consumption, pollutants emis-
sions, speed, and the name of the Commercial Operator that managed the vessel for that voyage.
The commercial operator is the agent that was in charge of the vessel’s choice of which loads to
fulfill as well as whether and where to ballast. The commercial operator may not correspond to
the actual shipowner, since vessels with different owners may be part of the same shipping pools,
operated by a single entity.” We do not have access to the contracted rates; we discuss how this
limits our analysis in Section 3.4.

Some features of this market reassure that potential demand should not be significantly different
from realized loads: first, there is no outside option to sea transport once oil has arrived to the
tankers terminal;'?; second, since contracts are agreed upon at a short notice, oil exporters likely
have their load ready for departure at the time they contract with brokers; third, significantly
delaying the time of transportation is not economically viable, given the high cost of holding oil in
the terminal. Given all this, the likelihood that exporters contact brokers for transportation and
then decide to forgo the arranged contract is low, which implies that realized voyages are a good
proxy for total demand.

To ensure consistency between the analysis in Section 3 and Section 4, we do not consider
voyages shorter than 5 days (1.8% of observations) and for which we do not have information about
the commercial operator (15% of voyages). Finally, we restrict the analysis to only those vessels
for which we have a complete history, i.e., whose position can be accounted for from the first time
they are assigned a load to the last time they discharge. Notice that this does not rule out vessels
that undergo maintenance or become unavailable for other reasons, which we explicitly consider in
Section 3, as long as we can make sure that we did not miss any loads they transported. This leaves

4,599 tankers and 146,745 voyages, approximately 63% of the full dataset. We now summarize some

of the outstanding features of the oil shipping market from our dataset.

Trade imbalances Oil reserves are unevenly distributed in the world, which leads to substantial
imbalances in the oil transportation patterns and, thus, are the main cause of ballasting. These
imbalances are reflected in our dataset, as shown in Table 7 and Figure 3. For instance, the “China /
Taiwan” region witnessed a threefold surplus of cargo arrivals over departures. Conversely, in other
regions, there was a nearly five-fold surplus of cargo departures relative to arrivals. Given these

patterns, it is unlikely for vessels to find a load to transport in the same location they discharge at.

9The same ships may, and in fact do, operate under different pools throughout the time span of our dataset.
0Contrast this with a passenger looking for a rideshare: if quoted prices are too high they might get a taxi or
use public transportation instead.



Ballasting Ballasting is a common feature in the voyages we observe: about 95% of voyages
begin in a port different from the one where the vessel had just discharged, and in 55% of the cases
the tanker is required to change geographical area to reach the new load port. On average, 40%
of the length of each voyage consists of the ballast leg, with minor differences across vessel classes.
This translates to an annual consumption of approximately 10 million tons of fuel in ballasting,
equivalent to 32 million tons of CO2 emissions (the emissions generated by 7 million passenger cars
in a year) at an estimated cost of 7.2 billion USD (September 2023 prices). Table 6 summarizes
this information. Ballasting usually occurs because vessel operators realize that the likelihood
of finding new loads in their current location may be so low that it justifies paying the cost of

relocating somewhere else.

Market fragmentation and pools Our dataset is noteworthy because we have access to infor-
mation about the commercial operators of the tankers. We can trace a detailed picture of market
concentration, its evolution over time, and of how the number of vessels under management corre-
lates with the decisions of commercial operators. The control structure is extremely fragmented:
as evidenced in the left panel of Figure 4, a substantial number of operators have fleet sizes ranging
from 1 to 3 vessels; in contrast, very few control more than 10 vessels. The fleet size of the largest
commercial operators exhibits notable variation across time, as shown in Figure 5, while smaller
operators tend to have a more stable fleet. This difference can be attributed to the fact that large
commercial operators manage vessels via shipping pools, i.e., they add to their own fleet vessels
owned by others (usually, small shipowners themselves). A shipping pool is formed when a number
of shipowners decide to “merge” their fleets under a unique manager. The pool manager assumes
responsibility for all vessels and maximizes the collective pool income, while the respective owners
remain entitled to a share of the earnings the pool generates.!!

Commercial operators can use shipping pools as a more flexible tool for expanding their fleets

12" Pools have become increasingly popular thanks

compared to formal mergers or acquisitions.
to the advancement in computational capabilities that allowed real-time optimization. Despite
their advantages, shipping pools’ market share remains low: Table 8 shows that for the Aframax
vessel class the largest operator controls less than 4% of the total number of vessels, with the top
20 operators collectively controlling less than 40% of the asset share.!? Similar patterns prevail
across other vessel classes, with a marginal uptick in concentration for larger tankers. Importantly,

shipping pools exhibit substantial heterogeneity not only in terms of size, but also in the level of

HTn fact, optimally splitting a pool’s income is itself an active area of research, see, e.g., Haralambides (1996).

12v/essels can ask to join a pool or withdraw at any time, although either process may take between one and six
months before being finalized.

30ne can compare this with the market structure in the market for container shipping, which is much more
concentrated: in that case the four largest companies control 60% of capacity.



efficiency they achieve: the right panel of Figure 4 illustrates the distribution of quarterly utilization
rates (i.e., the ratio of laden miles to total traveled miles). This could be attributed to many factors,

and in this paper we concentrate on its relationship with pool size.

3 Determinants of ballasting

While ballasting is a well-known phenomenon within the transportation sector, its causes remain
somewhat underexplored, and their relative significance is unknown. In the case of oil tankers, we
have previously acknowledged the substantial role played by trade imbalances, but to what extent
can we ascribe observed ballasting solely to disparities in demand? Answering this question is the
necessary first step to understand whether the market is operating close to efficiency or if instead
there exists untapped potential for improvement from other sources of inefficiency.

We classify the sources of ballasting inefficiencies in three categories: (i) trade imbalances; (ii)

uncertainty, i.e., that time and locations of future loads are unknown;'4; (iii) market fragmentation

15 This form of informational asymmetry can be

and, as a result, also of the flow of information.
due to multiple features of the market, but anectdotal evidence suggests that there appears to be
a relationship between the size of commercial operators and the quality of the information they
receive about the market conditions.'®

We first set to identify the share of empty miles that can be attributed to trade imbalances: it
is a baseline level of ballasting intrinsic to oil trade patterns that cannot be avoided. Our strategy
is based on the following intuition: if we can address the other two factors influencing ballasting,
the intrinsic baseline ballasting can be characterized as the volume of empty miles incurred when
we optimize in hindsight the assignment of all observed loads to tankers, with the objective of
minimizing the ballasting cost. Optimizing in hindsight addresses any uncertainty, and assuming
that all vessels are managed by a central operator guarantees no fragmentation in control and
information. Using a similar analogy, we assess what would happen if many planners with perfect
information (one for each shipping pool) were to make the tanker-load assignments. This allows us

to obtain an estimate of the weight of market fragmentation and uncertainty as well.

Assumptions To perform these analyses, we use data from all four years of voyages to estimate

costs and travel times between geographical areas, but we optimize only over the two years before the

MTherefore tankers may decide to ballast away from a port when in fact a load would have been offered shortly
after.

15In fact, not all vessels in a given geographical area are always aware of all loads departing from there. This is
because loads are not “advertised” on open platform, but orchestrated by brokers, who in turn work based on their
relationships with individual managers.

16gize is a good proxy for complexity of the decision making structure and for the bargaining power of managers
with brokers, both of which influence the ability to collect and process information.
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outbreak of the COVID-19 pandemic for consistency with the uncertainty-aware method employed
in Appendix A. We discretize time into five-day periods, so that e.g., voyages departing from
January 1st, 2018 to January 5th, 2018 are imputed to period ¢ = 0, use intermediate geographical
areas described in Table 7; we impose that, if vessels reach a location at time ¢, they are also able
to load cargoes at time t.!” Finally, we assume that (i) the laden leg of each voyage has the same
duration irrespective of the ship assigned to it; (ii) loads are fungible within vessel class, so that each
can be transported by any available vessel of the same class, but not across. The first assumption
is justified by data and industry practice whereby all vessels sail at about the same speed.'® The
second is less realistic because other idiosyncratic factors may also influence the choice of a vessel
(e.g., energy certifications, nationality of operator); however, our data do not include additional

information to impose further constraints.

3.1 Trade imbalances

Demand for oil transportation is influenced by many political, macro-economic, and other market
factors. Hence, instead of fitting a necessarily imperfect model to observed demand, we accept
demand as an exogenous input and force the transportation assets to deliver such demand. The
share of ballasting exclusively attributable to demand imbalances can then be estimated as the
ballasting cost that would obtain if transportation was organized by a benevolent and clairvoyant
dictator that satisfies all demand, i.e., if it was perfectly efficient, relative to the observed total
cost of empty travels. As we mentioned, the different vessel classes define virtually independent
markets, and therefore we optimize separately within each class.

Formally, we cast each problem as an integer linear program whose objective is to minimize the
total ballasting cost, defined in terms of CO9 emissions. Since we impose the constraint that all
observed voyages be transported, minimizing ballasting costs is equivalent to finding the minimum
cost assignment that satisfies all demand. We choose CO42 emissions as metric instead of travelled
distance since emissions better capture important cost-generating events such as fuel consumption
when waiting to cross a canal. We denote with C’;j , the average CO2 emissions for a ship in vessel
class v of a trip between locations [ and o belonging to the set of locations .Z in the transportation
network; let T' be the number of 5-day periods from January 1st, 2018 to January 1st, 2020.

We introduce two types of decision variables: X, 4; accounting for the number of vessels that
start their voyage at time t € {0,...,T} and location | € .Z to serve a load picked up at origin
o € £ and dropped at destination d € .Z; and Y;; denoting the number of vessels in [ € .Z that

remain unassigned in [ at time t.

