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Abstract
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1 Introduction

The United Nations (U.N.) has identified global decarbonization as a top priority (Guterres, 2020).

In line with this agenda, the U.N. mandated its International Maritime Organization (IMO) to spear-

head the decarbonization of maritime transport, which handles 90% of international trade by weight

(IMO, 2014). In response, the IMO adopted Initial IMO Strategy on Reduction of GHG Emissions,

aimed at limiting CO2 emissions from maritime transport. Originally scheduled for implementa-

tion in 2023, the timeline has been postponed, with Resolution MEPC.377(80) now setting the new

implementation date for 2027 (IMO, 2023). We refer to these forthcoming regulations as IMO2023.

Our paper provides an ex-ante analysis of the potential impacts of the forthcoming IMO2023

regulations. Ocean transportation is the most CO2-efficient mode of transport: per ton-mile, it emits

2.4 times less CO2 than rail, 12.5 times less than road, and 103.5 times less than air transport (Shapiro,

2016). Therefore, while over 90% of global weight-miles are transported by sea, maritime shipping

contributes just 3% of total global emissions—out of the 8% attributed to all cargo transport.1

Our central argument is that, while IMO2023 is intended to reduce emissions, it may have the

unintended consequence of backfiring. By diverting freight from maritime shipping to far more

carbon-intensive air and ground transportation, IMO2023 risks not only undermining environmental

objectives but also driving up consumer costs, thereby diminishing overall welfare. Furthermore, if

implemented, this reform could erode public trust in future environmental initiatives—potentially

setting back broader efforts to combat climate change.

To quantitatively analyze the effects of IMO2023, we focus on U.S. imports of manufactured goods

due to the absence of detailed global transportation cost data. By focusing on the U.S.—the world’s

largest importer—we can access the most detailed data available on freight rates, weights, and import

prices, providing the foundation for rigorous empirical analysis. This focus also aligns with previous

research that has specifically examined the interchangeability between air and maritime transport in

1 See U.S. EPA, which indicates that in 2019, transportation contributed 15% of global CO2 emissions, with more than
half coming from goods transportation. Overall, transportation is the fourth-largest global emitter (after energy,
industry, and AFOLU (Agriculture, Forestry, and Other Land Use), making it a crucial sector for any emissions-
related discussion.
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the context of U.S. imports (Harrigan, 2010; Hummels and Schaur, 2010, 2013), ensuring consistency

and comparability with established findings.

As a starting point for our analysis, we compare IMO2023 emissions thresholds with actual vessel

data and find that many exceed the limits. Expert opinions and official reports suggest that current

abatement technologies are either insufficient or too costly to meet the new standards. As a result,

both IMO members and shipping industry experts agree that, in the short term, slow-steaming—

reducing vessel speeds—is the only viable strategy. Using vessel emissions data and naval engi-

neering formulas, we calculate that U.S.-bound container vessels will need to reduce speeds by an

average of 5.2%. Moreover, we show that slow-steaming will effectively reduce capacity in this al-

ready capacity-constrained industry. Specifically, we calculate that the reduction in capacity will vary

significantly across U.S.-inbound routes, with an average decrease of about 5.2%—a figure consistent

with industry expert estimates.

Next, to estimate critical parameters for evaluating IMO2023, we develop a model of U.S. imports

at the Customs District level that accounts for substitution both between transportation modes and

across routes. The model captures essential structural parameters, including the elasticities of sub-

stitution (i) within transportation modes on a given route and (ii) between different routes, as well

as preference parameters for goods transported by various modes. We estimate these parameters

using U.S. Census Imports data, combined with TransBorder Freight Data, which provide detailed

information on transportation mode, freight rates, and quantities of U.S. imports at a highly disag-

gregated level.

Estimated demand- and supply-side parameters enable us to predict both the short-run and long-

run impacts of IMO2023. By applying these parameters to our model’s short-run predictions, we

show that, for the U.S.-bound containerized ocean fleet, IMO2023 will (i) more than double the av-

erage freight rate and (ii) decrease CO2 emissions by 15.6%. That is, IMO2023 will indeed achieve

its targeted reduction in CO2 emissions from ocean transportation. However, it will concurrently

lead to a significant pollution leakage into air transportation: our model predicts an increase in CO2

emissions related to air transportation by up to 12.4%. Consequently, combined CO2 emissions from
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both ocean and air transport will increase by up to 3.3%. This implies that in the short-run, the unin-

tended consequences of IMO2023 will effectively negate its intended benefits, leading to an overall

increase in total emissions.

Furthermore, the implications of IMO2023 extend beyond environmental consequences. The re-

form will also impact the economic dynamics of U.S. imports. Imported goods will be delivered at

slower speeds, arrive in reduced quantities, and at much higher freight rates. These factors collec-

tively contribute to significant welfare losses for American consumers, which we estimate to 45.8

billion USD annually. IMO members are the only player in this policy proposal that stands to ac-

crue material benefits: the reform will enhance industry’s image by reducing emissions produced

by ocean transportation, increase short-run profits of carriers, and boost demand for new vessels in

the medium and long-run. In our counterfactual analysis, we show that an effective, though unex-

pected, short-term policy would be to increase the speed of containerized vessels. This would raise

total emissions by just 0.2% but boost consumer surplus by $3.8 billion.

Our long-term analysis shows that, while the effects of the IMO2023 reform are less dramatic,

both the "green paradox" and significant welfare losses persist. We estimate a 2% annual increase in

net emissions from transportation, coupled with $14 billion in yearly welfare losses. These outcomes

indicate that the reform not only fails to address the emissions problem but may actually worsen it,

imposing substantial economic costs without delivering meaningful environmental benefits.

In contrast, our long-run counterfactual analysis suggests that taxing air-transported goods could

offer a more effective solution. By shifting demand toward more carbon-efficient ocean transport,

this policy could lower overall pollution and reduce the welfare losses per percentage reduction in

emissions.

A broader issue lies in the potential conflict of interest within self-regulating organizations like

the IMO. With its members drawn from carriers, shipbuilders, and financiers, the IMO is likely to

prioritize industry interests over global environmental goals, as suggested by Apuzzo and Hurtes

(2021). This raises concerns about the organization’s ability to enact policies that truly serve the

public interest. Restructuring U.N. specialized agencies, though complex, could help ensure envi-
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ronmental priorities take precedence over industry-driven policies, improving the U.N.’s ability to

meet climate targets.

While we lack equivalent data for other countries, we find that the U.S. is not unique in its share

of air-transported goods. Thus, we expect similar qualitative effects from IMO2023 for imports in

other countries, leading to significant leakage into air transportation globally.

Our paper contributes to several bodies of literature. First, we contribute to the literature on

government regulation of pollution and pollution leakages. In general, government intervention is a

textbook solution for dealing with externalities, including environmental externalities (Pigou, 1920).

Such intervention compels producers to internalize the external cost of pollution, thereby mitigating

the impacts of market failure. However, the effects of regulation become ambiguous if controlling

one market leads to increased pollution in another, a phenomenon known as leakage.

Pollution leakage has been thoroughly examined within the context of geographic markets, where

regulation in one country or U.S. county increases pollution in others (e.g., Becker and Henderson,

2000; Greenstone, 2002).2 We contribute to this literature by highlighting a different type of pollution

leakage: inter-sectoral leakage from ocean to air transportation, where stricter regulations exclusively

on ocean transportation will shift import demand from ocean to air transportation.

This unintended consequence of IMO2023 will be especially severe given that air transportation

is two orders of magnitude more carbon-intensive than containerized maritime transportation.3 This

stark difference in carbon-intensity between the targeted ocean transportation and the leakage desti-

nation (air transportation) is unprecedented. Therefore, inter-modal leakage may not just undermine

the effect of regulation, as in case of some other within-industry leakages,4 but can even overturn it,

2 There is a large body of literature on trade and environmental regulations, which focuses on the environmental
aspects of trade, including international leakage and free riding across countries. A very incomplete list of papers
in this literature includes Markusen (1975); Copeland (1996); Elliott et al. (2010); Hanna (2010); Nordhaus (2015);
Shapiro (2020); Farrokhi and Lashkaripour (2021); Kortum and Weisbach (2021); Tanaka et al. (2022).

3 According to our calculations, the average ratio of grams of CO2 per ton of goods transported by air relative to
American container ship routes results in a 90-fold difference. This 90-fold difference grows to 156 if we compare
grams of CO2 per ton-mile since air routes are typically more direct than container ship routes. Cristea et al. (2013)
and Shapiro (2016) have also highlighted the much greater carbon intensity of air transportation compared to ocean
and other modes of transportation.

4 See, for example, literature on Gruenspecht effect, where the impact of stricter emission regulations of new vehicles is
offset by the owners keeping older vehicles for longer time (Gruenspecht, 1982; Jacobsen and van Benthem, 2015).
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increasing the overall emissions and creating a version of the green paradox.5 While our study is lim-

ited to the maritime transportation sector, which contributes about 3% of the global CO2 emissions

and thus is unlikely to have major macroeconomic implications, the fact that the proposed reform is

both costly and counterproductive is important and might provide useful insights for environmental

regulation in other sectors.

Second, our paper contributes to academic research on emissions from transportation. Most re-

search on pollution from transportation does not focus on the issue of leakage. Walker et al. (2019)

offers a comprehensive review of the environmental effects of maritime transportation, Ben-Hakoun

et al. (2016) focuses on carbon pollution by maritime transport, and Chao (2014) studies the cost-

effect of carbon pollution caused by air cargo transportation. Recent work by Wong and Fuchs (2022)

analyzes the impacts of improving inter-modal transport infrastructure, including container ports,

on both welfare and mode-specific greenhouse emissions. Even research on spatial leakage of car-

bon emissions produced by maritime transport tends to ignore intersectoral leakage. Unsurprisingly,

this research advocates for either quantitative emissions restrictions or taxes on bunker fuel in ocean

transportation (Parry et al., 2018; Mundaca et al., 2021). According to our results, such policies are

likely to increase joint air and ocean transportation emissions.

Our paper proceeds as follows. Section 2 provides an overview of IMO2023, our shipping mi-

crodata, and IMO2023 impacts on vessel speed and attendant short-run U.S. ocean-transportation

capacity removal. Section 3 presents our theoretical model. We estimate and calibrate model pa-

rameters in Section 4. Section 5 presents short-run predictions on the effects of IMO2023, while

Section 6 addresses long-run impacts and compares them against an alternative policy of taxing air-

transported goods while leaving shipping speeds unchanged. Section 7 concludes and discusses the

external validity of our findings to other countries.

5 See der Werf and Maria (2012) for a review of green paradox literature related to pollution leakage.
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2 The Anatomy of IMO2023

IMO2023 regulations, established by the International Maritime Organization (IMO), represent a

critical step in the global effort to reduce carbon emissions from maritime transport, a significant

contributor to global CO2 emissions. As a specialized agency of the United Nations, the IMO has

been tasked with developing global safety and environmental standards for the shipping industry.

In 2018, the IMO introduced its Initial IMO Strategy on Reduction of GHG Emissions, which aims to

progressively tighten carbon intensity standards for ships, measured as CO2 emissions per ton-mile

of cargo, with the goal of full implementation by 2050. Collectively known as IMO2023, these regula-

tions mandate that ships meet increasingly strict Carbon Intensity Indicator (CII) targets.6 Originally

slated for 2023, IMO2023 regulations have encountered a significant delay. In July 2023, the Marine

Environment Protection Committee (MEPC) convened for its 80th session, where it adopted Reso-

lution MEPC.377(80). This resolution, formally known as the "2023 IMO Strategy on Reduction of

GHG Emissions from Ships," now defers the enforcement of IMO2023 measures to 2027. While the

timeline has shifted, the technical regulations outlined in earlier resolutions, including MEPC.304(72)

and MEPC.328(76), remain intact. The only substantial change is the extended timeline for imple-

mentation. Consequently, the analysis presented in this paper retains its relevance as the industry

prepares for the forthcoming reforms IMO (2023).

In this section, we dissect the legal underpinnings of IMO2023 and integrate them with naval en-

gineering formulas to forecast the regulations’ impact on vessel speed and fleet capacity. To support

our analysis, we incorporate a range of relevant datasets. For ease of reference, these datasets are

summarized in Table 1.

As noted earlier, IMO2023 imposes increasingly stringent Carbon Intensity Indicator (CII) targets

on ships. These standards quantify CO2 emissions in grams per ton-mile. For any given year t, a

6 The origins of emission threshold policies can be traced back to the Initial IMO Strategy on Reduction of GHG
Emissions adopted in April 2018 (IMO Resolution MEPC.304(72)), which was later expanded with new regulations
approved in 2021 (refer to IMO Resolutions MEPC.335(76), MEPC.336(76), MEPC.337(76), MEPC.338(76)). On the
enforcement side, failure to comply could result in operational restrictions, including being barred from certain
ports or being unchartered.
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Table 1: Summary of Datasets Used in Section 2

Name of the Dataset Key Variables Purpose of Using the Dataset Section
IMO2023 Regulations Required emissions per vessel

size (Dead Weight Tonnage,
Dwt)

To compare actual emissions per vessel
with those required by IMO2023

regulations

2

World Fleet Register (WFR),
Clarksons PLC

Dead Weight Tonnage (Dwt)
and other technical

characteristics of individual
containerized vessels

To analyze current emissions by vessel
size and calculate the required speed

adjustments to meet IMO2023 standards

2

THETIS-MRV, by the European
Maritime Safety Agency

(EMSA)

Measured annual carbon
emissions and distance traveled

per vessel

To obtain actual per-vessel emissions
data for comparison with the

benchmark emissions set by IMO2023

2

Shipping Intelligence Network
(SIN), Clarksons PLC

Idle capacity data for vessels To demonstrate that containerized
shipping operates at full capacity

2.2

Automatic Identification
System (AIS), Marine Cadastre

AIS tracking data for container
ships serving U.S. ports

To estimate port time and analyze its
relationship with traffic levels

2.2

vessel’s operational carbon efficiency, represented as CIIv, tobs, is measured against the IMO’s re-

quired CII, CIIreqv, t. The formulas for these calculations are detailed in Table 2. The required CII is

anchored to a reference level of CO2 emissions, which is determined by a ship’s deadweight tonnage

(Dwt). A lower CII indicates greater carbon efficiency. The IMO assigns letter grades to ships based

on the ratio CIIv,tobs

CIIreqv,t , with the grading thresholds specified in Table 2.

Table 2: IMO2023 Letter Grade Classification of Carbon Efficiency

CIIobs
v,t

CIIreq
v,t

× 100% < 83% 83 − 94% 94 − 107% 107 − 119% > 119%

Grade A B C D E

Note: CIIobs
v,t =

CO2 Emissionsv,t
Dwtv×Distv,t

and CIIreq
v,t =

[
1984 × (Dwtv)−0.489] (1 − Zt), where Dwtv—Deadweight Tonnage— is a

measure of vessel size; Distv,t is the total distance traveled by v in year t; expression in [.] is the reference line in year
2019; and Zt was supposed to start out at 5% in 2023 and increments by 2% each year with the rate likely to accelerate
in 2027 (Table 1 of MEPC.338(76)) As the implementation of IMO2023 has been postponed, the projected start date has
been revised to 2027.