"This is equivalent to imposing that load and discharge times are less than five days. Figures 6 and 7 reassure
that this is the case for most voyages.
18Research in maritime engineering set the most economical speed for tankers; e.g., Psaraftis and Kontovas (2013).
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H Parameter Explanation H
D Number of loads from area o to area d that depart in period ¢ as observed in
ot the dataset.
Indicator taking value 1 when a vessel departing location [ at time 7 reaches
Xi,r 0.t location o at ¢ (clearly x; o0+ = 0if 7 > t). It is obtained by estimating the
average ballast time between the two areas.
Number of vessels that become available in location [ at time ¢, either for the
Iy first time (i.e., the first they are observed in the data) or after a prolonged
stop (i.e., longer that the 90% percentile of the distribution of port stops).
0 Number of ships that cease to be available when in location [ at time ¢,
Lt either because they exit the dataset or because of a prolonged pause.
Agy Number of vessels that conclude a voyage in area d at time ¢.
" Average CO3 emissions in tons of a ballast travel between areas [ and o
Lo undertaken by a ship belonging to vessel class v.

Table 1: List of parameters estimated from the data and used in the optimization problems of
Sections 3.1 and 3.2

Finally, the formulation uses the following parameters obtained from the data: D, 4, represents

the number of loads departing from location o towards location d at time ¢; A;; represents the

number of vessels that discharge at location [ at time t;19Il7t represents the number of vessels that

first enter the data in location [ at time ¢, and O;; represents those vessels that leave the dataset

after discharging in location I at time ¢; finally, x; ;. indicates whether a vessel leaving location

[ at time 7 arrives in location o by time ¢; as such, it encodes the average duration of a ballasting

leg between the two locations. Further details about these parameters are in Table 1.

Using these parameters and variables, we formally state the integer program as:

min

s.t.

z : CZ?OXlzovdvt
lo,d,t

Z Xl,o,d,TXl,T,o,t = D07d7t, \V/(O, d, t) c ¥x¥x {1’ . ’T}7

1,7<t

ZXl,o,d,l +Yi1 =11, Vie %,

o,d

ZleOvdvt + Y+ O = Ay + Iy + Vi1, Vie ZVt=1,...,T,
o,d

Xiodt, Y1t €N

Equation (1) accounts for the total ballasting costs associated with the assignments in X. The

198ince we enforce that all loads be transported, and by definition the program is always feasible, arrivals can be
taken as exogenous to the decision variables.
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| Vessel class Weight of trade imbalances (%) No. vessels ||

MR1 77.14 357
MR2 74.49 1020
Panamax 73.76 308
Aframax 72.50 792
Suezmax 80.61 547
VLCC 88.34 756

Table 2: Share of ballasting attributed to intrinsic trade imbalances, obtained by comparing the
current assignments against the assignments of a central planner matching tankers to loads in
hindsight. Total number of vessels included in the optimization is 3,780; this figure is lower than
the total number of vessels observed, because some entered the market after January 1st, 2020.

constraints in Equation (2) impose that all loads observed in the data are transported also under the
optimal assignment solution, and that this solution is feasible in terms of travel times. Constraints
in Equations (3) and (4) make sure that each vessel is used at most for one voyage at a time, and
that the flow of ships in each location is conserved. On the right hand side of each constraint we
have the total supply of vessels in location [ prior to the decision at time ¢, composed by (i) the
ships that remained in [ from the previous period; (ii) the inflow of new vessels to the network; and
(iii) the arrival of tankers from voyages. On the left hand side of Equation (3) and Equation (4), we
model how supply is used, i.e., for assignment to loads (> X;,q+) and waiting (Y; ), or outflows
(O1+). Finally, notice that without loss of generality our formulation does not allow for relocation
of empty vessels ahead of their assignment to loads: since there is no randomness in the problem,
for every optimal solution that would have repositioned a tanker beforehand, there exist another
one that has the vessel ballasting to the origin of the same load just in time.

Let CF be the optimal value of Equation (1) for vessel class v, and C%* be the ballasting
emissions coming from the observed real-world assignments for the same vessel class. We define the
share of ballasting due to trade imbalances as the ratio between these two, Sharel"ed = C /C9%s.
Table 2 reports the results of the integer programs in terms of Sharefmde, and it shows that the
share of emissions due to trade imbalances ranges from 70% for smaller vessel classes to almost 90%
for larger ships. This trend is intuitive, since larger vessels serve more predictable routes: there
exist relatively few ports able to accommodate these ships, which means that there is smaller scope
for optimizing the network of locations served. For this reason, we expect those markets to operate
closer to efficiency. Hence, factors beyond trade imbalances are relatively more important for smaller
vessel classes in contrast to larger ones. Overall, these results confirm that trade imbalances are
the single most important factor in determining the amount of ballasting we observe; however, they

also highlight that for smaller vessel classes there is an ample margin of improvement.
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3.2 Fragmentation and uncertainty

Suppose that, instead of a unique clairvoyant central planner, there was one clairvoyant planner for
each commercial operator, and that they optimized their fleet independently of the others. The total
ballasting cost incurred by this decentralized system is a lower bound to the true ballasting cost
that would occur if the operators lived in a world with no uncertainty. It is a lower bound because
it is obtained assuming that the planner minimizes ballasting costs, while in reality they maximize
profits.?’ We compare this lower bound to the observed ballasting costs and the cost obtained from
the central planner C; to infer the weight of fragmentation on one side, and uncertainty on the
other. As before, we apply this procedure to each vessel class separately.

For each commercial operator i € &2, where &, denotes the set of operators in vessel class v,

we solve the following problem.

min Z CZOXli,o,d,t (6)
l,0,d,t

st Y XloarXirot =Dhay V(odt) € L x L x {1,....T} (7)
I,7<t
ZXli,o,d,l + YZI = Il71, Vi e f, (8)
o,d
S Xl H YO0 = AL+ I+ Y, VeL, Yt ©
0,d
Xli,o,d,tv Ylft eN (10)

The parameters in the problem above have the same explanation as in in Section 3.1, with the
only difference that they are computed at commercial operator level. Let C% denote the optimal
value of this program, and the system-wide ballasting cost of the decentralized system be C =
Yico, C?. By definition, it must be that C < CI < C%%, so that
cy < ck

v
Cgbs — Cgbs < 1

Trade __
Share;, =

We now argue that the following two ratios estimate the share of empty miles due to fragmen-
tation and uncertainty, respectively.

Cy -Gy

Sharefmg = W (11)

20Tn fact, with perfect information it is also possible that pool managers would have bid for different loads than
the observed ones. We discuss limitations to our approach at greater length in Section 3.4.
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H Vessel class Weight of uncertainty (%) Weight of fragmentation (%) H

MR1 10.68 12.18
MR2 13.41 12.1
Panamax 10.75 15.49
Aframax 11.02 16.48
Suezmax 9.07 10.32
VLCC 4.71 6.95

Table 3: Share of ballasting attributed to uncertainty and fragmentation

P
b
Cobs

Sharelneertainty — 1 (12)
In the numerator of Equation (11) we compare the optimal cost of the assignments of a central
planner with no uncertainty against the cost of multiple fleets without uncertainty, i.e., the only dif-
ference is the level at which assignments are made. Therefore, this difference can only be capturing
the increase in cost due to fragmentation, akin to a “price of anarchy”. Consider now Equation (12):
the only difference between C and C9%* is that the former is calculated when vessel managers have
perfect knowledge of the future, so that it can be thought of as capturing the effect of eliminating
uncertainty; equivalently, the extent to which uncertainty affects ballasting. We report the results
of these metrics for each vessel class in Table 3.

Notice that, with the exception of VLCCs, the weight of uncertainty is remarkably similar across
vessel classes. This is consistent with our conjecture that the VLCCs follows a more predictable
schedule. The other insight emerging from our results is that fragmentation always accounts for a
larger share of ballasting than uncertainty. Unfortunately, we cannot further understand how much
of the weight attributed from fragmentation derives from lack of coordination, and how much is
associated with informational failures, because the data do not allow us to observe which vessels
participated in the bargaining process that resulted in the assignment of a load.

These results indicate that the extreme fragmentation of the market is a major cause of waste,
and that taking action to consolidate the control structure can yield sizable benefits, both to
shipowners and to the environment. However, consolidating all tankers under a single entity is nei-
ther feasible nor desirable. The next section is devoted to understanding “how much” consolidation

is sufficient to accomplish a substantial amount of efficiency.

3.3 Partial consolidation

Our data contains 169 Aframax commercial operators, and in Section 3.1 we considered a single
entity controlling all the vessels to evaluate the inefficiency of the current transportation market.

In order to measure the value of partial consolidation of the market, we create “synthetic” shipping
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pools that do not exist in reality. This allows us to test different degrees of consolidation by choosing
the number of vessels belonging to each pool. Moreover, it serves us as a test bed to assess the
trade-off between the efficiency gains of consolidation and market power.

To carry out this analysis we first define the efficiency gain due to centralization for vessel class
v by A} and given by A} = (C; — C9**) /C5*. Then, we randomly split the tankers into shipping
pools of identical size ¢, where ¢ denotes the fraction of the total number of vessels that each
pool manages. For each pool p, we observe the voyages performed by the vessels in p and solve an
optimal assignment problem using Equations (6) to (10), which yields an optimal cost Cg) . Finally,
we obtain the market-wide ballasting cost cY = Zp C’g’ and the gain from a ¢-consolidation,
denoted by A?.21 Our metric of interest is the ratio pu(@) = A¥(¢) /A%, which reports the fraction
of the central planner’s fragmentation savings that can be achieved with pools of size ¢, and can
be essentially interpreted as a competitive ratio.