Starting in 2027—four years later than originally planned—only vessels earning an "A," "B," or

"C" grade will be eligible for charter without significant operational modifications. Under the post-

IMO2023 framework, the required Carbon Intensity Indicator (CIIreq
v,t ) will tighten each year, raising

the bar for carbon efficiency. As a result, a vessel that earns a "C" grade in 2027 could easily find itself

slipping to a failing "D" grade by 2028 if no adjustments are made to improve its performance.7

To assign letter grades to vessels based on IMO2023 standards, we leverage a meticulously con-

7 See MEPC.354(78) for letter grades.
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structed database of containerized vessels. This database includes the key metrics needed to calcu-

late a vessel’s observed carbon efficiency: deadweight tonnage (Dwt), distance traveled, and CO2

emissions. We draw from three distinct data sources to capture these variables. First, Dwt data for

all containerized vessels is sourced from the World Fleet Register (WFR), maintained by Clarksons

PLC, the world’s leading shipbroker. Second, we use BlueWater Reporting data to track port-to-port

rotations and measure the annual distance traveled by each containership. Third, we rely on a partial

dataset from THETIS-MRV (also known as THETIS), an online database managed by the European

Maritime Safety Agency (EMSA), which provides information on carbon emissions and distance

traveled for the years 2018-2023. This dataset covers 39.7% of the global containerized ocean fleet by

count and 54.1% by capacity. Additional details on these and other datasets used in the paper can be

found in Online Appendix A.1.

Figure 1: Observed Carbon Intensity
Notes: Each dot represents a vessel. Based on Dwt capacity, our sample has the following distribution of CII letter grades
going based on IMO2023 required CII: 5.1% are A, 12.8% are B; 25.0% are C; 27.3% are D; and, 29.8% are E.

Using our vessel database, we perform two key analyses. First, we calculate IMO2023 letter

grades for 1,903 containerized vessels included in the THETIS dataset, with the results displayed in
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Figure 1. For vessels with multiple observations, we average the data at the vessel level to derive

CIIobs
v . Second, we estimate CO2 emissions for the remaining vessels in the database to determine

their corresponding letter grades. Using our vessel database, we conduct two key analyses. First,

we calculate the average (across year) IMO2023 CII, CIIobs
v , for 1,903 containerized vessels reported

in the THETIS dataset, CIIobs
v , and use vessels’ CIIS to determine their letter grades. Second, we

estimate CO2 emissions for the remaining vessels to calculate their letter grades. Figure 1 displays

the IMO2023 required CII benchmark efficiency line for 2027 (i.e, CIIreq
v,t=2023.), highlighted in red,

alongside the relationship between vessel Dwt and observed CO2 emissions per Dwt ton-mile.

Figure 1 reveals two main insights. First, vessel operational carbon intensity improvement vary

in meaningful across containerships. To avoid a "D" or an "E" rating, vessels need to achieve an

average CO2 reduction of 8.9%, which includes vessels with "A-C" ratings. For vessels with "D" or

"E" ratings, the average reduction required is 15.9%. Second, vessel size is an excellent predictor of

observed carbon intensity, as evidenced by a simple linear model estimated on the THETIS sample

(standard errors reported below coefficients):

ln
(

CIIobs
v

)
= 7.62

(0.04)
− 0.49

(0.004)
ln(Dwtv) + ϵv , (R2 = 0.87; N Obs = 1903). (1)

This model explains 87% of the variation in log-transformed observed carbon intensity. Given the

strong explanatory power of Dwt, we aim to estimate the CIIobs
v,t for vessels outside of the THETIS

sample. To do this, we adopt a training and testing approach. We randomly divide our THETIS

sample into a training dataset (80% of the sample) and a testing dataset (20% of the sample) 10,000

times. For each iteration, we fit a simple linear model similar to Equation (1), and calculate the

in-sample and out-of-sample R2 and RMSE.

We also adjust fitted values to account for the fact that CIIobs
v,t in levels is obtained by exponen-

tiating fitted values that are expressed in logs.8 Our in-sample R2 based on levels for our chosen

8 This adjustment is referred to as Duan’s smear. Intuitively, it adjusts for the fact that the expected value of the
exponentiated log-fitted value differs from the expected value. In our case was approximately ≈ 1.02, see Duan
(1983) for a detailed explanation.
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model is 0.818 with a 95% CI of [0.754, 0.877]. Standard errors are derived using 10,000 bootstrapped

samples. Furthermore, our out-of-sample R2 based on levels is 0.883 with a 95% CI of [0.860,0.907].

To select our predictive model, we choose the slope term with the highest frequency in 10,000

trials. Notably, the model’s coefficient matches Equation (1). With this model, we estimate the

CIIobs
v,t = ĈI I

obs
v and assign letter grades to the remaining vessels.

2.1 Calculating the required slow-steaming in response to IMO2023

Compliance for letter grades D and E vessels, based on IMO2023 requirements, poses a significant

challenge. Container ship carbon abatement has so far been achieved through three channels: (1)

adoption of lower carbon content fuels; (2) incorporation of more fuel-efficient ship designs; and

(3) construction of larger vessels. Of these channels, the first two offer limited potential for lasting

environmental improvement: Alternative fuel sources, such as liquefied natural gas and methanol,

release comparable carbon emissions over their lifetime use, and reductions achieved through vessel

design are only realized when vessels operate at slow speeds (Winnes et al., 2015). Consequently,

both the IMO and industry practitioners highlight slow steaming, i.e., speed reduction, as the pri-

mary approach for complying with IMO2023.9

In order to assess the impact of IMO2023 on vessel speed, we utilize a naval engineering formula

from Corbett et al. (2009) to express the per trip fuel consumption F of a vessel as a function of its

speed:

Fijv(sv) =
[

FMain
v

( sv

sDes
v

)3
+ FAux

v

] dij

24sv
, (2)

9 ZIM’s executive vice president, Xavier Destriau, noted in an August 2021 interview with Szakonyi (2021) that reduc-
ing carbon emissions requires changes in engine power and vessel speed. That means the industry is going "to need
more vessels to handle the same amount of cargo," he said. This sentiment was echoed by Gulfstream Shippers
Association’s President, Garret Bowman, who predicts that many ships will slow down in response to IMO2023
(Slaughter, 2022). Some naval engineers have raised concerns about the effectiveness of this measure, noting that
each vessel’s engine has a rated speed for optimal efficiency, and recalibrating this speed for existing vessels may not
be feasible (Sanguri, 2023). While this could potentially impact fuel efficiency and compliance with new regulations,
for the purposes of this paper, we focus on the broader policy implications and assume that recalibration is either
feasible or does not significantly affect the outcome. Future research could address this issue more thoroughly.
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where FMain
v and FAux

v are vessel v’s main and auxiliary engine fuel consumption per day, respec-

tively; sDes and sv are v′s design and operational speeds, respectively; and dij is the total distance of

the ij route defined by the U.S. importing Customs District i and the exporting country j. We then

calculate the ratio of fuel consumption for a vessel slowing down to meet the IMO requirements to

sIMO
v relative to operational speed sv assuming sIMO

v = ρvsv, where ρv ≡ s2v/s1v ≤ 1 represents the

reduction in speed necessary for a vessel to meet new operational efficiency standards:

Fijv(sIMO
v )

Fijv(sv)
=

FMain
v (ρvsv/sDes

v )3 + FAux
v

ρv(FMain
v (sv/sDes

v )3 + FAux
v )

. (3)

Given that vessel CO2 emissions are directly proportional to fuel consumption, comparing the

fuel consumption at different speeds allows us to estimate the change in CO2 output (per ton-mile).

We then use the IMO’s CIIreq
v,t operational efficiency standard to calculate the slowdown factor ρv

required for vessels with a "D" or "E" rating to achieve a "C" grade or higher. To find the appropriate

slowdown adjustment ρv, we minimize the function H(ρv), defined as

H(ρv) ≡
[ FMain

v (ρvsv/sDes
v )3 + FAux

v

ρv(FMain
v (sv/sDes

v )3 + FAux
v )

−
(

1 −
(CIIobs

v

CIIreq
v

− 1.07
))]2

. (4)

where the minuend comes from equation (3), while subtrahend comes from comparing a vessel’s

current operational rating to its IMO2023 standard (see Table 2). We subtract 1.07 because a +7%

deviation is the maximum allowed for a vessel to still receive a "C" grade. For vessels with multi-

ple observations, we use average values. We minimize the squared difference between the required

IMO2023 improvements (minuend) and the speed-induced relative change in fuel consumption (sub-

trahend). This ensures the necessary CO2 reductions are achieved, balancing speed and efficiency.

For vessels currently rated "C" or better, we set ρv = 1.

To use equation (3), we require data on container ship routes, vessel speeds, fixed technical char-

acteristics (main engine fuel consumption, auxiliary fuel consumption, and design speed), and ob-

served operational carbon intensity CIIobs
v,t . We identify U.S.-bound container ships using Panjiva bill
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of lading data and BlueWater Reporting ship rotation data, and calculate vessel operational speeds

using THETIS-MRV and BlueWater Reporting data. Fixed technical characteristics are measured or

imputed using Clarkson’s WFR data, and missing values of CIIobs
v,t are measured or imputed based

on the relationship between vessel size and operational carbon efficiency captured by equation (1).10

Figure 2: IMO2023 slowdown calculations (ρv)
Notes: The unit of observation in this Figure is a vessel. The horizontal axis corresponds to deadweight tonnage (a
measure of vessel size) whereas the vertical axis corresponds to how much a vessel needs to slow down (e.g. ρv) in
percentage terms to meet IMO2023 standards. The unweighted marginal densities of both vessel size and slowdown are
plotted alongside the appropriate axis. Each vessel/point is colored according to how much the slowdown will improve
the vessel’s operational efficiency rating: brighter (darker) colors correspond to greater (lesser) operational efficiency
improvements.

In Figure 2, we present our estimates of vessel slowdown as a function of vessel size measured

in Dwt. Each vessel is color-coded according to the size of the carbon operational efficiency increase

needed to attain a "C" grade or better. The results highlight significant heterogeneity across vessel

size and speed adjustments. On average, the Dwt capacity-weighted vessel slowdown is approxi-

10 See Online Appendix A.3.1 for details on identifying U.S.-bound container ships, Online Appendix A.3.2 for cal-
culating vessel speed, Online Appendix A.3.3 for modeling technical characteristics, and Online Appendix A.3.4
for imputing CIIobs

v,t . Table A5 summarizes data sources and methods, while Online Appendix A.3.6 provides more
details on the speed adjustment factor ρv.
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mately 5.2%, leading to a corresponding 7.3% increase in carbon operational efficiency. When we

restrict our attention to vessels that must slow down, the Dwt capacity-weighted average speed re-

duction rises to 6.4%, with a corresponding 8.7% increase in carbon operational efficiency.

2.2 Calculating effective capacity reduction

We begin by providing suggestive evidence that the assumption of binding capacity constraint ac-

curately describes capacity use in maritime transportation. This step is necessary to establish that

slow steaming reduces the effective capacity of the ocean fleet in the short-run due to full utilization

and slow vessel construction. We use Clarksons Shipping Intelligence Network (SIN) to assess fleet ca-

pacity utilization, calculating idle TEU capacity daily between 2014 and 2022. Figure 3 indicates that

idle capacity fluctuates between 1.3% and 6.8% within this period, averaging 2-3%. Some instances

of idle capacity stem from low demand, port congestion,11 maintenance, and schedule adjustments.

Therefore, we conclude that observed idle rates support full utilization of the containerized ocean

fleet.

Figure 3: Historic Daily Idle Ocean TEU Capacity
Notes: Figure 3 relies on data from Clarksons Shipping Intelligence Network (SIN).

In the short-run, ocean shipping capacity is constrained, as building a new vessel can take up to

three years (Kalouptsidi, 2014; Chokshi, 2020). Therefore, the required slow-down of the ocean fleet

11 For example, wait times outside of ports may reach up to 22 days at the most congested ports (Thomsen, 2021).
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will result in a reduction of ocean fleet capacity. To quantify this effect, we first use the calculated

vessel speed reduction ρv to determine a more aggregated route-level slowdown, ρij, where the route

is defined between an exporting country j and an importing U.S. Customs District i.12 Assuming a

representative vessel on route ij, the number of corresponding round trips nij is

nij = A
/

2
(

TIMEij + port(port trafficij)
)

, (5)

where A is the number of sailing days in the year and TIMEij is the average route time.13 The time

spent at port is modeled as a function of port traffic port(port trafficij) using Automatic Identification

System (AIS) tracking data. AIS does not report time at port for all ports. We overcome this issue by

computing the weighted average for the ports where the data are available, namely port =2.53 days,

and assign this average to all ports in our sample.14

We assume that a vessel’s time in port increases with port congestion. Using the same AIS data,

we calculate port time to estimate the port time elasticity, κ, with respect to container traffic. Our

estimate of κ̆ shows that a 10% increase in port traffic is associated with a 1.97% increase in a vessel’s

time at port, controlling for vessel, time, and port fixed effects. This estimate comes from Column (4)

of Table A7 in Online Appendix A.3.7 and is qualitatively similar to the range of vessel dwell time

elasticities reported by Wong and Fuchs (2022).

Reducing vessel speed has two opposing effects in our model. First, it increases the time spent on

a route, which reduces the number of round trips and capacity for the year. Second, slower vessels

result in fewer vessels in ports, reducing traffic. This, in turn, means that a vessel’s time in port is

reduced, leading to more round trips and partially restored capacity. Moreover, in the short-run, the

relative change in the number of round-trips is equal to the change in relative route capacity. We

12 Towards this goal, we map individual vessels to route ij. For details, see Online Appendix A.3.8.
13 We assume that vessels are active for A =340 days out of the year to reflect off-hire periods or for statutory main-

tenance, dry docking, etc. This is the number used by Haralambides (2019). Our analysis does not depend on A
because we assume that the number of sailing days per year is unaffected by IMO2023.

14 We use AIS tracking data on container ships serving U.S. ports from Marine Cadastre to estimate time at port and
how it depends on traffic. Refer to Online Appendix A.3.7 for more information on data and estimation details.
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Capacity Reduction (%) 0.0−2.5 2.5−5.0 5.0−7.5 7.5−10.0 10.0−15.0 15.0−20.0 20.0−30.0 30.0−53.0 NA

(a)
Capacity Reduction (%) 0.0−2.5 2.5−5.0 5.0−7.5 7.5−10.0 10.0−15.0 15.0−20.0 20.0−30.0 30.0−53.0

(b)

Figure 4: IMO2023 US Capacity Impacts
Notes: Both panels depict changes in country containerized export capacity to the US post IMO2023. Changes in country
j’s capacity are calculated via (∑i q̂ijcqijc)/(∑i qijc) − 1; this calculation informs how we color-code each country. The
difference between (a) and (b) is that (b) is cartogram, where country geometries are scaled according to trade volume
with the US. In this way, panel (b) shows that East Asian and Western European capacity reductions will be (numerically)
more significant.

calculate the change in route ij capacity, q̂ijc brought on by IMO2023’s slower speeds as:

q̂ijc ≡
nijT(ρij)

nijt
=

TIMEij + port
1

ρij
TIMEij + port

(
q̂ijc
)κ , (6)
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where t and T refer respectively to time periods pre and post implementation of IMO2023. We solve

for q̂ijc numerically. Our aggregated results reveal that IMO2023 will lead to a 5.2% reduction in U.S.

imports’ capacity and increase the average route shipping times by 0.54 days.15 The required capacity

reduction varies across countries. Figure 4 displays our q̂ijc calculations aggregated at the level of

importing country. For example, Chinese ocean export capacity will decrease by approximately 4.2%,

Brazilian export capacity by 8.2%, and German export capacity by over 10.3%.