The left panel of Figure 1 plots p,(¢) for the different vessel classes and for different pool sizes:
it shows how much of the inefficiencies due to fragmentation can be eliminated with varying level
of consolidation. Conversely, the right panel shows the ratio C}/ Y , that reports the improvement
of the overall efficiency of the system as we vary the level of consolidation in the market. These
figures establish that even with small pools, of approximately 5% of the market, it is possible to
obtain ballasting savings that are close to the optimum of the central planner. This is particularly
evident for smaller vessel classes such as Aframax or MR2: splitting all 792 Aframax ships into
pools of 40 units each (about 5% of the fleet) yields between 80% and 90% of the savings that the
central planner could have obtained. Using the weight of fragmentation estimated in Table 3, this
corresponds to an overall decrease in ballasting emissions of about 15%, or 4.6 million tonnes of
COg3 not released in the environment (= 1 million fewer passenger cars every year). These results
suggest that the benefit of centralized vessel-load assignments accrues with even little consolidation,
at a level that is unlikely to cause significant threats to competition in the market. Moreover, the
shape of the plots indicates that there are decreasing marginal returns to consolidation. In the next
sections we investigate in greater detail the mechanisms whereby shipping pools reduce ballasting

costs supported also by empirical analyses.

3.4 Discussion of the model

Our analysis so far suggests that the oil transportation market is operating far from its best level
of efficiency, and that it stands to substantially benefit even from little consolidation. Moreover,
despite being based on data from a specific market, our analysis can be applied with little modifi-

cation to other decentralized transportation markets, such as dry bulk shipping and full-truckload

21By definition then A} = AL, because it is obtained with one fleet controlling 100% of the vessels.
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Figure 1: Plots of the effects of partial consolidation. On the left, the share of fragmentation
inefficiencies that can be recouped by pooling vessels in fleets of different fleet sizes. On the right,
efficiency gap between the fully centralized and partially consolidated markets.

trucking, that are likely to suffer from the same inefficiencies we identify here. At the same time,
it is important to recognize some limitations of our data and approach.

We stress that our estimates should not be interpreted as market counterfactuals for two rea-
sons: (i) we do not consider the equilibrium response of demand for transportation to consolidation,
and the latter’s effect on the bargaining power of pool managers; (ii) we set up cost-minimizing
problems, while in reality any decision maker attempts to maximize profits. Unfortunately, es-
timating a structural model to carry out counterfactual simulations is infeasible in our setting,
because we do not have data on contracted rates. Moreover, any structural model must take into
account that fleets dynamically optimize a set of discrete resources: this is a dynamic programming
problem for which only approximate solutions exist in the monopolistic setting (e.g., Godfrey and
Powell (2002a)), while the oligopoly model is intractable, and there is no algorithm guaranteed
to find Markov Perfect/Oblivious Equilibria. For these reasons, papers in Industrial Organization
that study decentralized transportation markets usually assume a collection of independent, non-
atomic, agents (e.g., Brancaccio et al. (2020)). Notice, however, that the primary focus of this
section is to measure the extent to which fragmentation impacts managerial efficiency. If we ran a
counterfactual simulation and compared the outcomes, the difference in ballasting emissions would
also capture efficiency gains from changes in served voyages (as we expect fulfilled demand to be
lower when concentration increases) besides improved coordination. Instead, our approach keeps
demand fixed. While the difference we calculate cannot be understood as “how outcomes change

as concentration increases”, we measures precisely the inefficiency due to lack of coordination, and
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how these inefficiencies become smaller with pooling.

As far as our choice of minimizing CO2 emissions associated with ballasting is concerned, we
remark that emissions calculations are based on fuel consumption data that vessels are obligated to
log to comply with the International Maritime Organization (IMO) regulations. The mapping from
fuel consumption to emissions is an industry standard and takes into account which type of fuel was
used and for how long (cfr. Table 9, where we show that results are robust to using fuel consumption
as metric of interest). Since vessels are crewed even when docked at port, fuel constitutes by far
the largest component of variable costs associated with each voyage. Thus, minimizing ballasting
emissions, taking served demand as given, is closely related to minimizing costs. Finally, notice
that if a shipowner has little pricing power, as would appear natural in the case of Section 3.3 due
to the level of market fragmentation, then cost minimization is a particularly good proxy for profit
maximization. Thus, we conclude that our estimates, while rough, point in the right direction, and
we believe it is unlikely that both the relative share of ballasting due to one factor compared to
the others and the insights from Section 3.3 would be substantially different in a structural model
with profit maximizing agents.

A final potential point of concern is that our treatment of uncertainty is “residual”, in the
sense that we have only analyzed optimization problems in hindsight, and obtained estimates for
the share of ballasting due to uncertainty as the complement to 1 of all other factors together.
A potential problem with this approach is that it might overstate the significance of uncertainty
because it combines two forms of ignorance: not knowing where and when future cargo loads will
be offered, and not knowing which operator will win them. In Section 3.1 this is irrelevant, because
the central manager can allocate any load that appears in the data to any feasible vessel. However,
in Section 3.2 we assume that each operator’s clairvoyant planner knows exactly which loads it
will win, while a more realistic assumption is that it knows which loads will be offered to its fleet,
but not whether they will be won. We address this issue in Appendix A, where we consider a
central planner that solves a stochastic dynamic program; we adopt the state representation of
Godfrey and Powell (2002a,b), and obtain an approximate solution to the dynamic program using
Reinforcement Learning tools. For the sake of simplicity we limit that analysis to the Aframax
vessel class, and comparing the figures we obtain there with the figures in Table 3 we conclude that
the share of ballasting due to uncertainty lies between 6% and 10% for that class, which implies

that the estimate for the share due to fragmentation is in the neighborhood of 16% to 20%.
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4 Observed shipping pools

In this section, we empirically investigate how consolidation affects the overall efficiency of pools and
identify the main mechanisms that drive this improvement. We employ two main strategies that
focus on understanding the connection between fragmentation and efficiency. First, we analyze the
behavior of pools that grew and shrank over time to handle any non-observable disparities across
operators. Second, we compare the differences between the behavior of large pools and sets of small
fleets that operate at the same time and locations of the large pool.

Our estimates confirm that larger pools tend to achieve higher levels of efficiency, defined as
the ratio of laden miles over the total miles traveled. Furthermore, we show that a fraction of the
efficiency gain stems from improved coordination among ships belonging to the same fleet, while
another portion can be ascribed to the fact that larger pools run more complex operations. Finally,
we empirically validate that there are decreasing marginal returns to consolidation, suggesting that
benefits from further consolidation become negligible when pools manage more than 20 tankers.

The central focus of this section is the pool size of each commercial operator. We track the pool
size of each operator for the time it is featured in the dataset. In our analysis, we define the pool
size for any given period, typically a month or quarter, as the weighted count of vessels operating

under the operator’s management during that same period. The pool size is calculated as

Ts,i,t

PoolSize; 4 :Z T
t

s
where T ; ; equals the number of days in period ¢ that vessel s spent operating (ballast, laden, or at
port) for commercial operator ¢, and T} is the number of days in period ¢. For example, if operator
X Shipping Co. had two ships during April 2018, one of which traveled for this operator for the
whole month and one that joined its pool on April 16, then we say that X Shipping Co. managed
a pool of size 1+ % = 1.5 during April 2018.

4.1 Efficiency

We begin our analysis by considering again our first-order question: does market fragmentation
increase ballasting? To answer this, we employ four specifications to argue that larger pools achieve
higher utilization (higher proportion of laden miles on total miles travelled) and to measure the size
of the attainable savings. The first two specifications establish that larger pools achieve higher levels
of utilization using different assumptions, while the other two regressions confirm that improvements
come from the ballast leg and allow to measure the size of the improvement.

We say that pools are more efficient the higher their utilization is, and we define utilization for
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period t as the ratio between the laden and the total miles traveled by all vessels operated by a
commercial operator with starting date in ¢. Formally, for period ¢ and commercial operator 7, we
define

L
. . o Zn Mn,i,t
Utilization; ; = = 7
Zn Mn,i,t
where Mém denotes the laden distance of the n-th voyage operated by commercial operator i

whose start date is in period t, and M,F:LF ;+ denotes the total distance of the same voyage. Notice
that with this definition we impute the utilization level based on the starting date of the voyage,
even if, because of the long travel times, it may happen that by the time the tanker secures another
contract the pool size has changed. Since we do not observe the fixing date of loads, we assume
that the decision about ballasting destinations is made at the starting date of the voyage. Although
we focus in this Section on our distance-based metric for Utilization, we run similar specifications
to estimate the effect of Pool Size on: (i) the fraction of ballast COy emissions?? (in line with
Section 3); and (ii) a time-based Utilization definition to capture time delays. All our results
consistently point that larger pools are more efficient than smaller ones for these outcomes.

A limitation of our data is that we do not observe the negotiated rate of a load, nor who
competed in the process of getting a load, so we cannot ascertain whether larger pools have some
systematic advantage over smaller ones.?? To counter this issue, we exploit the variation in pool size
of each commercial operator over time and observe the differences in efficiency. Figure 5 shows the
variation in pool sizes across time for the seven largest commercial operators in each vessel class.
Exploiting this variation addresses existing heterogeneity in bargaining power and negotiation skills
across different operators, but does not resolve endogeneity in fleet growth, which we try to handle

in our second specification.

Single pool utilization We try to understand if the same operator becomes more efficient when

its pool size grows. Specifically, we estimate the following regression at a monthly level:
log (Utilization; ;) = a X log (PoolSize; t) + & + i (13)

In Equation (13), & denotes a time fixed effect and v, an operator and vessel class-specific fixed
effect. The former is necessary to account for seasonal changes in the demand for transportation,

as well as the outbreak of COVID-19 and other unforeseen events that affect global trade;?* the

*2Calculated by FracBallastCO2;; =" Ef,i,t/ >om E;":” where Ef,l-yt denotes the CO2 emissions of the n-th
voyage operated by i whose start date is in period ¢, and E;":” is the total CO2 emissions of the same voyage.

23 Adland, Cariou, and Wolff (2016) emphasize that match quality between shipowner and charterer significantly
influences freight rates.

24E . g., the week-long obstruction of the Suez Canal (March 2021) that caused widespread delays in global shipping.
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operator-class fixed effect is necessary to account for each vessel class market and any unobservable
variables specific to commercial operators, such as their connections with brokers or age of the
vessels they manage. The coefficient of interest is that associated with PoolSize;;: we expect the
estimate of a to be positive, reflecting that a larger pool size corresponds to higher utilization.

Our results, reported in the first column of Table 4, confirm this intuition: larger pools achieve
higher utilization levels. In particular, the estimated coefficient suggests that, on average, doubling
the size of a fleet (e.g., from 5 to 10 vessels) is associated with a 4.4% increase in utilization. In
addition to this result, which aggregates all vessel classes (markets), we estimate similar specifi-
cations by vessel class and show that the coefficients are statistically significant and in the same
direction and size to the one described (see Table 102%). The main assumption behind the validity of
these estimates is that unobservable features of the commercial operators such as their bargaining
abilities remain fixed over time, and in particular that they are not correlated with the pool size.
This appears a tenable assumption for operators that experience only small variations in their pool
size, but it is difficult to justify in the case of operators that grew/shrank substantially over time.

In fact, there are three types of endogeneity risks in our analysis. The first type arises from
factors that correlate with both utilization and the size of a pool, i.e., time-varying unobservable
characteristics of commercial operators that improve their utilization rate as the pool expands,
e.g., an operator’s capacity to secure more loads due to a stronger contracting team. We are not
concerned about this confounding effect because we treat pool size exactly as a surrogate for an
operator’s “market weight”, so that we expect that it will also capture the effect of other factors
that correlate with size, but that we cannot observe.

The second type is reverse causality, i.e., that improved utilization might actually be driving a
pool’s expansion. For instance, an operator might first achieve higher utilization rates by investing
in advanced analytical capabilities without expanding its pool. Other vessels may then decide to
join the pool, attracted by the prospect of increased utilization for their tankers. To address this
issue we would need a source of exogenous, yet protracted, variation in pool sizes. Exploiting
natural experiments is particularly challenging in this context because of the long travel times.
For example, the 2021 Suez canal blockage affected fleet availability for only six days, while the
average voyage lasts 25 days. Exogenous supply shocks should persist for several months to impact
pool-wide utilization.

Finally, the third type is the effect of unobserved demand or productivity shocks to the industry,
e.g., a sudden change in trade flows. In turn, we may distinguish between shocks that affect the
whole oil trade network, and those that influence only a subset of routes. As far as global shocks

are considered, we capture their influence through time fixed effects. On the other hand, localized

25Table 11 and Table 12 show analogous results for time-based utilization and emissions, respectively.

21



shocks are more challenging to deal with, because they may disproportionately affect smaller pools,
that tend to provide service to fewer locations (cfr. Section 4.2). For this reason, we introduce in
the next paragraph an approach to compare the efficiency of pools based on the locations that they

serve; the results are consistent with the estimates from Equation (13).

Synthetic consolidation We run an alternative analysis to capture the effect of pool size in
utilization with two main objectives. First, to address the issues of demand/productivity shocks
and reverse causality in our previous regression; and second, to compare the effect of consolidation
(a single larger entity vs. multiple smaller entities) rather than only comparing size (a small vs. a
large entity). To do so, we look at the difference between large fleets and sets of small fleets, i.e.,
for every large pool we build a “synthetic” pool composed of smaller operators that serve similar
geographical areas, and compare utilization between the groups.

The procedure works as follows. For every quarter we first identify large (size > 10 ships,
corresponding to the 80% percentile in the distribution of pool sizes) and small pools, and then for
each large pool we look at the subset of small pools that predominantly served the same locations
that the large pool did.?® We then create a “synthetic” fleet by randomly sampling pools from
this subset, until their aggregate size is about the same as the large pool under consideration, and
record the utilization level this synthetic fleet attains; we repeat this process 100 times. We then
perform a difference-in-means t-test between the utilization levels of the large pools and the average
utilization over the 100 synthetic fleets associated to each large pool.

Similar to our previous result, we obtain that the utilization of large fleets is higher than the
synthetic counterpart, as displayed in the second column of Table 4 and more extensively for each
vessel class in Table 13; the size of the difference in means is 8%.2” Since the average pool size of
the fleets composing the synthetic fleets and larger fleets are 3 and 22, respectively, using a linear
transformation we get that doubling the fleet size is equivalent to a 2.18% increase in utilization,
which corresponds to about half of our previous result of 4.4%. These results underscore the positive
impact of centralizing decision-making. Since synthetic and large fleets serve the same locations,
we can rule out that the observed positive difference is due to geographical factors or to structural
differences in the network of voyages of the large pool. Moreover, by construction reverse causality
is not an issue, because we do not compare the same entity over time. However, it is unclear
whether centralization is beneficial primarily because it improves coordination or because larger

pools, with more influence over brokers, secure loads more swiftly.

26For this specification we use a partition of the globe into 51 “narrow geographical areas”.
2"Table 14 confirms that the same result holds for our definition of utilization in terms of time, and Table 15
shows the results of a similar analysis for emissions reporting a difference in means of -5.97%.
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Dependent Variable

Coordination
Log Utilization A Utilization Ballast Delay

Laden Delay

Operations Complexity

Log Trips on a single OD Log Ports visited by vessel

(%] (%] [Days/month] [Days/month] [# trips] [# ports]
Independent Variable
Log Fleet Size 0.0439%** -0.5283** -0.0327 -0.0151%%* 0.2326%**
(0.006) (0.240) (0.125) (0.001) (0.005)
Fleet Size Large 8.0272%**
(Dummy) (0.2848)
Fized Effect
Time Yes No Yes Yes Yes Yes
Operator x Vessel Class Yes No Yes Yes No Yes
OD Pair No No No No Yes No
Vessel ID No No No No Yes
Fit Statistics
R-squared Adj. 0.1531 0.0894 0.0598 0.2359 0.3715
N obs 23,670 47,597 47,597 119,957 66,158
Granularity
Geographical N/A N/A Port Port Narrow Area Port
Time Monthly Quarterly Monthly Monthly Quarterly Quarterly

Standard errors in parentheses.
Signif.Codes: ***:0.01, **:0.05, *:0.1

Table 4: Summary of coeflicient estimates for the regression analyses
Ballast and laden delays We showed that large pools achieve higher utilization than smaller
fleets, but we have not explained the mechanism underpinning the improvement. A first step is
to confirm that improvements arise from more efficient ballast legs of the trip and not from the
laden ones. It is reasonable to expect that both small and large fleets would not encounter delays
during their laden legs. Since, once a vessel is loaded, it proceeds directly to its discharge port
without interruption. Conversely, the ballast leg may be susceptible to delays for various reasons.
For instance, a ballast delay occurs if a vessel incorrectly repositions to a region where no actual
load materializes, so that it needs to sail empty to another location to secure cargo, which results
in a longer observed time to ballast from the previous discharge port to the actual load port.
To perform this analysis, we calculate the free flow travel time of a route by taking the 20th
percentile of the observed laden travel times for on the same route.?®> We then define the delay of
a leg as the difference between the observed travel time for the trip and the free flow travel time

on that route, and we estimate the following two regressions.

LadenDelayy, i+ = 0 x log (PoolSize; ) + & + i v, (14)
BallastDelayy ;+ = 6 x log (PoolSize; 1) + & + i 4. (15)

The variable LadenDelay, ; takes the value of the laden delay of the n-th voyage of operator 4
in month ¢, and similarly for BallastDelayy ;. The coefficient estimates are reported in the third
and fourth columns of Table 4, and show that, while there is no correlation between fleet size

and delays on laden legs, ships belonging to smaller pools take significantly longer time to ballast

2STaLking the 20th percentile of the travel times is a common practice in the applied literature on transportation,
as it allows to disregard delays due to, e.g., port congestion.
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between two ports than their counterparts in large fleets (see results by vessel class in Table 16).
Put into context, the estimated coefficient in Equation (15) implies that if two pools with five
tankers each were merged, five days of ballasting every month would be saved; assuming average
emissions of 60 tons of COz/day (as in our data for Aframax vessels), this amounts to 3600 tons
COg/year, equivalent to 800 passenger cars. In contrast, no such difference is detected in the case
of laden trips, as reported in the fourth column and expected by our intuition.

Since tankers start looking for new cargo only after discharging the previous load, these estimates
suggest that fleet size affects the time it takes to fix a new contract. We cannot point to a precise
explanation why smaller pools take longer to secure a load, but at least two conjectures are possible.
It may be that vessels belonging to larger pools idle less after discharging because managers of large
pools have better information about new offerings, and therefore can find a suitable load quicker.?
An alternative explanation is that tankers of large pools sail directly to a new area upon indication
of their manager, who is confident that a new load will be found in the new location, while in
smaller pools the vessels take more detours before arriving to the port where they ultimately find a
new cargo. Additional data will be needed to answer this question more definitely, but it appears

that ballasting trips of large and small pools are substantially different.

4.2 Coordination and operations complexity

We established that there is a relationship between the size of an operator and the time its tankers
take to reach the origin of the new cargo, but this does not fully explain the increase in utilization
represented in the first column of Table 4. In this subsection we argue that larger fleets use their
tankers in a more complex fashion, which points to better coordination of their fleet, that in turn
helps them achieve higher efficiency; in particular, we observe that larger fleets serve a more diverse
network of locations and do not repeat the same route as much as their smaller counterparts.