Our results align with industry reports on the impact of IMO2023 on shipping capacity. For

instance, Maersk CEO Søren Skou asserted that the ocean company would require 5-15% more ca-

pacity to comply with the regulations due to slow steaming (Mandra, 2022). Similarly, Hapag-Lloyd

CEO Rolf Habben Jansen reported that the company would need an extra 5-10% capacity (Kershaw,

2022). Furthermore, our projections regarding decreases in speed and imports align with the findings

presented by the U.N. Conference on Trade and Development (UNCTAD, 2021).16

2.3 A Note on Enforcement Mechanism

Enforcement of IMO regulations is generally left to member states, and implementation details are

often left to MARPOL signatories.17 For example, in the U.S., MARPOL Annex IV regulations have

been incorporated into law by the Act to Prevent Pollution from Ships (APPS) and implemented

within 33 USC 1901 and 33 CFR 151 (USCG, 2022). The U.S. Coast Guard enforces maritime emissions

standards, including Annex IV’s regulations on sulfur content in commercial vessels’ bunker fuels

(Hansen-Lewis and Marcus, 2022).

Proponents of the IMO’s efforts to improve maritime emissions by collaborating with port states,

15 Using route traffic volumes as weights, we compute both summary statistics as weighted averages. We then com-
pute standard errors via boot-strap with 1,000 replications. Accordingly, we find short-run capacity reductions to
have a 95% confidence interval (CI) of [5.34%, 6.40%]. Likewise, short-run shipping time increases have a 95% CI of
[0.40 days 0.69 days]. Additional boot-strap standard errors/confidence intervals for other summary statistics are
available upon request.

16 Specifically, with their HIGH scenario results as reported in Table 1. UNCTAD’s analysis includes all modes of ocean
transportation, including liner, dry-bulk, tankers, and ro-ro, and offers a broad geographical coverage.

17 MARPOL stands for "International Convention for the Prevention of Pollution from Ships, 1973 as modified by the
Protocol of 1978" and is one of the world’s most significant international marine environmental conventions; see the
U.S. Coast Guard’s summary page here.
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i.e., MARPOL signatories, highlight the success of IMO2020. That set of regulations lowered the

maximum sulfur content in fuel used by vessels outside of emission control areas from 3.5% m/m to

0.50% m/m. Even after accounting for the reduction in commercial freight traffic due to COVID-19,

IMO2020 was a success, resulting in a 46% reduction in SO2 aerosol volume (Yuan et al., 2022).18

Despite the success of IMO2020, effective enforcement of emissions regulations for both own-

ers and charters remains a challenge, which may delay the implementation of IMO2023 (Kinyua,

2023). The Baltic and International Maritime Council (BIMCO) has created a contractual framework

called the “CII Operations Clause for Time Charter Parties,” which purports to facilitate coopera-

tion between shipowners and charters to achieve the IMO2020 carbon intensity goals. However, the

"Clause" does not transfer regulatory responsibility for compliance to charters, and it is the shipown-

ers who will ultimately be accountable for meeting IMO2023 compliance requirements. As a result,

charters have little incentive to adopt the "Clause" (Keys, 2022a). Keys (2022b) suggests that the real

enforcement of IMO2023 may come from a vessel’s flag state’s ability to issue or withhold a State-

ment of Compliance: vessels without "SoC" are unchartable.19

3 Model

Our model examines the substitutability between air, land, and ocean transportation for international

imports across regions within a country. While Hummels and Schaur (2013) focused on substitution

between ocean and air transport, we expand this by including land transport and competition with

domestic production. Unlike their product-specific approach, our model aggregates total demand

across transportation modes. For instance, a rise in ocean freight rates for imported cars may increase

demand for air-transported watches. This cross-product substitution could amplify the ocean-to-air

18 The remaining concern is that IMO2020 still permits the use of open-loop scrubbers, which discharge sulfur into the
sea, contributing to ocean acidification—a significant environmental issue (International Maritime Organization,
2020).

19 Adopting ’flags of convenience’ is common in international shipping, where vessels are registered in port states with
open registries. These countries impose lower taxes and fewer inspections, making them attractive to shipowners
(Stopford, 2009). Around 45% of TEU US imports are carried by ships from Liberia, Panama, and Malta, which have
open registries; US-registered containerships account only for 5%.
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shift compared to Hummels and Schaur (2013).

By way of expositional motivation, it is important to note that the share of imported goods that

use multiple transport modes represents an economically significant share of imported goods. Using

U.S. Census data by transport mode, Figure 5a shows that there are thousands of HS10 products

that are transported by both air and containership. Moreover, Figure 5b shows that from 2012 -

2022, a growing share (by weight) of products imported by both air and containership are products

that can be transported by either mode: this share of imports rose from about 23% in 2012 to about

30% by 2022. Likewise, the value of share of such bi-modal imported products ranged from 33% to

about 40% over the same period. Furthermore, over the same time period, approximately 30.4% and

36.8% of all products imported by air and containership by weight and by value, respectively, were

products that could be transported by either mode.20

3.1 Environment

The model is set from the perspective of one country, Home, which consists of multiple custom

districts indexed by i and imports foreign goods from j = 1, 2, ..., J foreign countries via three modes

of transportation indexed by m: air, land, and ocean. Not every ij is connected by all three modes;

the set of modes for each ij is exogeneously given and denoted by Mij.

Preferences. Consumers have Cobb-Douglas preferences defined over a non-manufacturing nu-

meraire good 0 and composite differentiated good. Differentiation is based on the national origin j21

and goods’ mode of transportation: air, land, and ocean, where mode of transportation is viewed as

a proxy for various product characteristics, including its density, value per unit, and product’s time

sensitivity, as previously highlighted by Hummels and Schaur (2013). Formally, a Home’s represen-

20 We use US import data provided by Peter Schott’s website. We define an HS10 bimodal product (i.e., a product that
is imported by both air and containership) if a given HS10 product has non-zero import value for a given year and
exporting country - importing U.S. Custom District route. In this way, Figure 5 depicts HS10 products imports for
goods that are transported by both air and containership for a trade-route-year as opposed to all imports that enter
into the United States in a given year that are transported by both air and containership. We focus on products that
are delivered by both air and containership because we do not have access to data on HS10 product level land based
imports.

21 The national origin, or Armington, differentiation is quite common in trade literature and has also been used in the
related paper on emissions from transportation of traded goods by Shapiro (2016).
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(a) Number of HS10 Products (b) Import Shares

Figure 5: HS10 Products Transported by both Air and Containership 2012-2022

tative consumer in district i and year t maximizes the following utility function:

max
qijmt

Uit = q1−µ
0,it

(
Q

σ−1
σ

iit + ∑
j ̸=i

Q
σ−1

σ
ijt

)µ σ
σ−1

, σ > 1

s.t. q0,it + PiitQiit + ∑
j ̸=i

PijtQijt = Iit,

(7)

where q0,it is the non-manufacturing composite good 0;

Iit is the overall budget for district i in year t;

qijmt and pijmt are the quantity and price of good m imported by i from j in year t;

Pijt and Qijt denote origin j-destination i-year t-specific price and quantity indexes given by

Qijt =

 ∑
m∈Mj

νjmtq
ε−1

ε
jmt

 ε
ε−1

and Pijt =

 ∑
m∈Mj

νε
jmt p1−ε

ijmt

 1
1−ε

, ε > σ > 1, (8)
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where Piit and Qiit denote local price and quantity of the manufacturing good in district i;

νjmt denotes the exporter-mode-year-specific preference shifters. For imports transported by sea, the

magnitudes of these shifters, among other things (captured by ϑjt), depend on the delivery time,

which is a function of the average distance from country j, dj, speed per hour sj, and time spent in

port:

νjmt = ϑjt(dj/(24sj) + port)βk ϑjt > 0, βk < 0. (9)

Production of Goods and Transportation. Following Hummels et al. (2009), we express the deliv-

ered prices of imported goods imported by i from j via transportation mode m in year t, and denoted

by pijmt, as a function of the free-on-board (FOB) price pFOB
ijmt , iceberg tariff τijmt ≥ 1, and specific

transport cost fijmt:

pijmt = pFOB
ijmt (τijmt + fijmt/pFOB

ijmt ) (10)

To keep our model tractable, we simplify it by abstracting away from critical issues that affect ocean

freight rate formation, including port efficiency (Blonigen and Wilson, 2008), average vessel size

(Asturias, 2020), average unit values (Hummels and Skiba, 2004), geography and networks in ocean

transportation (Ganapati et al., 2020), and backhaul effects (Ishikawa and Tarui, 2018; Wong, 2020).22

Instead, we focus on such determinants of the freight costs as the number of carriers (Hummels et al.,

2009; Ardelean and Lugovskyy, 2023), fuel and non-fuel costs components, speed (sij), and time

spent in ports. Following Hummels et al. (2009), we assume that, on each route ij, a fixed number of

containerized ocean carriers, Nij, compete in quantities à la Cournot. Each ij transportation market is

treated as a segmented market with all carriers in ij having access to the same symmetric technology.

The technology is characterized by an annual fixed cost of Zij and a marginal cost per trip of cij,

which consists of fuel and non-fuel cost components:

22 We justify this assumption in the estimation section by stating that these determinants are already incorporated
into the observed freight rates. When analyzing policy-induced changes, we assume that any changes to these
determinants resulting from the policy will have a secondary effect on freight rates compared to the policy’s direct
impact.
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cij = bijFij(sij) + Dij((dij/24sij) + port), (11)

where bij is the bunker fuel price, Fij is the fuel amount per trip, previously defined by equation (2),

dij is distance between i and j, and sij is speed per hour, and Dij daily non-fuel costs (i.e., labor costs,

financing costs, etc.).

Based on the evidence presented in Section 2.2, we assume that ocean transportation is operating

at full capacity.23 A similar assumption is less justifiable for air transportation, where on average

only 24.3% of payload is used to transport cargo with most of the under-utilized capacity coming

from the passenger airplanes (Besedeš and Murshidb, 2022).24 We confirm these statements, using

Domestic and International Segment T100 Traffic Data, by plotting the utilized air capacity over time

and across airplane types in Figure 6. Therefore, in our model, we assume that air transportation is

subject to significant excess capacity and thus air freight rate may not be affected by demand shocks.

Figure 6: US Air Import Capacity Utilization Over Time
Notes: Figure 6 relies on Domestic and International Segment T100 Traffic Data reported by U.S. and Foreign Carriers
and provided by the Bureau of Transportation Statistics (BTS). The Figure shows percentages of utilized cargo capacity
in cargo, passenger, and cargo-passenger airplane types.

23 Leading liner companies, such as Maresk, maintain their own airplane fleet to allow for additional freight capacity.
See News (2021).

24 Passenger airplanes are responsible for 44% of cargo transported by air (Budd and Ison, 2017).
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On the definition of a route. To introduce the theoretical notion of a route into our empirical and

computational exercises we define route ij as a combination of a U.S. Customs District i and origin

country j. This definition matches our focus on the IMO policy which applies to international trans-

portation. By defining a route as only the international portion of the entire journey from the factory

floor to the location of final consumption we also avoid loosing tractability due to introduction of

inter-route competition and multi-modal transportation. This definition matches the model of com-

petition where several modes can be used to deliver goods between two location. Furthermore, our

definition has the advantage that we can meet the data requirements for the cost of transportation

and product prices by route and mode with available data sources.

3.2 Equilibrium Demands and Ocean Freight Rates

Without loss of generality, let us focus on district i in year t, which would allow us, for the sake

of brevity, we to omit subscripts it. We will proceed by formulating our key results in a form of

propositions with their proofs are provided in Online Appendix A.4.

Lemma 1. The equilibrium demand for imports from country j via mode m can be expressed as

qijmt = ν
ε σ−1

ε−1
jmt p−σ

ijmtλ
(1− σ−1

ε−1 )
ijmt Pσ

it Qit where λijmt =
pijmtqijmt

∑m∈Mijt
pijmtqijmt

(12)

denotes the expenditure share of imports by mode m in total imports from origin j.

Proof. See Online Appendix A.4.

The functional form we use is fairly standard compared to other trade models with nested CES

and Armington differentiation. Specifically, as in Khandelwal (2010); Lashkaripour and Lugovskyy

(2023), it features origin-specific differentiation at the upper nest and product differentiation within

the mix of goods from a given origin at the lower nest. However, previous nested models did not

focus as much on the transportation sector. Therefore, we are the first to derive the equilibrium

(per-unit) freight rate for this model and demonstrate how it relates to other established models.
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Lemma 2. The equilibrium per-unit freight rate fijct under nested CES preferences, constant marginal cost of

transportation cijct, and nijct carriers competing à la Cournot on a given route ij is given by:

fijct =

(
ϵ̃

ϵ̃ − 1

)
cijct with ϵ̃ ≡ ε︸︷︷︸

CES with
an advalorem τ

× nijct

︸ ︷︷ ︸
CES with an ad valorem τ and
Cournot oligopoly with n firms

×
fijct

pijct

︸ ︷︷ ︸
Hummels et al. (2009): CES, Cournot, per-unit f

×
(

1 − λijct

(
1 − σ

ε

))

︸ ︷︷ ︸
This paper: Hummels et al. (2009) with nested CES:

Armington and inter-modal substitutability

(13)

where λijct is a share of manufacturing imports transported by the container ships.

Proof. See Online Appendix A.4.

The intuition for Lemma 2 can be seen by noting that equation (13) is derived from the standard

markup expression fijct =
(

ϵ̃
ϵ̃−1

)
cijct, where ϵ̃ is the elasticity of shipping demand with respect to

shipper’s per unit freight rate fijct. While this is a standard markup, the specific determinants of the

elasticity ϵ̃ depend on the model. In the simplest scenario involving an ad valorem freight rate, the

elasticity ϵ̃ equals ε. However, as outlined by Hummels et al. (2009), if we introduce Cournot com-

petition with nijct shippers and incorporate a per-unit freight rate, the elasticity must be adjusted.

The presence of multiple competitors reduces the markup, necessitating an adjustment by nijct. Ad-

ditionally, the share of transportation costs in the delivered price affects demand responsiveness; a

smaller transportation cost share dampens this responsiveness.

Furthermore, when we introduce nested CES preference structure the elasticity requires an ad-

ditional adjustment by
(
1 − λijct

(
1 − σ

ε

))
. To illustrate the intuition, consider two limiting values

of λc—the share of containerized transportation in manufacturing imports. If λc is negligible (i.e.,

approaches zero), the influence of the upper nest is minimal. Conversely, when λc = 1, the lower

nests effectively disappear as all shipments are made using containers, causing σ to replace ε. In all

interior scenarios, elasticity increases with σ
ε and decreases with λc. We will use these results to out-

line the implications the short-run and long-run results in Sections 5 and 6. For the welfare changes,
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we will apply hat algebra to the indirect utility function, as detailed in the following Lemma.

Lemma 3. Changes in welfare can be approximated using hat algebra as follows:

Ŵi =

[
ψiitP̂1−σ

iit + ∑
j ̸=i

ψijtP̂1−σ
ijt

] −µ
1−σ

(14)

where X̂ represents the proportional change in X between period t and the new time period T, i.e., X̂ = XT
Xt

.

The terms ψiit and ψijt denote the shares of products iit and ijt in the consumption of manufacturing goods in

region i.25

Proof. See Online Appendix A.4.