We believe this difference in behavior can be connected to the attitude towards risk of pool
managers and, in turn, how this relates to the size of their fleet. Shipowners are generally considered
risk averse agents;3’ in this context, large commercial operators have the physical and financial
assets to diversify their portfolio of locations, while smaller operators are more constrained from
both points of view, and therefore expected to make more conservative decisions. In turn, large
pools’ willingness to serve a more diversified network of locations and routes allows them to run
more integrated and efficient operations.

It is natural that large commercial operator can serve more locations at the same time than

29There is anecdotal evidence that, after discharge, vessels immediately depart and reach “idling” positions at the
intersection of important routes, where they wait to be contacted by brokers.

30Gee, e.g., Albertijn, Bessler, and Drobetz (2011); Drobetz, Haller, and Meier (2016) for research on financing
and risk attitudes of shipowners.
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smaller operators; therefore, to obtain meaningful comparisons in our analysis we run regressions at
vessel level (not pool level). We pose the question about the complexity along two complementary
dimensions: the number of trips that a vessel belonging to an operator performs between the same
origin-destination pair, and how many different ports a vessel visits. Formally, we estimate, at

quarterly level, the following specifications:

log (Loads;’f{t) = 8 x log (PoolSize;) + & + ¢o.d, (16)

log (No.Portss;t) = n x log (PoolSize; 1) + & + i s (17)

The variable Loadsg”zt counts how many loads with origin in area o and destination in area d
the vessel s belonging to operator i served in quarter ¢, while the variable No.Portsg;; counts
how many distinct ports the tanker s visited in quarter ¢ when under management of operator 4.
Therefore, the purpose of Equation (16) is to understand whether pools tend to reserve a vessel
to serve a small number of routes, while Equation (17) serves to establish if the same ship is used
more extensively across the network when part of larger fleets.?!

Summary results for these regressions are shown in the last two columns of Table 4: the estimate
for B is negative, indicating that smaller fleets tend to travel more often the same route, while the
estimate for 7 is positive, which shows that tankers managed by larger operators take on loads from
a wider range of locations than their counterparts in the same time frame. Taken together, they
imply that smaller pools tend to concentrate on fewer legs, where they travel the same route back
and forth. In contrast, when the same vessels are used by large pools, they visit more ports, which
supports our previous intuition that smaller pool take more conservative decisions by sticking to
routes which they have previous experience of: they are willing to trade off less uncertainty with
longer ballasting. At the same time, larger pools are willing (and able) to optimize the vessel
assignments so that after discharge they ballast immediately to a closer location to get a new load,

instead of traveling back towards their previous (loading) location.

4.3 Partial consolidation from data

All our insights so far demonstrated that larger fleets tend to be more efficient, and we have laid
out some key differences in how large commercial operators conduct their operations. In Section 3.3
we argue that slight consolidation is sufficient to achieve most of the benefits of coordination, and
we find that marginal benefits from consolidation effectively vanish as fleet size increases. With

this section we aim to further validate that intuition and extend the results of Section 4.1, where

31Hence the addition of an (o0, d)-pair level fixed effect in Equation (16) that takes into account factors such as
the importance and regional considerations of route and compare the vessels that served that leg only. Notice that
in Equation (17) we add instead a fixed effect for the vessel class each tanker belongs to.
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Figure 2: Coefficients and 95% confidence interval of regression (18) with panel data at a monthly-
level. Results reveal monotonically increasing and concave functions that plateaus when fleet size
is between 15 and 20, pointing to similar results as the ones provided by the optimization model.
The baselines of the (0,2] excluded group are 54.1%, 58.5%, and 57.7% for utilization (distance),
emissions, and utilization (time), respectively.

we only consider a linear relationship between size and utilization. This approach also serves to
confirm that consolidation is beneficial even when pool managers are a profit-maximizing agents,
and not just in the cost-minimizing perspective of Section 3.3.

To establish this result, we regress the monthly utilization against a categorical variable that
identifies the pool size based on discrete ranges. In particular, we consider the variable PoolSizeBin;;
taking values in the set {(0,2],(2,3], (3, 5], (5,10], (10, 15], (15,20}, (20, 00)} depending on the ob-
served fleet size and, in the same way as the previous regressions, we include fixed effects for vessel

class, commercial operator and time as follows:
Utilization;; = 8 x PoolSizeBin; + & + ;4. (18)

Our results, shown in Figure 2, report the coefficients and 95% confidence intervals of the different
categories of pool sizes against the excluded group of (0,2]. As an example, the coefficient for
the (10, 15] group in Figure 2a is approximately 0.02, indicating that, on average, the emissions
generated by a fleet with a pool between 10 and 15 vessels has 2 more percentile points than the
utilization of a fleet with one or two vessels. Specifically, the average utilization (distance) of fleets
with pool sizes between 0 and 2 is 58.6%. Then the way to interpret Figure 2 is that the utilization
for a fleet with 10-15 vessels is (58.6 4+ 2.0)% = 60.6%.

Figures 2a to 2c sketch increasing concave functions, which demonstrate both the benefit of

larger fleet sizes and the diminishing marginal returns of pool size, a result that coincide with our
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results in Section 3.3. The similarity in shape and scale also suggests that the efficiency gains we
observe in the data come mostly from operational efficiencies related to the better coordination
of the pool rather than from increased bargaining power and other “unboservable features”. In
fact, we remind that the results of Section 3.3 arise solely from coordinating loads and vessels,
since we cannot model nor estimate other factors. This leads us to believe that coordination is the
prime factor driving higher utilization, and that other motivations may play a less prominent role.

Unfortunately, because of the limited nature of our data, we cannot further back this conjecture.

5 Concluding remarks

In this paper we investigate the interplay between market fragmentation and ballasting in the
context of decentralized transportation markets. Using a combination of numerical and empirical
methods, we find that fragmentation exacerbates the adverse effects of demand imbalances. Our
research further shows that even modest market consolidation brings significant benefits. Analyzing
a dataset of six thousand oil tanker voyages, we determine that demand imbalances cause 70-75%
of empty miles, while fragmentation accounts for 15-20% (with 5-10% attributed to unavoidable
uncertainty). We propose two channels to explain the beneficial impact of consolidation on ballast-
ing. First, centralizing decision-making improves coordination, so that vessels can serve the same
locations more efficiently. Second, larger pools diversify their network of served ports, thereby
optimizing the utilization of tankers and minimizing periods of ballasting.

Given the drawbacks associated with centralizing shipping operations under a single entity, we
turn our attention to the emerging trend of shipping pools. In shipping pools, individual shipowners
aggregate their resources and entrust a single decision-maker to carry out commercial operations.
Our data suggest that modest shipping pools, unlikely to negatively affect competition, suffice
to capture most of the benefits that would accrue with a central decision maker: for example,
partitioning the fleet of oil tankers in pools of 30-40 units results in a 15% decreases in empty miles
(i.e., 70% of the first-best with a central planner). These results underscore the growing relevance
of this institutional arrangement, which has been proposed by industry players also to encourage
the adoption of environmentally sustainable practices. Finally, at a higher level the paper displays
the extent of sustainability gains that can be achieved by optimizing the use of current resources
in transportation, and supply chains more generally.

We view our work as contributing to the literature on decentralized transportation markets and,
in particular, to the growing strand that analyzes the effects of market structure and mechanisms
on efficiency outcomes. We hope that this work will motivate further studies along many directions:

for example, further analysis is needed to understand the effect of fragmentation on price forma-
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tion, since we focused primarily on how size changes affects shipowners’ incentives. Other directions
include, e.g., studying the optimal implementation of fuel levies to discourage empty travels, the-
oretical analysis of the optimal policies of pool managers with finite resources, and mechanisms to

price and assign loads to vessels.
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Appendices

A Uncertainty: approximate dynamic programming

Uncertainty is one of the main characterizing elements of the maritime world. In the case of oil
transportation markets, shipowners and managers face uncertainty from three different sources:
(i) from where new loads will be offered, (ii) when, and (iii) the level of competition for each of
these (i.e., if they will outbid their opponents and thus win the load). The first two elements are
unaffected by fragmentation in the market, but the third is: in a very fragmented market there
are many competitors for each load, which decreases the likelihood that a given tanker will win it.
With this appendix we aim at disentangling the share of ballasting due to “pure” uncertainty from
the share due to uncertainty that can be mitigated by consolidating the market.

Our approach is similar to what we followed in Section 3: we consider a central planner whose
objective is to minimize the ballasting cost associated with transporting the loads. The main
difference is that now we assume that the central planner does not have perfect foresight; instead,
it has a probabilistic assessment about the distribution of future loads, and makes decision based
on this. Formally, the central planner solves a stochastic dynamic program. We then compare the
optimal costs obtained in the DP with C; from Section 3.1; since the two problems only differ in
terms of uncertainty about the future, the difference in optimal cost can be taken as a measure of
the share of ballasting due to it. Moreover, since we are comparing ballasting costs incurred by
two central planners, in both cases there is no uncertainty about competition. It follows that the
measure we derive considers only pure uncertainty as discussed above.

Following discussions with our industry partner, we focus on the Aframax market, which has a
number of attractive features. Aframax vessels are of intermediate size, so they can dock at most
ports in the world and can use both the Panama canal and Suez canal. Moreover, an increasing
number of them are suitable for transporting both crude oil and refined products, which makes it
a segment expected to grow in popularity as MR1 and MR2 decrease their market share.??

We approximate the optimal value function of the stochastic DP, denoted by V*(s), where s
is a state summarizing the present and future availability of tankers. We then find the ballasting
decisions that the central planner would have made if faced with the demand realizations observed
in the data. Because the central planner optimizes online, we cannot ensure that all loads observed
are transported. In our simulation we find that the central planner can satisfy 75% of the observed
loads. We take a conservative stance and compare the minimum cost obtained with the approximate

value function with a benchmark calculated as follows: for every route (o, d) and every time period

32https://splash247.com/1ris-and-mris-becoming-niche-tankers/
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t we sort the loads observed in reality in ascending order of ballasting emissions, and then consider
only the n, 4 least costly, where n, ¢ is the number of loads on (o, d) in period t that were served
in the simulation; we then sum the ballasting emissions associated to these voyages. Compared
against this benchmark the central planner can achieve ballasting costs that are 20% lower than
the observed. This suggests that for the Aframax class uncertainty accounts for about 7.50% of
the overall ballasting cost, with the remaining 20% imputable to operational inefficiencies and
uncertainty regarding competition. The remainder of the section draws the formal arguments to

compute an estimate of V*.

A.1 Dynamic programming formulation

Consider a decision maker that minimizes ballasting costs over discrete time periods t = 0,1, ...,
that represent 5-day periods in the data. Demand from origin o € .Z to destination d € % at time
t is denoted by D, 4; and is drawn i.i.d. from a Poisson distribution with mean ), 4. As in the case
of Section 3, .Z is the set of geographical areas from Table 7; let N4 = |.£| = 28. We estimate A, 4
as the average number of loads observed on the (o0, d) route in the data.?® Travel times between
locations are deterministic, denoted by Tj, 4, and equal to the average travel time observed in the

data; let Ti,ax denote the maximum length of a voyage in this world, i.e.

Tmax = rlnax ,Tl,o + To,d-

»0,

Given a total number of vessels equal to IV, the state of the system at every time ¢t is represented
by st € S. The state space S is finite, equal to the set of all 28 x (Tiax + 1) matrices with natural

entries that sum up to N. Formally,
S=qseN®Tnatl) N5, = N
d, T

Column 7 of state s’ is the number of ships that will become available in 7 — 1 periods in the future
as a result of voyages begun in all periods up to ¢ — 1 (inclusive) and that have not reached yet
their destination. So, the first column represents the number of vessels currently available in each
location, the second column the number and destination of vessel that will terminate their voyage

t summarizes

in the next period, and so on. Let s. » denote the 7-th column of state s. Therefore, s
the future availability of tankers given the decision made until time ¢ — 1.

At every time period t, the central planner observes the demand realization and decides how

33Here is clear why we need to consider only data before the outbreak of COVID-19. The pandemic substantially
altered oil trade flows.
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many loads to serve and how. Specifically, it acts on two decision variables: X;, 4 denotes the
number of vessels available in [ used to transport loads from demand D, q; B4 represents the
number of vessels ordered to ballast from [ to d, with the convention that B;; equals the number
of vessels ordered to wait in [. We assume that the central planner can serve a load on route
(0,d) at time ¢ only with currently available tankers that can reach location o from their position
by the same period t. Notice that in this formulation a vessel may be ordered to ballast with a
cargo already secured (X;,q for I # o), are in expectation of new loads in the future (B4 for
I # d). Based on these decisions, the deterministically transitions to s‘*!: all travels scheduled to
terminate in 7 — 1 periods in s* will be in column 7 — 1 in s**!; and travels that take time 7" will

1 can be written as a linear function of st.

appear in column 7 — 1. In particular, s’

In Section 3.1 we imposed the constraints of Equation (2), that require that all load be trans-
ported. This is possible because problem is deterministic; for the stochastic DP at hand, we impose
instead that the central planner suffers a penalty M > 0 for each load that remains unassigned.
Together with the ballasting cost paid for relocations and assignments, we obtain a flow-payoff

function

’I”t(X, B|S, D) = Z ClqjoXLO,d + Z Cl,dBl,d + M Z (Do,d,t — Z Xl,o,d) . (Al)
0,d l

lo,d ld

The central planner seeks minimizes Y .o, ~'r, where 7 is a discount factor.?* It is well known
that the optimal value starting from state s of this dynamic program, denoted V*(s), satisfies the

Bellman equation, i.e.,

V*(s)=Ep [r)r(l}jrglr(X,Bb,D) +~V* (S')] , (A.2)

where s’ is the state that obtains after decisions X and B, and Ep[-] denotes expectation taken
with respect to the realization of demand. While state and action spaces are finite, it is computa-

tionally intractable to find an exact solution:3’

we turn to approximate dynamic programming. In
particular, we approximate the optimal value function using the Fitted Value Iteration approach
(Bertsekas (2018), Munos and Szepesvari (2008)). Intuitively, in Fitted Value Iteration the classi-
cal value iteration procedure is performed only for a small subset of the states, and an estimate of
the value function is computed by fitting an approximation to the values thus obtained. Follow-
ing Godfrey and Powell (2002a,b), we choose a piece-wise linear, convex approximation; with this

combination we can efficiently solve a sequence of linear and quadratic programs.

34 We set ~v = 0.85, which corresponds to an effective time horizon of approximately one month.
35There are about 10%5% possible states.
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A.2 Fitted Value Iteration

With this approach one first defines a set of candidate functions, and then looks for a function this
set that is closest to the fixed point of Equation (A.2). From Godfrey and Powell (2002a,b) we
know that V* must be convex in s, and it is known that a convex function can be approximated
arbitrarily well with a family of affine functions.?® Thus, we restrict attention to a set of piecewise-
linear, convex functions. Each function in the set is defined as the point-wise supremum of a family
of affine basis functions, in turn obtained from a set of basis states. Formally, let the set of basis
states be S = {Si i=1,... ,NA}. Each basis state s’ is defined as follows: if N is the total number
of vessels in the environment, first [%N ] are allocated uniformly at random in the Ng X (Tipax + 1)
matrix; then we modify each entry on the i-th row as
i s [NW .
YT T A (Tnax + 1)

Thus, s° corresponds to a situation in which relatively more of the vessels become available in
location i over time, so that we expect V*(s) to capture how “good” is having tankers in i. To
each state s° € S we associate an initial value V{, defined as the y-discounted value over 147 time
periods earned by a myopic central planner.?” Finally, we obtain a family of affine functions by
solving the following problem for each ¢, where f/oi eR, gé € RN4 and z -y is the usual dot product

between x and y.

Na . N2
min Y (V5 -V (A3)
Volagé i=1
s.t. g >Vy+ Z T [gh - (s7,—s')] foralli,j
T=1

This procedure yields a set B = {<5i, Voi, gé) ci=1...,N A}- The set B()g represents basis func-

tions because for each i we can write the affine function

i . Tmax+1 . .
g =Vi+ D AT g (s =50
=1

36Gee, e.g., Boyd and Vandenberghe (2004), Chapter 3.
3"That is, we simulate 147 time periods and collect all the flow payoffs according to Equation (A.1) that a myopic
planner would achieve. 147 five-day periods correspond to two years from Janurary 1st, 2018 to January 1st, 2020.
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We define our initial estimate for the value function of the DP as the pointwise supremum of these

g ) ~ ~ . Tmax+1 . .
Tio(s) :m?X{W S v - <s.,7—saT>)J}. (A1)
T=1

Notice that by construction Vp is convex. The Fitted Value Iteration procedure seeks a function in

the form of Equation (A.4) that approximately solves the Bellman equation in (A.2).

Procedure The idea of the procedure is to iteratively define basis functions B,f for k=1,2...
whose pointwise supremum approximates V* better and better. Towards this end, for each k we
first perform one approximate Bellman step on each basis state, that yield new values Vki forv € Z.

Formally,

i 1 . i )
Vi =N zp: [%”“ (X, Bls", D) + Vi1 (') | - (A-5)

We approximate the expectation over the demand realization with a Monte Carlo method drawing
Ng samples from D, independently for each state s’. Since the new state s’ can be written as a
linear function of each s¢ and following Equation (A.4) also Vp(s') has a linear representation in X
and B, the Bellman step can be cast as a linear integer program. Then we obtain the new B,‘? by

solving the convex fitting problem.

Na . 9
min Y (Vi - Vi) (A6)
Vo9, i=1
s.t. V!> Vit Z Y gk (s, —s',)] forall i, j
T=1

The new basis functions are represented by B = {(si, Vlj, g}c) t=1...,N A}, where Vk” and g}i
~ o0
are the optimal solutions to Equation (A.6). In turn, this procedure generates a sequence (Vk)

k=1
of approximate value functions. While this sequence cannot be guaranteed to converge to a limit,>®
it appears from Figure 8 that the Bellman error e, = Hffk“ - Vng quickly settles on small values,
indicating that Equation (A.2) is approximately satisfied. Denote by V the approximate value

function obtained with this procedure.