4 Estimating and Calibrating Model Parameters

In this section, we structurally estimate and calibrate the model parameters, which we will then use

to evaluate the effects of IMO2023. Our analysis will focus on U.S. imports, as detailed data on import

prices and freight rates by mode of transportation are limited for other countries. Based on theory,

the evaluation of IMO2023 requires estimates for the within-nest and across-nest elasticities, ε and σ,

as well as the district-exporter-mode-time preference parameters, νijmt. Our estimation follows the

established methodology for nested CES utility functions (e.g., Khandelwal, 2010; Levchenko et al.,

2011; Lashkaripour and Lugovskyy, 2023). Table 3 summarizes datasets used in this Section.

4.1 Data Sources

For demand estimation, we use three datasets. To construct the quantity and unit values (prices)

of goods imported by air and vessel, we rely on monthly U.S. Census import data from 2011-2022.

25 Based on the definition of consumption share of manufacturing, ψiit, and the following equality based on our

definition of utility, QijtPijt = QiitPiit

( Pijt
Piit

)1−σ
, one can show that Piiy =

(
ψiit

1−ψiit
∑j ̸=i P1−σ

ijt

) 1
1−σ and Qiit =

∑j ̸=i QijtPijt

Pσ
iit

(
∑j ̸=i P1−σ

ijt +P1−σ
iit

)
−Piit

.
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Table 3: Datasets Used in Estimating and Calibrating Model Parameters

Name of the Dataset Key Variables Purpose of Using the Dataset Section
U.S. Census Import Data Freight charges (USD), import

values (USD), import weight
(kg) by mode (e.g., vessel

containerized, air)

To estimate freight-mode specific
demand and calculate ad-valorem

freight costs for import routes

4.1

World Integrated Trade
Solution (WITS)

Annual country-HS6 level U.S.
import tariff data

To compute mode-route-time tariffs as
part of the weighted average used in

freight demand estimation

4.1

TransBorder Freight Data by
U.S. Dept of Transportation

Import values, weight, and
charges by HS2 commodity
from Canada and Mexico to

U.S. Customs Districts

To account for land freight charges,
especially for imports from Canada and

Mexico

4.1

BlueWater Reporting Number of carriers per route To estimate the number of carriers for
calculating marginal costs of freight

rates

4.2

These data are mode-specific (e.g., containerized vessel, non-containerized vessel, air), reported at

the HS6 level, and specify the U.S. Customs District of entry and the exporting country. For con-

tainerized vessel and air shipments, we observe freight charges (USD), import values (USD), and

import weight (kg).

Since the U.S. Census Imports dataset does not cover land transportation, we use the TransBorder

Freight Data from the U.S. Department of Transportation. These data report import values, weight,

and charges by HS2 commodity for imports from Canada and Mexico to U.S. Customs Districts.

For air and ocean imports, we first aggregate data by mode, route, time, and HS6 codes to gener-

ate freight charges, import values, and import weight. We then integrate U.S. import tariff data from

WITS at the HS6 level and use it to calculate mode-route-time tariffs (τijmt), employing HS6 value

shares for weighting. Finally, we sum over HS6 codes to produce the mode-route-time data used for

estimation, aggregated to a quarterly time frequency. Factory prices (pFOB
ijmt ) are defined as the ratio

of import values to weight, unit freight charges ( fijmt) as freight charges to weight, and ad-valorem

freight costs as their ratio.

For land transport, we use WITS data to compute value-weighted tariffs at the HS2 level for

imports from Canada and Mexico. We then aggregate this data to obtain the country-district quantity

and prices for land imports.
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4.2 Estimating Demand Parameters in the Benchmark Model

We estimate the key parameters of our model by using our theoretical demand equation (12). We

log-linearize it: ln qijmt = ε σ−1
ε−1 ln νjmt − σ ln pijmt +

(
1 − σ−1

ε−1

)
ln λijmt + ln Pσ

it Qit, and estimate:

ln qijmt = θjmt + β1 ln pijmt + β2 ln λijmt + θit + µijmt, (15)

where θjmt ≡ ε σ−1
ε−1 ln νjmt and θit ≡ ln Pσ

it Qit can be treated as fixed effects; and µijt is the error

term. Equation (15), while using different less granular definition of variety within a nest, has strong

similarities with the estimation equation (15) of Lashkaripour and Lugovskyy (2023).

In order to address the potential endogeneity concerns with prices and shares we follow typical

approach used notably by Khandelwal (2010) and Levchenko et al. (2011). We instrument prices

pijmt with unitary "cost insurance freight" (CIF) charges fijmt and cross product of route distance

DISTij with West Texas Intermediate (WTI) crude oil price. The shares λijmt are instrumented with

the number of HS 10 categories within a given mode route and year, ijmt. Table 4 presents both the

OLS and IV estimates (including the first stage of the IV):

Table 4: Results of Estimating (15)

OLS First Stage Second Stage
Dependent Variable ln(xijmt) ln(pijmt) ln(λijmt) ln(xijmt)

(1) (2) (3) (4)
ln(pijmt) −0.911∗∗∗ −1.282∗∗∗

(0.009) (0.017)
ln(λijmt) 0.735∗∗∗ 0.903∗∗∗

(0.007) (0.047)
ln( fijmt) 0.458∗∗∗ −0.066∗∗∗

(0.009) (0.008)
ln(DISTij × WTIt) 0.232∗∗∗ 0.493∗∗∗

(0.024) (0.035)
Num of HS10ijmt within ijmt 0.074∗∗∗ 0.640∗∗∗

(0.009) (0.038)
Num. obs. 95, 139 94, 893 94, 893 94, 893
R2 0.855 0.751 0.286 0.843
FE: (it) 504 504 504 504
FE: (jmt) 4, 978 4, 977 4, 977 4, 977
Notes: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1
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We then identify σ̆ = −β̆1, ε̆ = 1 − β̆1−1
β̆2−1

. Table 5 reports the elasticity results. The upper-case

elasticity of substitution σ̂ is 0.911 for OLS and 1.282 for IV, respectively. The lower-case elasticity of

substitution ε̆ is 4.440 for OLS and 14.279 for IV, respectively. Both estimates are statistically signifi-

cant at 1% level. For comparison, in Lashkaripour and Lugovskyy (2023) the IV estimate of σ in the

pooled regression for manufacturing is 3.766 and of ε is 9.135.26

Table 5: Elasticity Results based on Table 4

Parameter/Model OLS IV (2SLS)
est std.error est std.error

σ 0.911 0.009 1.282 0.017
ε 4.440 0.033 14.279 1.374
Notes: Standard errors are derived via the Delta-method.

From Table 4, we also recover νjmt by ν̆jmt = exp
(

θ̆jmt
/

ε̆ σ̆−1
ε̆−1

)
. To show that preferences for timely

delivery change as a result of delivery time, we estimate the following equation:

log

(
ν̆air,jt

ν̆cnt,jt

)
= βν log(Sea Timejt) + ϑt + ϵjt

Note that sea time includes 2.53 days in port and the regression model below uses total container

import volume for jt as weights. Towards this goal, we utilize annualized 2012-2019 BlueWater data

on the average number of days in transit for every route j (including 2.53 days in port), which we

label as Sea Timejt. Table 6 presents the results. An intuitive interpretation of these estimates is that

for a given U.S. region i, a 1% increase in the ocean travel time is associated with a βk% decrease in

the preference parameters for ocean transportation. In practice, this marginal effect translates into a

0.318% to 0.267% decreases for the unweighted and weighted IV regressions, respectively.

26 Their results are reported in their Online Appendix S1. Our elasticities are expected to be of different magnitudes
due to the different levels of aggregation within nests. Specifically, our definition of a “variety” within a nest in-
cludes all goods transported from j to i using a given mode of transportation, where i represents a customs district
in the U.S. In contrast, their definition included all goods shipped by a given firm in j, regardless of the mode of
transportation, to i, where i represents a location in Colombia.
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Table 6: Recovering βν

OLS IV (2SLS)

Weighted regression? No Yes No Yes
(1) (2) (3) (4)

log(Sea Timejt) −1.254∗∗∗ −1.084∗ 0.318∗∗ 0.267∗

(0.325) (0.467) (0.110) (0.140)
Num. obs. 695 683 695 683
R2 0.023 0.021 0.012 0.009
FE: (t) 8 8 8 8
Notes: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1

5 Short-Run Effects of IMO2023

In this section, we predict the short-run effects of IMO2023 on carbon emissions from maritime

and air transportation of imported goods to the United States. In Section 2, we demonstrated that

IMO2023 will decrease the capacity of containerized fleet and calculated these decreases as pro-

portions q̂ijc ≡ qijcT
qijct

for each route ij. We take this change in capacity as given in calculating the

post-reform equilibrium.27 For all other variables of interest, we define the proportional change in

a similar fashion with X̂ ≡ XT
Xt

, where subscripts t and T denote before and after IMO2023, respec-

tively. For brevity, we drop the time subscripts in the remainder of this section. Thus, any variable

X refers to its pre-reform value, and X̂X denotes its post-reform value. We now present Lemma 4,

which is the basis for the calculation of short-run effects.

Lemma 4. In equilibrium, the proportional change in the containerized goods delivered via ocean can be

derived as

p̂ijc =

(
1

q̂ijc
P̂ε−σ

ij P̂σ
i Q̂i

) 1
ε

27 Based on supporting analysis on route stability detailed in Online Appendix A.7, we assume route stability (i.e.,
there are no changes to the number of routes as a result of the policy reform).
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The proportional changes in the air and land delivered imports are given by

p̂ijm( p̂ijc) =
(
ζm
(
α( p̂ijc)− 1

)
+ 1
)

pijm ∀m ∈ {a, l},

where α( p̂ijc) =
p̂jc pijct + pFOB

ijct (1 + τijct)

fijct
, and ζm is an exogenously set parameter.

Proof. See Online Appendix A.4.

For our short-run counterfactual, we abstract from changes in Home’s nominal income and, there-

fore, assume that pre-reform and post-reform expenditures in manufacturing remain unchanged.

P̂iPitQ̂iQit + ∑
j

∑
m∈Mij

p̂ijm pjmtq̂jmqjmt = PitQit + ∑
j

∑
m∈Mij

pjmtqjmt (16)

These results allow us to express p̂ijm, q̂ijm, P̂ij, P̂i, and Q̂i as functions of p̂ijc and define the counter-

factual equilibrium as a vector of p̂ijc for a given Q̂i. Building on Lemma 4 and the budget constraint

(16), we select a value for Q̂i and use a fixed-point approach to find p̂ijc that aligns with this choice,

along with all parameters and equations. Stated formally, our problem’s objective function is:

min
Q̂i

(
P̂iPitQ̂iQit + ∑j ∑m∈Mij

p̂ijm pjmq̂jmqjm

PitQit + ∑j ∑m∈Mij
pjmqjm

− 1

)2

(17)

We then verify if the resulting p̂ijm(Q̂i) satisfies the budget constraint. If it does not, we adjust the

value of Q̂i and repeat the process.

Calculating Carbon Emissions. We use the methodology outlined in Shapiro (2016) to calculate the

carbon emissions associated with each mode of transportation. Specifically, we assume an emis-

sions rate of 1439.49 g CO2 per ton-mile for air transportation on each route.28 Route air distance

is calculated as the great circle distance between the U.S. Customs District i and the country j with

the coordinates for country j obtained from CEPII’s database. For maritime transportation , we use
28 This figure is derived from the International Air Transport Association (IATA)’s 2009 fuel economy of air freight

transport of 985.97 g CO2/ton-km, as reported by Shapiro (2016). We convert this figure to ton-miles. Further
details can be found in Shapiro’s Online Appendix A.4.

29

http://www.cepii.fr/distance/geo_cepii.xls
https://assets.aeaweb.org/asset-server/files/2629.pdf


route specific CO2 emissions per ton-mile, calculated based on our shipping data. We estimate ocean

mileage based on BlueWater’s rotation schedule. We use the great circle distance between the U.S.

Custom District i and j ∈ {Mexico, Canada} as a measure of land route distance. We describe how

we compute land route emission factors in the Online Appendix.29

To calculate the total emissions levels before and after IMO2023, we combine the change in con-

tainer capacity (q̂ijc), air capacity (q̂ija), and land capacity (q̂ijl) with 2022 trade volumes in tons

transported by each respective mode. This approach allows us to incorporate mode-specific carbon

efficiency (g CO2 per ton-mile), mileage (miles), and volume (tons) into our analysis.

Manufacturing Shares. To estimate welfare changes, we assume the share of manufacturing in GDP

is µ = 0.1, a conservative figure, given that U.S. manufacturing’s share of GDP ranged from 9.9% to

11% between 2018 and 2023 (St. Louis Fed, 2024). However, since imports of manufactured goods

exceed exports, the actual consumption share could be higher. As a result, our welfare loss esti-

mates likely represent a lower bound. Additionally, we assume the domestic share of manufacturing

consumption, ψii = 0.65, based on the 65% to 66% range reported for 2021 and 2022 (CPA, 2024).

5.1 Results and Discussion

For IMO2023, we present results for three scenarios, which vary in whether we allow inter-modal

substitution and the adjustments in the time-sensitivity preferences ν. These results are shown in

columns (1)-(3) of Table 7. In all three scenarios, ocean capacity decreases by 5.18%, ocean emissions

decrease by 16.5%, and ocean freight rates increase by over 100%.30

The scenario depicted in (1) is the most restrictive scenario considered, as it excludes any possibil-

ity of substitution into other mode of transportation. Consequently, in (1), IMO2023 has no effect on

29 See Online Appendix A.8.
30 The largest drop in expenditures is 2.75%. With weight decreasing by 5.18%, this corresponds to 2.4% increase in the

delivered price. Since freight rates are around 5% of delivered price, this implies a freight rate increase α calculated
from 1.024 = (α f + pFOBτ)/( f + pFOBτ) = (α f + (1 − 0.05) f )/( f + (1 − 0.05) f ) =⇒ α = 1.05 = 105%. This
increase is not unusual: according to data from FBX Freightos, Asia-US West Coast freight rates increased by 230%
from April to July of 2021.
In practice we set ζm∀m ∈ {a, l} = 0 based on pass-through elasticities, reported in Online Appendix A.5, that we
find to be close to zero.

30
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the net emissions of air and land transport. These scenario is the only one in which IMO2023 leads

to a reduction in combined emissions from both air and ocean transportation (-4.36%).

In scenarios (2) and (3) where substitution is allowed, net emissions rise due to two factors. First,

reduced cargo capacity and higher ocean freight rates cause a 12% shift to air transport, a far more

carbon-intensive mode, resulting in a 3.61% net emissions increase in scenario (2). Second, slower

ocean deliveries slightly reduce the preference for ocean shipping, adding 0.03% to emissions in

scenario (3), totaling 3.64%. This suggests a version of "green paradox" where regulating ocean-

transport emissions increases combined emissions from all transport modes, underscoring the need

for a comprehensive strategy that addresses inter-modal substitution and broader economic impacts.

The harm from IMO2023 becomes even more evident when we examine the welfare results. All

three IMO2023 scenarios lead to a significant welfare losses due to reduced trade and higher con-

sumer prices , ranging between $33.57 and $45.78 billion. These losses far outweigh any net emis-

sions effects on welfare, which we evaluated at social marginal cost of CO2 at $40 per ton. However,

even if we apply higher marginal emission costs, as recommended by EPA (2022), with base year fig-

ures ranging from $120 to $340 per ton, the short-run welfare impact of IMO2023 will still be highly

negative. To achieve welfare neutrality—where the social cost of carbon offsets the welfare loss from

reduced trade and higher prices—the price of CO2 would need to exceed $132,000 per ton in the most

favorable scenario (1). This figure is several orders of magnitude higher than even the most extreme

estimates of carbon’s social cost. In two other scenarios such a number does not exist since IMO2023

will actually increase net emissions form transportation.

Figure 7 compares changes in total and the composition of transport related emissions as a result

of IMO2023. Prior to the proposed reform, we calculate that air imported goods’ share of total im-

ports (across air, container, and land transport modes) is approximately 1.5% and yet accounts for

nearly two-thirds of transport related emissions.31 Figure 7 underscores the fact the air emissions

31 Transport mode import shares by weight are 1.5% for air, 63.1% for container, and 35.4% by land. Emission shares
depend on both the total weight and distance traveled. Transport mode import shares by ton-mile are 1.3% for air,
94.8% by container, and 3.9% by land. The decrease in land share is explained by the fact that Canada and Mexico
are much closer to the United States relative to the U.S.’s maritime trading partners.
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Table 7: Short-Run Scenario Summaries

Scenario IMO2023 Speed Increase
(1) (2) (3) (4)

Inter-Modal Substitution No Yes Yes Yes
Change in Time-Senstivity Preferences? No No Yes Yes

%∆ Air Capacity 0.00 12.16 12.20 -0.72
%∆ Container Capacity -5.18 -5.18 -5.18 0.86
%∆ Land Capacity 0.00 0.14 0.18 -0.02
%∆ Domestic Capacity 0.45 0.32 0.44 0.05

%∆ Air Expenditure 0.00 16.51 16.54 -0.92
%∆ Container Expenditure -2.11 -1.94 -2.75 0.82
%∆ Land Expenditure 0.00 0.21 0.25 -0.03
%∆ Domestic Expenditure 0.41 0.28 0.39 0.05

%∆ Air CO2 0.00 12.36 12.39 -0.75
%∆ Container CO2 -15.62 -15.62 -15.62 2.49
%∆ Land CO2 0.00 0.15 0.19 -0.02

Net ∆% CO2 -4.36 3.61 3.63 0.21
Net ∆ CO2 (mil tons) -0.25 0.21 0.21 0.01

Net ∆ Welfare (mil USD) -33,572.2 -35,831.1 -45,783.3 3,779.0
∆ CO2 Welfare (mil USD) 10.1 -8.4 -8.5 -0.5
∆ Welfare (mil USD) -33,582.3 -35,822.8 -45,774.8 3,779.5

Welfare Neutral CO2 price (USD/ton) 132,624 n.a. n.a. 306,027

on a per unit and total basis contribute substantially to transport-based emissions. Indeed, Figure 7

shows that the approximately 3 percent emissions share increase (allowing for inter-modal substitu-

tion) for air lines up with a comparable percentage increase in total net CO2 emissions as conveyed

by Table 7.

Our findings raise the question of why the IMO would propose a reform that could potentially

increase combined carbon emissions from both ocean and air transportation while also lowering

consumer surplus. The answer is multifaceted. Firstly, the IMO is mandated to address the specific

objective of reducing emissions from ocean transportation, and IMO2023 achieves this by incentiviz-

ing ocean carriers to avoid receiving "D" and "E" ratings from their shippers. Secondly, the IMO

can be seen as a self-regulating cartel, composed of representatives from carriers, shipbuilders, and

32



Figure 7: Short-Run Scenario Emissions Comparison

shipping-related financiers. In this sense, IMO2023 serves to satisfy other IMO-specific objectives,

such as (i) boosting carriers’ short-term profits and (ii) enhancing the demand for new vessels in the

medium and long term.

Indeed, with the discussed above over 100% increase in freight rates and only 5.2% decrease in

quantity, the implementation of IMO2023 is projected to lead to doubling of of carriers’ revenue.

Furthermore, shipbuilders can anticipate an increase in orders to restore shipping capacity, while

bankers can expect a higher demand for shipbuilding financing. In summary, in addition to reducing

carbon emissions in ocean transportation, IMO2023 also creates additional profit opportunities for

all participants in the ocean-shipping industry. This situation is similar to a hypothetical scenario in

which OPEC reduces oil supply, citing environmental concerns to justify their actions.

33



5.2 Forced speed up in the short-run?

Our inter-modal trade and emissions analysis hinges on the short-run relationship between vessel

speed and capacity. Slower speeds reduce the number of round trips, cutting short-run capacity.

Conversely, a modest increase in speed can expand capacity, especially since ocean container carriers

typically operate near full capacity. This increase could lower freight rates and encourage substitu-

tion from air to maritime transport. Faster delivery of ocean-shipped goods would further drive this

shift. Forcing vessels to speed up may have an ambiguous effect on net CO2 emissions. While shift-

ing from air to maritime transport reduces emissions per unit of substituted imports, speed increases

result in quadratic fuel consumption rises. Nonetheless, sufficient inter-modal substitution from air

to ocean transport could offset the reduced fuel efficiency in shipping.

As a self-contained thought experiment, we applied the same method previously used to analyze

a 1% increase in shipping speed. The results, shown in column (4) of Table 7, are notably more

favorable than any of those under short-run IMO2023 scenarios. Net emissions rise by only 0.21%,

while welfare increases by $3.8 billion. However, it’s important to note that these short-run findings

do not extend to the long-run. In the long-run, the link between speed and additional capacity

becomes less direct due to the potential entry and exit of vessels. In fact, sustained increases in speed

on ocean routes without technological improvements could lead to much higher net emissions. In

Section 6, we explore the long-term impacts of IMO2023 and alternative policy options.

6 Long-Run Effects of IMO2023

In the long-run, carriers’ ability to deploy new containerships will eventually ease the negative im-

pact of slow-steaming on ocean capacity. However, longer delivery times will still dampen demand

for ocean transport and lead to carbon leakage into air shipping. While slow-steaming reduces

bunker costs, it increases non-fuel costs per ton-mile, such as labor and financing, which rise with

longer delivery times. Thus, the net effect of IMO2023 on long-run marginal costs, freight rates, and

quantities depends on model parameters. We assess these effects using a similar method as in our
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short-run analysis.

We begin by applying naval engineering principles and the share of fuel costs in total marginal

costs to derive the formula for changes in shipping marginal costs.

Lemma 5. In long-run equilibrium, the proportional change in the marginal cost of containerized shipping cjc

is a function of vessel speed sij and the aggregate containerized transportation volume on a given route qij.

ĉjc(ŝij; q̂jc) = µFuel


FMain

(
ŝijsijt

sDes
v

)3
+ FAux

FMain
(

sijt

sDes
v

)3
+ FAux

 1
ŝij

+
(1 − µFuel)

n̂ij(ŝij; q̂jc)
(18)

where µFuel represents the fuel’s share in the marginal cost, FMain and FAux are the technological parameters of

the main and auxiliary engines, respectively, and nij is the number of voyages (round trips) per year.

Proof. See Online Appendix A.4.

Next, recall from Lemma 2 that the containerized freight rate is given by: f jct =
(

ε̃
ε̃−1

)
cjct. As-

suming ε̃ remains constant in the long-run, the proportional change in the containerized and non-

containerized freight rate can be derived from changes in the containerized marginal cost:

f̂ jc = ĉjc(q̂jc) f̂ jm = ζm
(
ĉjc(q̂jc)− 1

)
+ 1 ∀m ̸= c (19)

Using equation (10), we apply changes in the freight rates to calculate changes in the lower nest

prices :

p̂ijm = pFOB
ijmt (τijmt + f̂ijm fijc/pFOB

ijmt ) (20)

Our long-run optimization procedure is similar to the short-run approach, as we again use the

same optimization function described in equation (17). The key difference is that in the short-run, we

treated containerized shipping as a sector with fixed capacity, considering changes in quantities (q̂ijc)

as the exogenous shock. In the long-run, instead, we consider changes in prices (p̂ijc), driven by shifts

in the marginal costs of shipping, as the exogenous shock. In the long-run optimization, we build on
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our short-run results by capping air expenditures at short-run levels and ensuring container volume

reductions on route ij do not exceed those seen in the short-run. The exact optimization procedure is

described in Online Appendix A.6.

6.1 Results and Discussion

IMO2023 Long-Run Results. Column (1) of Table 8 shows our long-run results for IMO2023. As

ship construction takes about three years (Kalouptsidi, 2014; Chokshi, 2020), it is plausible to expect

that long-run effects of IMO2023 would materialize three years after implementation.

Table 8: Long-Run Scenario Summaries

Scenario IMO2023 1% Air Tax
(1) (2)

Inter-Modal Substitution Yes Yes
Change in Time-Sensitivity Preferences Yes Yes

∆% Air Capacity 7.61 -0.48
∆% Container Capacity -1.68 0.34
∆% Land Capacity 0.90 0.00
∆% domestic Capacity 0.15 0.00

∆% Air Expenditure 8.47 -0.18
∆% Container Expenditure -2.02 0.37
∆% Land Expenditure 0.91 0.00
∆% Domestic Expenditure 0.12 0.00

∆% Air CO2 7.19 -0.38
∆% Container CO2 -9.52 0.37
∆% Land CO2 0.91 0.01

Net %∆ CO2 2.07 -0.14
Net ∆ CO2 (mil tons) 0.12 -0.01

Net ∆ Welfare (mil USD) -13,972.6 -61.9
∆ CO2 (mil USD) -4.8 0.33
∆ Welfare (mil USD) -13967.8 -223.6
∆ Tax Revenue (mil USD) n.a. 161.4

Welfare Neutral CO2 Price (USD/ton) n.a. 7,650
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Our findings reveal that the "green paradox"—an unintended net increase in CO2 emissions—

continues, with about a 2% annual rise in emissions. While the long-run allows for some capacity

recovery, the increased marginal costs of shipping and slower delivery times still drive a shift from

ocean to air transportation. This shift undermines the intended environmental benefits, as air freight

is significantly more carbon-intensive, suggesting the reform may fail to meet the overall emissions

reduction for the international transportation sector without further adjustments.

Second, while the long-run effect of IMO 2023 reduces welfare losses, there are still remaining

losses of 14 billion USD. This indicates that, despite some improvement compared to the short-run

effects, the policy continues to impose significant costs on consumers.

Slower and more expensive ocean delivery of imports could significantly harm the domestic pro-

duction sector, as many imports are crucial intermediate goods. On the other hand, a shift toward

domestic production might trigger scale effects that lower manufacturing prices. However, the ex-

act impact on domestic prices remains unclear. Figure 8 examines scenarios where domestic prices

change by -3% to +3%, revealing that domestic welfare is highly sensitive to these fluctuations. Even

a small 1% rise in domestic prices could lead to an additional welfare loss of 18 billion USD, raising

serious concerns about the broader economic consequences of IMO2023.
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Figure 8: Domestic Price Change

As demonstrated by our findings, agencies with narrow specializations tend to prioritize their

specific objectives when regulating activities. This is evident within various United Nations entities,

such as the IMO, the International Civil Aviation Organization, and the United Nations Environment

Programme, which develop environmental policies for sectors like ocean transportation, air travel,

and production. To address inter-sectoral and environmental spillovers, the United Nations could

consider restructuring its framework or broadening the mandates of these agencies.

From an environmental perspective, focusing solely on regulating ocean shipping seems mis-

guided. The least carbon-efficient mode—air freight—should be the primary target. We propose a

counterfactual where, instead of regulating ocean shipping, a 1% ad-valorem tax is imposed on air

freight. Table 8 shows that this policy not only reduces air transportation emissions but also lowers

overall transportation net emissions. The shift in demand from air to ocean shipping moves toward

a more environmentally sustainable option, highlighting the missed opportunity in current regula-

tions that overlook the real emissions culprit.
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7 Conclusion and External Validity to Other Countries

We argue that IMO2023’s implementation mechanism (read: ships slowing down) will have unin-

tended consequences, primarily through carbon leakage into more carbon-intensive air transporta-

tion. This shift will lead to a short-term increase in combined emissions from both air and ocean

transportation. In the long-run, the efficiency gains in ocean shipping will be largely offset by this

leakage, resulting in a modest overall impact on emissions. Moreover, IMO2023 will negatively af-

fect consumer surplus in both the short and long term by reducing import volumes and slowing

ocean freight delivery. To mitigate these issues, we propose alternative policies such as taxing air-

transported goods.

Our analysis is limited by data constraints, focusing only on transportation-related emissions and

mode shifts. We do not account for production-related emissions or the potential reconfiguration

of value chains, which narrows the broader applicability of our findings. A more comprehensive

assessment remains beyond the scope of this study and is left for future research.

Another limitation of our paper is the focus solely on U.S. imports. This limit stems from a lack of

detailed data needed to conduct similar analyses for other countries. A key question thus remains: Is

the U.S. unique in its import composition, and could IMO2023’s effects differ for other countries? To

explore this, we use the UNCTAD Global Transport Dataset (Hoffmeister et al., 2022) to calculate the

share of imports transported by air for each country, by both value and weight, as shown in Figure

9. Table A12 lists countries with a global import share above 0.5
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Figure 9: Air Share and Cumulative Global Share

The results show that U.S. import shares are not outliers, indicating that other countries will likely

experience a similar shift from ocean to air transportation. In the short term, this suggests a "green

paradox" on a global scale. Long term, taxing air freight appears to be a more effective policy for

both reducing emissions and minimizing negative welfare impacts.
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A Online Appendix—For Online Publication

A.1 Detailed Data Description
In this section, we present two types of the data description: (i) a table, which provides name of all datasets,
their key variables, purposes of using these dataset, and Section(s) of the paper where a particular dataset is
used; and (ii) a more detailed description of some datasets used in the paper.

Table A1: Summary of Datasets Used in the Paper and Online Appendix

Name of the Dataset Key Variables Purpose of Using the Dataset Section
IMO2023 Regulations Required emissions per vessel

size (Dead Weight Tonnage,
Dwt)

To compare actual emissions per vessel
with those required by IMO2023

regulations

Section 2,
Online

Appendix A.3.6
World Fleet Register (WFR),

Clarksons PLC
Dead Weight Tonnage (Dwt)

and other technical
characteristics of individual

containerized vessels

To analyze current emissions by vessel
size and calculate the required speed

adjustments to meet IMO2023 standards

Section 2,
Online

Appendix
A.2,A.3

THETIS-MRV, by the European
Maritime Safety Agency

(EMSA)

Measured annual carbon
emissions and distance traveled

per vessel

To obtain actual per-vessel emissions
data for comparison with the

benchmark emissions set by IMO2023

Section 2,
Online

Appendix
A.2,A.3

Shipping Intelligence Network
(SIN), Clarksons PLC

Idle capacity data for vessels To demonstrate that containerized
shipping operates at full capacity

Section 2,
Online

Appendix
A.2,A.3

Automatic Identification
System (AIS), Marine Cadastre

AIS tracking data for container
ships serving U.S. ports

To estimate port time and analyze its
relationship with traffic levels

Section 2,
Online

Appendix A.3.7
U.S. Census Imports Data Freight rates, quantities, and

product prices by mode of
transportation

To estimate demand- and supply-side
parameters for the model

Section 3,
Online

Appendix
A.2,A.3,A.5,A.9

Panjiva Bill of lading data To identify U.S.-bound container ships
and calculate vessel operational speeds

Section 2,
Online

Appendix
A.2,A.3

BlueWater Reporting Ship rotation data To identify container ship routes and
calculate speed reduction required by

IMO2023

Section 2,
Online

Appendix
A.2,A.3 A.7

Domestic and International
Segment T100 Traffic Data

Air cargo capacity utilization To assess excess capacity in air
transportation and its impact on air

freight rates

Section 3

UNCTAD Global Transport
Dataset

Air and ocean share of traded
goods

To provide back-of-the-envelope global
assessment of IMO2023.