38See the discussions in Gordon (1995) and Bertsekas (2018) for additional details on the reasons why Fitted
Value Iteration may fail to converge.
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A.3 Comparison with perfect information

We use V as approximate value function to compute which decisions the central would have made
when facing the demand realizations that we observe in the data. In practice, for every t =0,...,T

we solve
inr (X, B|st, D" /(s
1)1217%17"( , B|s’, ) +V(s')

where s’ is the state representation of the situation faced by the central planner as generated by its
past decisions and D? is the demand instance in period t. We collect all optimal decisions (X, BY)

and then we define the ballasting cost associated with them as

CDP = Z C’lljo (Xlt,o,d + Blt,o) :
l,0,d,t

As mentioned before, the central planner does not satisfy all the loads. Let C° represent the
benchmark ballasting emissions observed and computed as follows: for every route (o, d) and every
time period ¢ we sort the loads observed in reality in ascending order of ballasting emissions, and
then consider only the n, q+ least costly, where n, q4; is the number of loads on (o0,d) in period ¢
that were served in the simulation; C°* is the sum the ballasting emissions associated to these

voyages. Then we have that
CDP

— ~ 80%
Cobs

Trade e then conclude that the share of ballasting due to un-

Comparing this ratio with Share
certainty is 7.50%. Because of our conservative way to compute C’Obs, it is likely that we are
underestimating the share, which confirms our insight in Section 3 that uncertainty explains for a

share between 7% and 11% of the ballasting costs.
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B Tables and Figures

B.1 Tables

H Vessel class No. vessels Min DWT Max DWT H

MRI1 937 25,000 42,000
MR2 1,800 42,000 60, 000
Panamax 475 60, 000 80,000
Aframax 1,146 80, 000 125,000
Suezmax 661 125,000 200,000
VLCC 867 200, 000 o0

Table 5: Number of ships by vessel class in the dataset and their dimension. DWT refers to the
deadweight tonnage capacity.

| Vessel Class Ballast distance (nm) Ballast portion (%) CO; emissions (tons) ||

MR1 1,054 40.2 218.8
MR2 1,411 38.6 293.8
Panamax 1,571 40.9 377.5
Aframax 1,424 42.1 443.8
Suezmax 2,611 43.7 933.1
VLCC 5,718 45.7 2943.71

Table 6: Average ballasting distance, average portion of ballasting on total voyage length and
average emissions due to ballasting, broken down by vessel class.
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H Geographical Area Avg. arrivals Avg. departures H

Red Sea 13.9 12.5
West Africa 21 26.9

Pacific Islands 2.1 0.2
Russian Pacific 0.1 7.6
Caribs 19.6 21.8
Baltic 11.9 31.8
South East Asia 60.5 51.8
US Gulf & Mainland 25.2 60.3
Korea / Japan 34.1 21.9
Black Sea / Sea Of Marmara 8 30.3
East Coast South America 21.3 20.5
West Coast Mexico 4.8 2.1
West Coast North America 13.1 8.2
West Coast South America 10.9 7.8
Australia / New Zealand 12.1 5.3
India / Pakistan 39.7 19.9

East Coast Canada 5.7 4.3
East Coast Central America 3.7 0.6
US Atlantic Coast 19.9 1.6
South East Africa 9.7 1.4
North Sea 1.2 5.4

UK Continent 59.2 31.3

West Coast Central America 4.2 2.3
East Coast Mexico 9.5 6.8
China / Taiwan 62.1 23.5
Mediterranean 68.1 56
Arabian Gulf 21.4 97.6

Arctic Ocean & Barents Sea 4 7.2

Table 7: Average number of ships arriving laden and departing laden from each geographical area.
The table summarizes loads for all vessel classes, and the figures are obtained looking at the average
number of loads arriving/departing in windows of 5 days.
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H Commercial Operator Pool size Share of vessels(%) Share of tonnage(%) H

Teekay Corp 40 3.9 4.2
Sovcomflot 35 3.4 3.7

AET 33 3.2 3.4

Scorpio Commercial Management 27 2.6 2.8
Minerva Marine 23 2.2 2.4

ST Shipping & Transport 22 2.1 2.2
Cardiff Marine 21 2 2.3
Thenamaris 20 2 2.1

Shell 20 2 2.1

Navig8 group 20 2 2.1
Heidmar 18 1.8 1.9

Vitol 16 1.6 1.7

Trafigura 16 1.6 1.7
Equinor 15 1.5 1.7
Penfield Marine 15 1.5 1.6
Maersk 12 1.2 1.2

Signal Maritime 12 1.2 1.2
Zodiac Maritime 12 1.2 1.3
ExxonMobil 12 1.2 1.3
Frontline 12 1.2 1.2

Table 8: Average pool size for the 20 largest operators in the Aframax segment. The share of
vessels indicates the percentage of active Aframax ships observed in the dataset controlled each
commercial operator, and the share of tonnage indicates what share of total capacity of the segment
is controlled by each commercial operator.
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| Vessel class Trade imbalances (%) Uncertainty (%) Fragmentation (%) ||

MR1 76.76 12.17 11.07
MR2 74.10 12.11 13.79
Panamax 73.41 15.43 11.16
Aframax 72.16 16.55 11.29
Suezmax 77.81 12.22 9.97
VLCC 87.06 7.79 5.15

Table 9: Share of ballasting attributed to trade imbalances, uncertainty and market fragmentation,
using as objective function in Section 3 total fuel consumption associated to ballasting travels.
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Table 10: Effect of Fleet Size in Utilization (Distance)

Log Utilization (Laden miles / Total miles)

Dependent Variable

All Aframax Panamax Suezmax VLCC MR1 MR2
Filtering: Fleet Size >1
Log Fleet Size 0.0439*** | 0.0655***  0.0745%%*  0.0161  0.0229%* 0.0505%**  (0.0347***
(0.006) (0.014) (0.028) (0.019) (0.012) (0.013) (0.012)
R-squared 0.1924 0.1836 0.1637 0.1606 0.2039 0.2176 0.1924
N obs 23,670 5,010 2,243 3,311 3,338 4,058 5,710
Filtering: Fleet Size >2
Log Fleet Size 0.0521*** | 0.0646***  0.0654* 0.0203 0.0274*  0.0571%**  0.0623%**
(0.007) (0.016) (0.034) (0.022) (0.014) (0.014) (0.016)
R-squared 0.2219 0.1889 0.1609 0.1742 0.1926 0.3077 0.2268
N obs 17,924 4,081 1,580 2,728 2,826 2,495 4,214
Filtering: Fleet Size >3
Log Fleet Size 0.0454*** | 0.0430***  0.0747* 0.0248 0.0300%* 0.0152 0.0807***
(0.008) (0.017) (0.039) (0.023) (0.017) (0.018) (0.016)
R-squared 0.2559 0.2004 0.1579 0.1957 0.1938 0.4019 0.2704
N obs 14,624 3,255 1,304 2,397 2,450 1,838 3,380
Controls
Month-Year Yes Yes Yes Yes Yes Yes Yes
Operator No Yes Yes Yes Yes Yes Yes
Operator * Vessel Class Yes No No No No No No

Standard errors in parentheses.
Signif. Codes: ***:0.01, **:0.05, *:0.1

Notes: Table shows the results of the regression of fleet size and utilization at the Commercial Operator level as
described in Eq. (13). Herein we extend our results and calculate the coefficient for the different markets (Vessel
Classes) and we observe that all coefficients are significant besides the Aframax Class. Moreover, we filter the
dataset to only observations when the average fleet size of a Commercial operator exceeds 1, 2, 3. This filtering is
important given that Utilization is an aggregate metric and when few observations are available the metric could
be biased. As an example, consider a fleet of 1 vessel with a Laden trip of over 30 days. Then, for the month of
Laden the utilization of the fleet would be equal to 1 and for the ballasting trip the utilization would be equal to 0.
Hence, this filtering helps on estimating the coefficient more accurately.
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Table 11: Effect of Fleet Size in Utilization (Time)

Dependent Variable

Log Utilization (Laden Days / Total Days)

All Aframax Panamax Suezmax VLCC MR1 MR2
Filtering: Fleet Size >1
Log Fleet Size 0.0399%** | 0.0426***  0.0848***  0.0273 0.0125  0.0594***  (0.0249**
-(0.006) -(0.015) -(0.029) -(0.019) -(0.013)  -(0.014) -(0.012)
R-squared 0.1991 0.1802 0.1475 0.1901 0.1851 0.2555 0.2095
N obs 23,804 5,030 2,267 3,322 3,354 4,078 5,753
Filtering: Fleet Size >2
Log Fleet Size 0.0499%*F* | 0.0610***  0.0812** 0.0256 0.0187  0.0655***  0.0421%**
-(0.007) -(0.017) -(0.035) -(0.022) -(0.017)  -(0.014) -(0.016)
R-squared 0.2203 0.2014 0.1575 0.1692 0.1681 0.3312 0.2396
N obs 17,986 4,096 1,587 2,731 2,839 2,501 4,232
Filtering: Fleet Size >3
Log Fleet Size 0.0443***% | 0.0507***  0.0821** 0.0322 0.0251 0.0375*  0.0440%***
-(0.008) -(0.018) -(0.039) -(0.024) -(0.020) -(0.019) -(0.015)
R-squared 0.2421 0.2012 0.1573 0.1773 0.1857 0.3826 0.2809
N obs 14,659 3,266 1,310 2,399 2,458 1,843 3,383
Controls
Month-Year Yes Yes Yes Yes Yes Yes Yes
Operator No Yes Yes Yes Yes Yes Yes
Operator * Vessel Class Yes No No No No No No

Standard errors in parentheses.
Signif.Codes: ***:0.01, **:0.05, *:0.1

Notes: Table shows the results of the regression of fleet size and utilization at the Commercial Operator level as
described in Eq. (13) but using the time definition of utilization instead of the distance one. Herein we extend our
results and calculate the coefficient for the different markets (Vessel Classes) and we observe that all coefficients
are significant besides the Aframax Class. Moreover, we filter the dataset to only observations when the average
fleet size of a Commercial operator exceeds 1, 2, 3. This filtering is important given that Utilization is an aggregate
metric and when few observations are available the metric could be biased. As an example, consider a fleet of 1
vessel with a Laden trip of over 30 days. Then, for the month of Laden the utilization of the fleet would be equal
to 1 and for the ballasting trip the utilization would be equal to 0. Hence, this filtering helps on estimating the

coefficient more accurately.
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Table 12: Effect of Fleet Size in COy Emissions

Dependent Variable

Fraction of ballast emissions (Ballast COy Emissions / Total COy Emissions)