Section 7

Global Rural-Urban Mapping
Project, Version 1 (GRUMPv1):

Settlement Points

Gridded global population
estimates for the entire world

To create population-weighted
coordinates for U.S. Custom Districts

Online
Appendix A.9

Technical characteristics of each vessel (vessel size, engine type, eco-equipment, design fuel consumption,
etc.), which will allow us to predict speed changes to meet the required IMO2023 CII. These data come from
the World Fleet Register (WFR), maintained by Clarksons PLC—the world’s leading shipbroker—and include
all major commercial vessels.
Actual (observed) fuel consumption, distance traveled, and carbon emissions provided by THETIS-MRV
(alternatively THETIS), an online, port state control/inspection database maintained by the European Mar-
itime Safety Agency (EMSA). It was launched in August 2017 in an effort to support new owner reporting
requirements pursuant to Regulation (EU) 2015/757 on Monitoring, Reporting, and Verification of CO2 from
marine transport. Regulation 2015/757 requires the owners to report carbon emissions per transport work for
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all vessels that (i) are larger than 5,000 gross tonnage (GT); and (ii) make at least one call to an EU territory port
subsequent to January 1st, 2018. THETIS-MRV makes provisions for third party monitoring and verification
of a ship owner’s reported carbon emissions. THETIS-MRV’s data on owner-reported technical efficiency is
publicly available, and features annual emissions reports from 2018-2020.
There are roughly 15,000 unique IMO number-vessels in the THETIS-MRV database across 2018-2020. Our
preferred efficiency rating is the Energy Efficiency Design Index (EEDI), which measures grams of CO2 gener-
ated per ton-nautical mile. THETIS also records vessel Estimated Index Values (EIV). EIV ratings, relative to
EEDI ratings, are: (i) better thought of as vessel design efficiency metric versus as a fuel efficiency rating; (ii)
less data-intensive to calculate due to making simplifying assumptions about vessel operation; and (iii) tend
to slightly overestimate EEDI ratings (Faber et al., 2015).
Data on container carriers, their service rotations and capacities on all routes worldwide between 2012 and
2020, provided by BlueWater Reporting. These data will allow us to determine the capacity and speed of ocean
transportation on importing routes to the U.S.
Matching different datasets. We link each vessel found in the THETIS-MRV registry back to the Clarksons’
World Fleet Registry through the vessel’s unique IMO number. The Clarksons-THETIS merge of the global
containerized ocean fleet results in a match of 39.7% by count and 54.1% by capacity. The match is less than
100% because under THETIS carbon emissions were measured only from the vessels entering European ports,
while Clarksons contains information about the entire global fleet. For comparison, the corresponding num-
bers for the bulk fleet are 42.3% and 38.5%, respectively. BlueWater Reporting contains all containerized mar-
itime routes, which allows us to match (using the IMO number) each containership present in either Clarksons
or THETIS with its route in a given month.

A.2 Route Construction and Carrier Count

Rotterdam Felixstowe Bremerhaven New York Norfolk Rotterdam

Days Elapsed

(Segment ID)

1 2 4 14 27 35

(s1,2) (s2,3) (s3,4) (s16,17)

Figure A1: Container Rotation Example
Notes:: Port nodes are colored by country. Port to port pairs are identified by Segment ID si,j, where i, j indexes port stops
(from stop i to stop j). Ports can be visited more than once whereas stop numbers are unique, e.g. Rotterdam is the 1st
and 17th stop in the rotation. Finally, port stops between New York and Norfolk are excluded for illustrative simplicity.
Carriers APL, CMA CGM, Hyundai, and Maersk Line service this rotation at various points throughout 2013.

A typical observation within BlueWater Reporting’s historical rotation data lists the origin and destination
port pair alongside the rotation that the pair belongs to. The rotation is a semi-colon separated string in the
following form: "PortX 1 ; PortY 2" where a port name is followed by the number of days that have elapsed
since the start of the rotation. In this way, a rotation can be thought of a sequence of port-to-port segments
with a corresponding travel time given by the difference in the number of days elapsed. Additionally, each
rotation lists the names of servicing carriers.
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A BlueWater route is thus a sub-sequence of a larger rotation. The listed origin-destination pair, which
serve as the endpoints of the route, are not necessarily the endpoints of a rotation. Moreover, BlueWater does not
necessarily breakout all segments of a rotation. To put the problem in concrete terms, consider the example
provided by Figure A1. BlueWater lists Rotterdam (origin port) to New York (destination port) as a route
with the larger rotation. This rotation is serviced by four (4) carriers: APL, CMA CGM, Hyundai, and Maersk
Line. Rotterdam (NL) to New York includes intermediate stops in Felixstowe (GB) and Bremerhaven (DE).
Thus, there are at least four (4) carriers that serve New York from: the Netherlands; the United Kingdom; and
Germany. However, BlueWater might explicitly report the four (4) carriers between the Netherlands and New
York but not report the four (4) carriers between the United Kingdom and New York.

We clean our BlueWater rotation data to determine the number of carriers that service Country-U.S. Cus-
toms District routes according to the following steps:

1. Identify all unique ports across all rotations. Port names are not necessarily unique. After cleaning,
our sample includes 462 ports.

2. Geo-code ports. For each of the 462 ports, we determine the longitude/latitude coordinates.

3. Map ports into countries and/or U.S. Customs Districts. Based on the port name and coordinates,
we then map ports to countries. If the port is American, we further map the port into the relevant
U.S. Customs District. We map Panjiva port to a given Custom District based on the minimum (great-
circle) distance between a port and a Custom District’s average longitude/latitude coordinates. Please
refer to Online Appendix A.9 for additional information on how we construct average Custom District
coordinates.

4. Determine each rotation’s total distance and time. Since each rotation can be broken down into port-
to-port pairs, we compute the sea distance traveled for each port pair.32 Interestingly enough, at 3,769
unique pairs, the total number of unique port-to-port pairs is small relative to the theoretical maximum:

3,769
462×(461)/2 ≈ 3.5%. Port pair travel time is based on the difference in total time elapsed. For example,
Figure A1’s segment s3,4 implies a travel time of 10 days. Moreover, we calculate a sea distance of 4,230
miles (compared to the 4,000 mile estimate from SP PortWorld.

A.3 From ship speed to route capacity changes
The following details how we process our shipping micro data to determine both changes in speed, capacity
and CO2 per ton mile post IMO2023 reforms on a per route basis (e.g. U.S. Customs District-country or ij)
relative to our 2022 base year.33

A.3.1 Identify which ships service which routes for 2019

We look to our BlueWater Reporting and Panjiva datasets to determine which container ships serviced route
ij in 2019. Both our datasets report individual vessel IMO numbers (i.e. unique vessel identifiers) and report
which port/country a vessel originated from and the U.S. port of arrival in 2019. Our first step is to identify
unique ships across both datasets. All told, we have n = 1, 826 unique vessels: 985 vessels are common to both
datasets whereas 226 (615) ships are unique to BlueWater Reporting (Panjiva). Denote this list of unique (U.S.
2019 bound) vessels as imo_vessel_list19.

32 Besley et al. (2015) provides details about how to use GIS data and R to compute shortest paths over sea between
port pairs.

33 Our shipping micro data do not extend to 2022, the year which serves as our baseline for our counterfactual analysis.
We use 2019 data for this paper because it represents the most recent year of complete data that we have access to.
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A.3.2 Determine vessel speed for 2019

Once we have imo_vessel_list19, our next step is to determine the average speed for each vessel: we use
BlueWater Reporting and THETIS-MRV to determine average vessel speed.

1. BlueWater Reporting data provides a rotation schedule for a given ship where we can see each port
visited and transit duration between ports measured in days. BlueWater specifies the origin-destination
ports within a rotation (e.g. London (UK) to Boston (US)): we use these end points to define a ship’s trip.
Using Dijkstra’s algorithm as adapted by Besley et al. (2015), we compute the sea-distance between each
port-to-port segment. Next, we sum up distance and transit time across all segments so that we know
total (sea) travel distance and time. Average transit speed is thus total (sea) distance divided by total
travel time. We use a vessels assigned weekly capacity as weights when computing average speed. In
this way, we are able to compute 1,138 average vessel speeds.

2. THETIS data indirectly allows us to compute average vessel speed. THETIS reports a ship’s annual
CO2 emissions; THETIS also reports a ship’s CO2 output while at berthing at port. We subtract a ship’s
berthing emissions from its annual emissions to determine its annual emissions while at moving at
sea. THETIS lists a ship’s average CO2 emissions per nautical mile; combining average emissions per
nautical mile with total emissions from movement at sea allows us to recover a ship’s total mileage at
sea. Converting this sea-mileage figure, we then use THETIS’s reported annual hours at sea to come
up with an average mile-per-hour estimate for each ship. In this way, we compute an additional 338
average speed estimates for ships in imo_vessel_list19.

BlueWater and THETIS thus allow us to estimate average traveling speed for 1,470 out of 1,826 ships (or
81 % of our sample). Figure A2 charts the relationship between vessel size and average speed. BlueWater
and THETIS derived speeds share comparable distributions and both datasets convey a positive relationship
between vessel size34 and average speed. However, the relationship between vessel size and average speed
holds relatively modest explanatory power, with a simple regression line’s R2 = 0.18. For this reason, we
impute a median speed of 16.245 mph to all remaining 356 ships. Our imputed speed is close to Clarksons’
SIN 2019 average containership speed (for all containerships) of 14.36 knots or 16.53 mph.

34 Vessel size in Figure A2 comes from Clarksons WFR.
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Figure A2: Ship size vs operational speed
Notes: Green line is the regression line that comes from regressing (log) average vessel speed on (log) vessel size. The
slope coefficient is positive and statistically different from zero, namely β = 0.127 95% CI[ 0.112, 0.141], and the model’s
R2 = 0.18.

A.3.3 Approximating vessel technical characteristics related to fuel consumption

We use data from Clarksons WFR, which allows us to match vessel v’s size expressed in deadweight tonnage,
Dwtv, with engines’ main and auxiliary fuel consumption and design speed (sDes

v ). We use the following
specification:

log(xv) = α1 + α2 log(Dwtv) + ϵv,

where xv sequentially represents FMain
v , FAux

v , and sDes
v . We apply a Seemingly Unrelated Regression (SUR)

estimator to simultaneously estimate all coefficients. Table A2 presents the results.

Table A2: Vessel Size as a predictor of Fuel Consumption and Speed

Dependent variable: log(FMain
v ) log(FAux

v ) log(sDes
v )

(Intercept) −4.861∗∗∗ −5.087∗∗∗ 6.068∗∗∗

(0.057) (0.194) (0.512)
log(Dwtv) 0.884∗∗∗ 0.632∗∗∗ 0.308∗∗∗

(0.005) (0.018) (0.047)
R2 0.867 0.484 0.430
Num. obs. 4046 329 370
Duan Smear 1.041 1.080 1.034
Notes: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1
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Filling in missing vessel size. There are 297 vessels that are in imo_vessel_list19 that do not appear in
Clarksons’ WFR. We use Vessel Tracking to look up each of these 297 vessels and retrieve vessel information as
available: this website lists vessel TEU capacity rather than Dwt capacity. Our use of Vessel Tracking returns
220 vessels that TEUv > 0. We use data from Clarksons’ WFR to translate TEUs into Dwt via a simple linear
model. Table A3 presents this simple "conversion" model:

Table A3: Mapping TEU to Dwt

Dependent variable: Dwtv
(Intercept) 5703.848∗∗∗

(146.036)
TEU 10.637∗∗∗

(0.026)
R2 0.982
Adj. R2 0.982
Num. obs. 3189
RMSE 6101.592
Notes: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1

For the remaining 297-220=77 vessels, we impute our data’s median Dwt of 66,940 tons. Once we have Dwt in-
formation for all vessels, we impute any missing information on engines’ main and auxiliary fuel consumption
and design speed; we default to Clarksons’ WFR if those characteristics are present there.

A.3.4 Imputing vessel CII

We use pooled THETIS data across the 2018-2021 reporting periods and vessel size (e.g. Dwt) from Clarksons’
WFR to compute vessel CII scores, CIIobs

v,t . We estimate two regression models—one model that simply uses
vessel size measured in Dwt to predict CIIobs

v,t and another model that controls for year effects—and report our
results in Table A4:35

35 We trim one vessel-year from the merged THETIS (Year)-Clarksons dataset because it is an outlier: CIIobs
v,t > 1000.
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Table A4: Imputing CII

Dependent variable: log(CIIobs
v,t )

(1) (2)
(Intercept) 7.650∗∗∗ 7.671∗∗∗

(0.023) (0.023)
log(Dwt) −0.490∗∗∗ −0.490∗∗∗

(0.002) (0.002)
2019 −0.027∗∗∗

(0.006)
2020 −0.043∗∗∗

(0.006)
2021 −0.015∗∗

(0.006)
R2 0.879 0.880
Adj. R2 0.879 0.880
BIC -4584.829 -4617.023
Num. obs. 7190 7190
Duan Smear 1.015 1.015
Notes: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1

We use the regression model specification of column (2) within Table A4 to impute CII scores for vessels in
imo_vessel_list19 that don’t appear in THETIS.