All Aframax Panamax Suezmax VLCC MR1 MR2
Filtering: Fleet Size >1
Log Fleet Size -0.0078%** | -0.0107 -0.0161 0.0010 0.0003  -0.0181***  0.0012
-(0.003) (0.0071)  -(0.014)  (0.0095) -(0.006) (0.0065) (0.0058)
R-squared 0.1909 0.1756 0.1326 0.1796 0.1938 0.3162 0.2237
N obs 24,226 5112 2,304 3374 3,388 4161 5887
Filtering: Fleet Size >2
Log Fleet Size -0.0128%** | _0.0152*  -0.0154 0.0021 0.0003  -0.0224***  -0.0124
-(0.004) (0.0082)  -(0.017)  (0.0107) -(0.008) (0.0074) (0.0078)
R-squared 0.2518 0.2106 0.143 0.1746 0.1785 0.4036 0.2579
N obs 18,130 4132 1,598 2745 2,861 2524 4270
Filtering: Fleet Size >3
Log Fleet Size -0.0118%** | -0.0149*  -0.0252 0.0007 -0.0015 -0.0103 -0.0143*
-(0.004) (0.0089) -(0.019)  (0.0117) -(0.010) (0.0105) (0.0082)
R-squared 0.934 0.2210 0.1586 0.1739 0.1964 0.4493 0.3098
N obs 14,730 3283 1,314 2404 2,475 1853 3401
Controls
Month-Year Yes Yes Yes Yes Yes Yes Yes
Operator No Yes Yes Yes Yes Yes Yes
Operator * Vessel Class Yes No No No No No No

Standard errors in parentheses.
Signif. Codes: ***:0.01, **:0.05, *:0.1

Notes: Table shows the results of the regression of fleet size and the fraction of CO2 emissions at the Commercial
Operator level as described in Eq. (13) but using the emissions definition of utilization instead of the distance one.
Explicitly, the specification we run is FracBallastCO2; 1 = axlog(PoolSize; 1)+E&t+1i », where FracBallastCO2;
is the fraction of emissions stemming from the ballast legs over the total emissions of commercial operator i during
time period ¢. It is calculated by: FracBallastCO2;; = BallastEmissions; /Total Emissions; . In line with
our Utilizaiton specification, we filter the dataset to only observations when the average fleet size of a Commercial
operator exceeds 1, 2, 3. This filtering is important given that the fraction of emissions is an aggregate metric and
when few observations are available the metric could be biased. As an example, consider a fleet of 1 vessel with
a Laden trip of over 30 days. Then, the fraction of ballast emissions would be 0. Hence, this filtering helps on

estimating the coefficient more accurately.
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Aggregate MRI1 MR2 Panamax  Aframax  Suezmax VLCC
8.0272FFF 8 8444*** T ATGA***  6.4532%FF*  12.5471FF*  7.2892%FFF 4 A762%H*
(0.2848) (1.0697) (0.5185) (0.9737) (0.5567) (0.8336) (0.5508)

A Utilization (%)

Table 13: Average percent difference in the utilization rate (distance based) between large pools
and synthetic fleets that serve similar locations. Standard errors in parentheses.

Aggregate MRI1 MR2 Panamax Aframax Suezmax VLCC
21.4096***  23.4235%HF%  21.7873***  18.3534***  33.9539*H*  22.0736***  7.0543***
(0.6271) (2.1276) (0.9647) (2.0069) (1.4369) (1.9845) (0.9684)

A Utlization (%)

Table 14: Average percent difference in the utilization rate (time based) between large pools and
synthetic fleets that serve similar locations. Standard errors in parentheses.

Aggregate MR1 MR2 Panamax  Aframax Suezmax VLCC
-5.9732%¥ % _7.2260%FF  _5.0161%** -5 3114%FKF  _8.2912%**  _G.861THHKE  -3.7527***
(0.4417) (1.6402) (0.9015) (1.5876) (0.9371) (1.1360) (0.8173)

A Ballasting (%)

Table 15: Average percent difference in the share of COgemissions due to ballasting between large
pools and synthetic pools that serve similar locations.Standard errors in parentheses.
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Table 16: Effect of Fleet Size in Delays (Idle time) for the different legs: Ballast and Laden Legs
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Notes: This table reports the relationships between fleet size and the delays experienced in different sections of the
voyages The main takeaway of this analysis is to validate that the gained efficiency of bigger fleet sizes comes from

the Ballast portion of the trip. Specifically, we regress the fleet size with the delays in both the ballast and laden

voyages. As expected, we observe that a bigger fleet experiences lower delays in ballast voyages but does not has an

effect on improving the delays in laden voyages. Intuitively, laden voyages should not be improved because a vessel,

independently of the management wants to minimize the time to its destination once it is loaded. To perform this

regression, we calculate the delays as the difference between the travel time of the voyage and the non-delayed travel
time of that leg which is estimated as the 20 percentile of the distribution of travel times from laden voyages.
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Table 17: Effect of the fleet size of a vessel and the number of trips per month made on an OD

pair (Complexity of the operation)

Dependent Variable

Log Number of Trips in a single OD pair

All Aframax  Panamax  Suezmax VLCC MR1 MR2
Geo Granularity: Area
Log Fleet Size -0.0187%*%*% | _0.0171***  -0.0105  -0.0355%** -0.0143%** _0.0190*** -0.0284***
(0.001) (0.001) (0.007) (0.007) (0.004) (0.002) (0.004)
R-squared 0.2578 0.2396 0.5601 0.6324 0.1856 0.328 0.3536
R-squared Adj. 0.2538 0.2337 0.4866 0.6007 0.1547 0.3138 0.3215
N obs 111,475 72,571 1,852 2,555 2,815 23,710 7,972
Geo Granularity: Narrow Area
Log Fleet Size -0.0151%%*% | -0.0126***  -0.0124*  -0.0312*** -0.0136*** -0.0148%** _0.0207***
(0.001) (0.001) (0.007) (0.007) (0.004) (0.002) (0.003)
R-squared 0.2462 0.2479 0.4552 0.48 0.2548 0.2724 0.3835
R-squared Adj. 0.2359 0.2333 0.3119 0.4126 0.2097 0.2383 0.3168
N obs 119,957 77,365 1,926 2,805 2,928 26,404 8,529
Fized Effects
Quarter-Year Yes Yes Yes Yes Yes Yes Yes
OD-pair Yes Yes Yes Yes Yes Yes Yes
Vessel Class Yes No No No No No No

Standard errors in parentheses.
Signif. Codes: ***:0.01, **:0.05, *:0.1

Notes: This table reports the relationships between fleet size and the intensity of trips that a vessel travel in the
same lane. The main takeaway suggests that a vessel belonging to a larger fleet do not stick to a single lane and it
is more likely to serve more routes than vessels belonging to smaller fleets. More generally, this result supports our
findings that larger fleets have more complex operations via coordination and reach higher levels of utilization.
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Table 18: Effect of the fleet size of a vessel and the number of different ports visited in a quarter
(Complexity of the operation)

Log Number of Ports per Vessel in a Quarter

Dependent Variable All Aframax Panamax  Suezmax VLCC MR1 MR2
Number of ports
Log Fleet Size 0.2326*** | 0.2292***  (0.2707***  0.2205%*F*  (0.1783*** (.2423***  (.2113%**
(0.005) (0.014) (0.019) (0.017) (0.012) (0.012) (0.010)
R-squared 0.3826 0.2625 0.2595 0.215 0.1919 0.4377 0.2613
R-squared Adj. 0.3715 0.2485 0.2417 0.2004 0.1791 0.4213 0.249
N obs 66,158 13,113 5,475 8,969 11,991 7,766 18,844
Fized Effects
Quarter-Year Yes Yes Yes Yes Yes Yes Yes
OD-pair Yes Yes Yes Yes Yes Yes Yes
Vessel Class Yes No No No No No No

Standard errors in parentheses.
Signif. Codes: ***:0.01, **:0.05, *:0.1

Notes: This table reports the relationships between fleet size and the diversity of Ports, Narrow Areas and Areas
that a vessel visit in a quarter. The main takeaway is to suggest that larger fleet typically have a better allocation
of their vessels across the network of ports and that coordination allows them to have more complex operations and
reach higher level of utilization. Specifically, we regress for each vessel its fleet size (the size of the fleet that the
vessel belongs in a month) against the number of unique ports that the vessel visited in a month. We control by
the trip itself such that the comparison is done across vessels that completed trips in the same month and route. .
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B.2 Figures
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Figure 3: A map showing the demand imbalances across the network. The color of each country
report the difference between the number discharge events and the number of loading events. A
positive value is interpreted as a country which has more exports than imports while a negative
value points to countries with higher imports than exports. Specifically, we observe that China is
the larges importer while Russia and Saudi Arabia are the largest exporters.
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Figure 4: Left histogram shows the variation in Fleet Size at a quarterly level, i.e., for each quarter
and Commercial Operator we measure their average fleet size and generate the histogram using
these values. The plot shows the market structure emphasizing its fragmentation (most of the
observations happen on the left side). The blue dotted line report the median of the distribution
which is equal to 3.3. Similarly, the plot on the right panel shows the utilization (laden miles/total
miles) of each fleet at a quarterly level. The red solid line is at the 0.5 level, where all trips would
be of the style out and back and the dotted blue the median of the distribution which equals 57.4%.
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Figure 5: The figure shows the variation across time of the average fleet size of the seven largest
Commercial Operators in each sub-market at a monthly level.
empirical analysis where we exploit the differences across time of the fleet size of an operator.
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Figure 6: Distribution of the number of days between arrival of an empty vessel at port and its
departure laden (i.e., loading time)
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Figure 7: Distribution of the number of days between arrival of a laden vessel at port and its

departure empty (i.e., unloading time)
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Figure 8: Lo distance between each successive set of basis values Vk’ for the basis states of the
Fitted Value Iteration procedure.
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