A.3.5 Vessel data source summary

Table A5 summarizes where/what combination of sources/methods our vessel data from when we construct
imo_vessel_list19: Figure A3 depicts the empirical cumulative distribution function (ECDF) for vessel
capacity per data series/source. Broadly speaking, all data series have similar capacity distributions.
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Table A5: Vessel data sources for imo_vessel_list19

Speed Dwt Main Engine (FMain) Auxiliary Engine (FAux) Design Speed (sDes
v ) CIIobs

v,t Count

BW Clarksons Clarksons (II) (II) (III) 379
BW Clarksons Clarksons (II) (II) THETIS 374
THETIS Clarksons Clarksons (II) (II) THETIS 176
(I) Clarksons Clarksons (II) (II) (III) 149
(I) Vessel Track (II) (II) (II) (III) 130

BW Clarksons (II) (II) (II) (III) 109
THETIS Vessel Track (II) (II) (II) (III) 68
BW Clarksons (II) (II) (II) THETIS 62
BW Clarksons Clarksons (II) Clarksons (III) 59
BW Clarksons Clarksons Clarksons (II) (III) 58

THETIS (I) (II) (II) (II) (III) 43
(I) (I) (II) (II) (II) (III) 33
BW Clarksons Clarksons (II) Clarksons THETIS 24
THETIS Clarksons (II) (II) (II) THETIS 23
BW Vessel Track (II) (II) (II) (III) 22

BW Clarksons Clarksons Clarksons (II) THETIS 19
(I) Clarksons Clarksons Clarksons (II) (III) 17
(I) Clarksons Clarksons (II) Clarksons (III) 17
BW Clarksons (II) (II) Clarksons (III) 16
BW Clarksons (II) (II) Clarksons THETIS 15

THETIS Clarksons Clarksons (II) Clarksons THETIS 11
THETIS Clarksons Clarksons Clarksons (II) THETIS 8
(I) Clarksons (II) (II) (II) (III) 7
(I) Clarksons (II) (II) Clarksons (III) 3
THETIS Clarksons (II) (II) Clarksons THETIS 3

BW (I) (II) (II) (II) (III) 1

Notes: Imputation Method (I): We use the median speed and Dwt across our pooled BlueWater (BW) and THETIS data to
impute missing values.
Imputation Method (II): We use a seemingly unrelated regression (SUR) estimator, built on Clarksons WFR data, to impute
vessel characteristics as function of vessel Dwt.
Imputation Method (III): We estimate a simple regression model where observed carbon intensity is a function of vessel
Dwt and use this model to impute carbon intensity.
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Figure A3: Size Comparison

A.3.6 Modeling IMO Speed Adjustments

Now that imo_vessel_list19 is complete with respect to technical characteristics, speed, and carbon in-
tensity, we use Corbett et al. (2009)’s formula, equation (A21), to model the relationship between a vessel’s
speed and fuel consumption (subject to vessel characteristics):

Fijv(sv) =
[

FMain
v

( sv

sDes
v

)3
+ FAux

v

] dij

24sv
, , (A21)

where dij is the route distance. Suppose that sIMO
v = ρvsv is the speed that will ensure that v is compliant with

IMO2023 carbon intensity standards, namely that ships are no more than 107% over the required emissions
line (as to score a letter "C" or better):

CIIreq
v,t
(
Zt
)
=
[
1984 × (Dwtv)

−0.489
]
(1 − Zt) =⇒

CIIobs
v,t

CIIreq
v,t

× ≤ 107%

where (1 − Zt) = 0.95 for t = 2023.36

For each ship in imo_vessel_list19, we use Brent’s method to find the speed adjustment factor ρ∗v that
solves:

ρ∗v
(
Zt
)
∈ arg min H(ρv) ≡

1 −
( CIIobs

v

CIIreq
v (Zt)

− 1.07
)
−

Fv

(
sIMO

1v
(
ρv(Zt)

))
Fv(s1v)


2

(A22)

We set ρ∗v = 1 for IMO2023 compliant ships (e.g. "C" grade or better). Figure 2 in the text visualizes our results

36 See MEPC.338(76) for the Zt schedule over the next several years: starting in 2023, Zt = 5% with an additional 2
percentage points added each year after 2023.
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for ρ∗v across all imo_vessel_list19 containerships. In the event that we calculate ρv > 1 for ships that
are currently rated as "D" or "E", this means that these ships will be unable to reduce their speed enough to
comply with IMO standards. In this case of IMO2023 standards, the number of these ships is less than five (5).
When we take our speed estimates over to our capacity adjustment calculations, we drop these ships from our
capacity-analysis.

A.3.7 Estimating time in port

The number of trips that a ship can make in a year partially depends on how much time is spent in port. We
follow a similar strategy to Wong and Fuchs (2022) in using Automatic Identification System (AIS) provided
by MarineCadastre.gov. These AIS data are the result of collaborative efforts between the U.S. Bureau of
Ocean Energy Management (OECM), the National Oceanic and Atmospheric Administration (NOAA), and
the U.S. Coast Guard Navigation Center. In total, these AIS data cover nearly all vessel movements off the U.S.
coastline reported in one minute intervals for every day since January 1st, 2015 (with more limited coverage
stretching back to 2009). Downloading all of these data would require several terabytes (TB) of computer
storage.

Awash in a sea of data, we make a number of judgement calls to make these vessel tracking data more
amenable to our purposes.

• First, we limit our attention to January 2019 vessel tracking.

• Second, using Clarksons’s WFR data on all containership MMSI (Maritime Mobile Service Identity)
numbers—a unique number that identifies individual ships—we are able to filter out all non-containerships
from the MarineCadastre data. This filtering step leaves us with 3,105,5772 AIS readings for 610 contain-
erships.

• Third, our AIS data include COLREGS (International Regulations for Preventing Collisions at Sea) vessel
navigational codes. These codes describe what the vessel is doing when it transmits the AIS signal. We
limit our attention to AIS readings with navigation status codes "0" (Under way using its engine),"1"
(anchored), and "5" (Moored or tied to another object to limit free movement): these codes describe the
two statuses we are interesting, namely whether the vessel is moving or docked. Filtering on these
navigation status codes brings our sample down to 3,090,059 AIS signals and keeps at 610 vessels. As
a sanity check, we use the AIS’s SOG (speed over ground, knots per hour) data to confirm that ship is
relatively stationary while a "1" of "5" code is active.

• Fourth, we re-code our three reminaing COLREGS status to capture whether or not a containership is
moving. For each containership in our MarineCadastre, we identify runs in our data between moving/non-
moving (e.g. if we code moving status as "M" and non-moving status as "N", then we look for the first
time an uninterrupted sequence of "M"’s is broken by an "N"). Once we the terminal points of non-
moving code sequence, we find the corresponding (terminal) time stamps and so compute the duration
of the vessel’s stationary episode.

• Fifth, we use Panjiva U.S. 2019 bill of lading data to identify all U.S container ports and geo-reference all
container port. For every vessel’s stationary period, we take the average longitude/latitude position of
the vessel and use that point to find the closest Panijvia U.S. container port. If the vessel’s non-stationary
location is more than 50 miles away from the port, we exclude this stationary episode from our analysis.

• Figure A4 gives an example of what our clean AIS data look like for a given ship, the COSCO Excel-
lence (IMO: 9472189), and its various stops in the early part of January 2019. In particular, we see that
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COSCO Excellence first stopped outside of Savannah, GA (denoted by "A" across panels) before en-
tering and unloading that port (denoted by "B") before repeating the waiting and unloading stages in
Charleston, SC ("C" and "D" respectively) before heading west out to sea. In context, we consider the sum
of the times in periods "A" and "B" ("C" and "D") as COSCO Excellence’s port time period for Savannah,
GA (Charleston, SC). The port time for COSCO Excellence is roughly 164 (43) hours for Savannah,GA
(Charleston, SC).

• Sixth, we compute a rough measure of port-day traffic in a manner similar to Wong and Fuchs (2022).
For each ship in our sample, we calculate the share of a given day that a ship spends in a port and
multiply this share by the deadweight (Dwt) tonnage capacity of the ship. For example, if a 78,300
Dwt container ship were docked outside of Oakland, CA from January 2nd 2:00AM to January 4th
6:00PM, we would add 22/24 × 78, 300 = 71, 790 tons on January 2nd to Oakland’s traffic measure and
24/24 × 78, 300 = 78, 300tons on January 3rd and 6/24 × 78, 300 = 19, 575 tons on January 4th. We then
sum over each port-day to compute our traffic measure, port trafficpd.

• Seventh, we aggregate port locations together such that if our data have two or more ports within a 20
miles radius of each other, we group them together. In this way, we jointly consider the ports of Los
Angeles/Long Beach, Seattle/Tacoma, New York/Newark, etc.

• Eighth, armed with 50 ports, 524 container ships, and 1,236 port visits, we estimate a set of simple fixed
effect regression models that predict a vessel’s port time as function of its deadweight capacity. Our unit
of analysis here is a ship v on day d visiting port p: the dependent variable is (log) days in port for ship
v on day d visiting port p. Each column of Table A6 indicates that increases in vessel size are associated
with higher expected port times: even in the most stringent specification in column (3), a 10% increase in
vessel time raises expected dwell time by 2.8%. Column (3)’s p × d fixed effects encompass port and day
specific influences on a vessel’s expected dwell time, such as port congestion. We use the port fixed effects
from column (2) to create the dwell time map presented by Figure A5. With the exception of Wilmington
DE, containerships entering any major U.S. container port experience between 20 to 80% less dwell time
conditional on vessel size relative to Los Angeles/Long Beach.
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Table A6: Port Time as a Function of Vessel Size

Dependent variable: log (port timevpd)
(1) (2) (3)

(Intercept) 1.418∗∗∗

(0.506)
log(Dwtvd) 0.181∗∗∗ 0.111∗ 0.284∗∗∗

(0.046) (0.064) (0.079)
Num. obs. 1236 1236 1236
R2 (full model) 0.013 0.350 0.700
R2 (proj model) 0.004 0.032
Adj. R2 (full model) 0.012 0.305 0.421
Adj. R2 (proj model) 0.003 0.030
FE: port (p) ✓
FE: day (d) ✓
FE: port × day (p × d) ✓
Notes: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1

We also (partially) replicate Wong and Fuchs (2022) regression analysis connecting port traffic to port
service times. As a quick outline of differences Wong and Fuchs (2022): (i) use data on a wider selection
of ships from June 2015 to December 2021; (ii) focus on a ship’s dwell time, or the time a vessel "spends
being moored at a pier and has zero speed" (e.g. periods in "B" and "D" in our Figure A4); and (iii)
calculate port traffic over moving multi-day/week averages. These differences notwithstanding, we
find similar a qualitatively similar port time elasticity with respect to traffic: a 10% increase in traffic
today is associated with a 1.97% increase in a ship’s vessel time in port (e.g. column 4) compared to
Wong and Fuchs (2022) preferred elasticity of 1.3%.
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Table A7: Port time as function of port traffic?

Dependent variable: log (port timevpd)
(1) (2) (3) (4)

(Intercept) 0.437∗

(0.256)
log(port trafficpd) 0.205∗∗∗ 0.234∗∗∗ 0.210∗∗∗ 0.197∗∗∗

(0.017) (0.068) (0.051) (0.058)
Num. obs. 1236 1236 1236 1236
R2 (full model) 0.101 0.317 0.382 0.764
R2 (proj model) 0.070 0.053 0.057
Adj. R2 (full model) 0.100 0.288 0.339 0.542
Adj. R2 (proj model) 0.069 0.052 0.055
FE: port (p) ✓ ✓ ✓
FE: day (d) ✓ ✓
FE: vessel (v) ✓
Notes:∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1

• Ninth, our Table A6 regression specifications’ relatively low adjusted R2’s suggest that considerable ex-
planatory power is left unaccounted for. For this reason, we choose to adopt a uniform measure of port
time via a two step weighted average: (i) we average January 2019 port time per container port in our
sample using our definition of port trafficpdv as weights; and, (ii) we use Panjiva bill of lading data to
compute 2019 annual traffic per port which we use to identify the top 20 ports by TEU volume. We then
use average these twenty container port times (from the previous step) while using their annual TEU
volumes as weights. In this way, we compute an aggregated port time measure of 2.53 days (60.8 hours).
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(a) Vessel speed vs movement status (b) Vessel path

Figure A4: COSCO Excellence (IMO: 9472189) trip to Savannah, GA and Charleston, SC

Figure A5: 2019 estimated port time for top 20 U.S. container ports
Notes: Ports are scaled in size to proportion of their annual TEU volume. Port time’s are weighted by the container’s port trafficpd flows across
January 2019.
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A.3.8 Filling in missing values on route distance, time, and carbon intensity

In order to analyze changes in vessel speed and their impact on route time, carbon intensity, and carbon output,
it is first necessary to establish a route’s distance, time, and carbon intensity. Directly observed data mapping
ships to routes and route times can be used to assign vessel-capacity weighted averages of ship speed and
carbon intensity per route. However, the available Census trade data on containerized imports includes U.S.
Customs District-country pairs that are not covered by our vessel microdata. To address this issue, we have
developed a route characteristics imputation approach, which we describe in detail below.

(a) Direct measurements

(a) Our analysis of trade routes involves the use of direct measurements of distance and time, ob-
tained from the BlueWater platform. Priority is given to distance and travel time data for a spe-
cific route ij that is either directly reported by BlueWater (e.g., the total days in transit between
ports), or that can be inferred from BlueWater data (e.g., port-to-port distance calculations con-
verted into route distances). In total, we have access to 615 U.S. Customs District-country pairs
from the BlueWater platform, along with associated IMO vessel numbers.

(b) Direct route measures of carbon intensity: We use our BlueWater vessel/route data to compute a
vessel-capacity weighted average of carbon intensity CIIobs

v,t per route.

(b) Indirect measurements

(a) Indirect distance measurements. For all remaining routes, we utilize indirect distance measure-
ments to calculate the sea distance between BlueWater U.S. Customs District-country pairs. Specif-
ically, we use the coordinates of a country’s largest city, obtained from CEPII’s GeoDist database,
and average coordinates of a U.S. Customs District as our distance endpoints.37 By incorporating
these distance estimates, we are able to analyze an additional 2,684 routes in our analysis.

(b) Indirect travel speed and distance estimates. Once we have obtained sea distance measurements
for each ij route, we utilize our non-BlueWater Panjiva vessels and their voyages’ U.S. Customs
District-country endpoints to calculate travel time, assuming a constant moving speed that we
have previously computed. It is important to note a subtle but significant distinction between
the Panjiva bill of lading data and the BlueWater data. Specifically, the bill of lading information
pertains to the city/port (and therefore, the country) of origin, the port of lading (and therefore,
the country), and the U.S. port of unlading (and therefore, the U.S. Customs District). We treat the
country of origin as j, but we compute the distance for route ij as a shipment-weighted average
distance and shipping speed between U.S. Customs District i and the port of lading in country j′.
Formally, our indirect measure of x ∈ distance, speed for ships v serving route ij and using country
j′ as a stop is:

xindirect
ij =

∑v∈ij xv,ij′ j × shipv,ij′ j

∑v∈ij shipv,ij′ j
(A23)

where shipv,ij′ j is v’s total shipment volume to ij using j′ measured in TEUs. Using (A23), we
compute average travel distance and speed for 364 additional routes.

37 To the extent that a country’s largest city is not on the country’s coastline (or even if the country is landlocked), our
shortest sea-path code still takes the shortest path to the nearest point of coastline and then draws a straight line (as
the crow flies) over land.

Online Appendix-15

http://www.cepii.fr/CEPII/en/bdd_modele/bdd_modele_item.asp?id=6


(c) Indirect estimates travel time, vessel size, and carbon efficiency. At this stage, we have route
characteristics for only 979 out of 3,295 routes. To impute the remaining route characteristics, we
have devised the following strategy. If route ij is missing vessel data, we first utilize ship-capacity
size weighted average speed/Dwt/CIIobs

v values based on country j. In the event that we are un-
able to compute a country average, we then attempt to compute a U.S. Customs District i average.
Finally, if we cannot calculate an average using either i or j, we compute an average over all ge-
ographies.

(c) Other measurements. As a measure of air route distance, we compute the great circle distance between
the average coordinates of the U.S. Customs Districts and the country coordinates from CEPII’s GeoDist
database.

Table A8 presents a summary of our maritime route-level characteristics and their respective sources. Notably,
the median summary statistics pertaining to route travel speed and carbon intensity are relatively consistent
across our different data sources and imputation methods, providing reassurance of the validity and reliability
of our findings.

Table A8: Data Sources for Route Characteristics

Route Sources Count (I) values
Travel time Other characteristics Dwt Distance (miles) Travel time (days) Speed (mph) CIIobs

BW Route Average 611 62000 7958 22.4 15.8 10.2
Country Average Country Average 2243 77411 7826 22.2 15.0 9.1
Country Average Route Average 205 77859 6702 19.8 14.6 8.9
District Average District Average 31 90804 7855 21.3 16.1 7.7
Panjiva Country Average 11 92766 7202 23.9 17.0 8.2
Panjiva Route Average 194 78962 6903 20.3 15.5 9.0

A.3.9 Modeling capacity adjustments caused by speed adjustments

The number of annual round trips that a ship v can make during the year on route ij is equal to:

Round Trips : nij,v =
A

2(dij/(24sij,v) + port time)

A is the number of sailing days in the year and dij/(24sij,v) is the average route time of vessel v moving
distance dij at average speed sij,v (mph).38 A vessel’s reduced capacity on route

A.4 Theoretical Proofs
A.4.1 Proof of Lemma 1.

Proof. From equation (7),

Qijt =

(
Pijt

Pit

)−σ

Qit,

38 We assume that vessels are active for A =340 days out of the year to reflect off-hire periods or when statutory
maintenance, dry docking, etc. This is the number used by Haralambides (2019). The choice of A arguably is
inconsequential since when we calculate the ratio of round trips, we are assuming that the number of sailing days
per year is unaffected.
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where Pijt is the district-origin specific price index as defined by equation (7), and

Pit ≡
(

P1−σ
iit + ∑j P1−σ

ijt

) 1
1−σ

and Qit ≡
(

Q
σ−1

σ
iit + ∑j Q

σ−1
σ

ijt

) σ
σ−1

are the district i′s price and quantity indexes.

The demand for the imports by i from country j by mode m is then given by

qijmt = νε
ijmt

(
pijmt

Pijt

)−ε (Pijt

Pit

)−σ

Qit = νε
ijmt p−σ

ijmt

(
pijmt

Pijt

)σ−ε

Pσ
it Qit = ν

ε σ−1
ε−1

ijmt p−σ
ijmtλ

(1− σ−1
ε−1 )

ijmt Pσ
it Qit, (A24)

where λijmt is the share of a given mode of transportation in total imports by i from j:

λijmt = νε
ijmt

(
pijmt

Pijt

)1−ε

=
pijmtqijmt

∑m∈Mijt
pijmtqijmt

For the last step in equation (A24), note that

νε
ijmt

(
pijmt

Pijt

)σ−ε

= νε
ijmt

((
pijmt

Pijt

)1−ε
) σ−ε

1−ε

= ν
ε σ−1

ε−1
ijmt

(
νε

ijmt

(
pijmt

Pijt

)1−ε
)1− σ−1

ε−1

= ν
ε σ−1

ε−1
ijmt λ

1− σ−1
ε−1

ijmt

A.4.2 Proof of Lemma 2

Proof. Let us focus on the containerized ocean transportation on a given route ij. From equation (10), we can
express the freight rate as

fijct = pijct − pFOB
ijct τijct. (A25)

where index c denotes the containerized ocean shipping. We can then find the delivered price also from
the demand function expressed by equation (12):

pijct = q−
1
ε

ijct νijmtP
1− σ

ε
ijt Pit

σ
ε Q

1
ε
it = (ql

ijct + ∑
k ̸=l

qk
ijct)

− 1
ε νijct

(
νε

ijct p1−ε
ijct + ∑

m ̸=c
νε

ijmt p1−ε
ijmt

) 1
1−ε (1−

σ
ε )

Pit
σ
ε Q

1
ε
it, (A26)

where ql
ijct is the containerized quantity delivered on ij by carrier l and ∑k ̸=l qk

ijct is the quantity delivered by
all other carriers indexed by r on the same route, such that qijct = ql

ijct + ∑k ̸=l qk
ijct.

Next, we apply Implicit differentiation to get the derivative of pijct with respect to ql
ijct:
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∂pijct

∂ql
ijct

=
− 1

ε

(
ql

ijct + ∑k ̸=l qk
ijmt

)− 1
ε −1

νijct ·
(

νε
ijct p1−ε

ijct + ∑m ̸=c νε
ijmt p1−ε

ijmt

) 1
1−ε (1−

σ
ε ) Pit

σ
ε Q

1
ε
it

1 −
(

ql
ijct + ∑k ̸=l qk

ijmt

)− 1
ε · νijct · Pit

σ
ε Q

1
ε
it ·

1− σ
ε

1−ε

(
νε

ijct p1−ε
ijct + ∑m ̸=c νε

ijmt p1−ε
ijmt

) 1
1−ε (1−

σ
ε )−1

· νε
ijct(1 − ε)p−ε

ijct

=
− 1

ε

(
ql

ijct + ∑k qk
ijct

)−1
pijct

1 − pijct
1− σ

ε
1−ε

(
νε

ijct p1−ε
ijct + ∑m ̸=c νε

ijmt p1−ε
ijmt

)−1
· νε

ijct(1 − ε)p−ε
ijct

=
− 1

ε

(
ql

ijct + ∑k qk
ijct

)−1
pijct

1 −
(
1 − σ

ε

) (
1 + ∑m ̸=c

νε
ijmt p1−ε

ijmt

νε
ijct p1−ε

ijct

)−1 = −1
ε

(
ql

ijct + ∑
k ̸=l

qk
ijct

)−1

pijct

(
1 + ∑m ̸=c

νε
ijmt p1−ε

ijmt

νε
ijct p1−ε

ijct

)
(

σ
ε + ∑m ̸=c

νε
ijmt p1−ε

ijmt

νε
ijct p1−ε

ijct

)
Next, we use this result to calculate the corresponding elasticity:

∂pijct

∂ql
ijct

ql
ijct

pijct
= −1

ε

(
ql

ijct + ∑
k ̸=l

qk
ijct

)−1

ql
ijct

(
1 − (1 − σ

ε
)λijct

)−1
(A27)

Recall that carriers compete à la Cournot, with all carriers having the same symmetric marginal cost and
no differentiation or loyalty incentives in ocean transportation. As a result, in equilibrium, all carriers will
charge the same freight rate, fijct. This freight rate will be a function of the aggregate equilibrium quantity on
that route, qijct. Specifically, from the inverse demand function (A26) combined with equation (A25), we can
express the freight rate as:

fijct = (ql
ijct + ∑

k ̸=l
qk

ijmt)
− 1

ε νijct

(
νε

ijct p1−ε
ijct + ∑

m ̸=c
νε

ijmt p1−ε
ijmt

) 1
1−ε (1−

σ
ε )

Pit
σ
ε Q

1
ε
it − pFOB

ijct τijct, (A28)

where ql
ijct is the quantity supplied on ij by carrier l. Using the above equation we can calculate the freight rate

elasticity with respect to ql
ijct :

∂ fijct

∂ql
ijct

=
− 1

ε

(
ql

ijct + ∑k ̸=l qk
ijct

)− 1
ε −1

· νijct ·
(

νε
ijct p1−ε

ijct + ∑m ̸=c νε
ijmt p1−ε

ijmt

) 1
1−ε (1−

σ
ε ) · Pit

σ
ε Q

1
ε
it

1 −
(

ql
ijct + ∑k ̸=l ql

ijct

)− 1
ε · νijct · Pit

σ
ε Q

1
ε
it ·

1− σ
ε

1−ε

(
νε

ijct p1−ε
ijct + ∑m ̸=c νε

ijmt p1−ε
ijmt

) 1
1−ε (1−

σ
ε )−1

· νε
ijct(1 − ε)p−ε

ijct

,

from which we calculate the corresponding elasticity:

∂ fijct

∂ql
ijct

ql
ijct

fijct
= −1

ε

( fijct + pFOB
ijct τij)

fijct

(
ql

ijct + ∑
k ̸=l

qk
ijct

)−1

ql
ijct

(
1 − (1 − σ

ε
)λijct

)−1
(A29)

Next, we are turning to the profit function by carrier l serving the route ij :

πl
ijct = ql

ijct( fijct − cijct)− C ∀l = 1, 2, ..., nij
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Consider that the route ij is served by nijct carriers. Then, the nijct × 1 vector of the first order conditions is:

∂πl
ij

∂ql
ijct

= fijct

(
1 +

∂ fijct

∂ql
ijct

ql
ijct

fijct

)
− cijct = 0

Next, we substitute for ∂ fijct

∂ql
ijct

ql
ijct

fijct
with the result in equation (A29):

fij

1 − 1
ε

( fijct + pFOB
ijct τij)

fijct

(
ql

ijct + ∑
k ̸=l

qk
ijct

)−1

ql
ijct

(
1 − (1 − σ

ε
)λijct

)−1

− cij = 0

In the symmetric equilibrium nijctql
ijct = qijct which allows us to modify it as

fij

(
1 − 1

ε

( fijct + pFOB
ijct τij)

fijct

1
nijct

(
1 − (1 − σ

ε
)λijct

)−1
)
− cij = 0

from which

fijct = cij + fijct
1
ε

( fijct + pFOB
ijct τij)

fijct

1
nijct

(
1 − (1 − σ

ε
)λijct

)−1

fijctnijctε
(

1 − (1 − σ

ε
)λijct

)
= cijnijctε

(
1 − (1 − σ

ε
)λijct

)
+ ( fijct + pFOB

ijct τij)

fijct

[
nijctε

(
1 − (1 − σ

ε
)λijct

)
− 1
]
= cij

[
nijctε

(
1 − (1 − σ

ε
)λijct

)
− 1
]
+ cij + pFOB

ijct τij

from which

fijct = cij +
cij + pFOB

ijct τij

nijctε
(
1 − λijct(1 − σ

ϵ )
)
− 1

= cij +
cij + pFOB

ijct τij

nijctζ − 1
(A30)

where
ζ = ε

(
1 − λijct(1 −

σ

ε
)
)

.

Next, we need to show that this equation can be transformed into equation (13) in Lemma 2, which allows
for a better expositional connection to other classes of models. For brevity in this derivation, we will remove
all the subscripts, and we will start with the last part of equation (A30).

f = c +
c + pFOBτ

nζ − 1
=

nζc − c
nζ − 1

+
c + pFOBτ

nζ − 1

=
nζc

nζ − 1
− c

nζ − 1
+

c
nζ − 1

+
pFOBτ

nζ − 1
=

nζc
nζ − 1

+
pFOBτ

nζ − 1

from which:

f (nζ − 1) = nζc + pFOBτ =⇒ nζc = nζ f − f − pFOBτ,
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from which:

f =
nζ f

nζ f − f − pFOBτ
c =

nζ f
f + pFOBτ

nζ f − f − pFOBτ

f + pFOBτ

c

=

nζ

(
f

f + pFOBτ

)
nζ

(
f

f + pFOBτ

)
− 1

c =
nζ

(
f
p

)
nζ

(
f
p

)
− 1

c =
ϵ̃

ϵ̃ − 1
c

where
ϵ̃ ≡ n

f
p

ζ = n
f
p

ε
(

1 − λijct(1 −
σ

ε
)
)

A.4.3 Proof of Lemma 3

Proof. For our utility function (7), the ratio of the indirect utility functions can be expressed as

Ŵi =

[
P1−σ

iiT + ∑j ̸=i P1−σ
ijT

] −µ
1−σ

[
P1−σ

iit + ∑j ̸=i P1−σ
ijt

] −µ
1−σ

.

Using the "exact hat algebra", as in Dekle et al. (2008), we can re-write it as

Ŵi =

[
ψiitP̂1−σ

ii + ∑
j ̸=i

ψijtP̂1−σ
ij

] −µ
1−σ

.

where X̂ represents the proportional change in X between period t and the new time period T, i.e., X̂ = XT
Xt

.
The terms ψiit and ψijt denote the shares of products iit and ijt in the consumption of manufacturing goods in
region i.

A.4.4 Proof of Lemma 4

Proof. From equation (A24), the demand function can be expressed as

qijmt = νε
jmt p−ε

ijmtP
ε−σ
ijt Pσ

it Qit, (A31)

from which

q̂ijm = ν̂ε
jm p̂−ε

ijmP̂ε−σ
ij P̂σ

i Q̂i and pijc =

(
1

q̂ijc
P̂ε−σ

ij P̂σ
i Q̂i

) 1
ε

, (A32)

where

Online Appendix-20



P̂ij =

(
∑m∈Mij

(ν̂jmνjm)
ε( p̂ijm pijm)

1−ε
) 1

1−ε

(
∑m∈Mij

νε
jm p1−ε

ijm

) 1
1−ε

(A33)

P̂i =

[
P̂σ

ii P1−σ
iit + ∑j

(
∑m∈Mij

(ν̂jmνjm)
ε( p̂ijm pijmt)

1−ε
) 1−σ

1−ε

] 1
1−σ

[
P1−σ

iit + ∑j

(
∑m∈Mij

νε
jmt p1−ε

ijmt

) 1−σ
1−ε

] 1
1−σ

(A34)

Q̂i =

[
Q̂iiQ

σ−1
σ

iit + ∑j

(
∑m∈Mij

ν̂ijmνijmt(q̂ijmqijmt)
ε−1

ε

) ε(σ−1)
σ(ε−1)

] σ
σ−1

Q
σ−1

σ
iit + ∑j

(
∑m∈Mij

νijmtq
ε−1

ε
ijmt

) ε(σ−1)
σ(ε−1)

 σ
σ−1

(A35)

In addition, equation (A32) also allows us to express optimal demand for mode m′ on route ij in terms
mode m :

qijm′t = qijmt

(
νjm′t

νjmt

)ε ( pijmt

pijm′t

)ε

, (A36)

from which

q̂ijm′ = q̂ijm

(
ν̂jm′

ν̂jm

)ε ( p̂ijm

p̂ijm′

)ε

. (A37)

Turning to the second part of the Lemma, consider that a 1% increase in the containerized ocean freight
rate causes a ζm% increase in the freight rate of mode m. In that case the change in the delivered price of the
good delivered by m can be derived as following:

p̂ijm( p̂jc) =
(
ζm
(
α( p̂ijc)− 1

)
+ 1
)

pijm for m ̸= c given α( p̂ijc) =
p̂jc pijct + pFOB

ijct (1 + τijct)

fijct
(A38)

A.4.5 Proof of Lemma 5

Proof. For this exercise, we assume a representative vessel type for route ij which moves at speed sijt. Following
Corbett et al. (2009), we use the following formula for its fuel cost per trip:

Fuel cost per trip per vessel(sijt) =
[

FMain
( sijt

sDes
v

)3
+ FAux

] dij

sijt︸ ︷︷ ︸
=Fuel consumption (ton)

× b︸︷︷︸
=Bunker price (per ton)

,

where sijt and sDes
ij are actual and design speeds, respectively; FMain and FAux are main and auxiliary engine

technological parameters respectively; dij is the distance per voyage; and b is the bunker cost per ton.

Online Appendix-21



Adopting hat notation such that x̂ = xT/xt, denote the change in the fuel cost per trip as a function of
change in speed:

F̂uelij(ŝij) = b̂

FMain
(

ŝijsijt

sDes
v

)3
+ FAux

FMain
(

sij

sDes
v

)3
+ FAux

 1
ŝij

We assume that non-fuel expenses are proportional to total route time. Changes in trip time are inversely
proportional to the change in round trips. If the number of round trips per year (e.g. the number voyages) at
speed sijt is nijt =

A
2(dij/(24sijt)+port) =

A
2(Route timeij)

and if we also allow for port congestion, then:

n̂ij(ŝij; q̂ijc) = ŝij

(
dij + 24sijtport

dij + 24ŝijsijtport(q̂ijc)κ

)
=

1
̂Route time(ŝij; q̂ijc)

(A39)

Note that in the long-run, changes in the number of round-trips is distinct from the change in route capacity
q̂ijc. Next. since changes in the number of round trips are inversely proportional to round-trip time, changes
in our preference parameter ν can be written compactly by:

ν̂LR =
νLR

ij

νijt
=

(
1

n̂ij(ŝij; q̂ijc)

)−βk

(A40)

Assuming that k0 = 1−µFuel
µFuel

and that bunker fuel doesn’t change, we can write the relative change to
marginal cost as:

ĉjc(ŝij; q̂ijc) =
F̂uelij × Fuelij + Ôtherij × Otherij

Fuelij + Otherij

=
F̂uelij × Fuelij + Ôtherij × k0Fuelij

Fuelij(1 + k0)

=
1

k0 + 1

(
F̂uelij × Ôtherijk0

)

=
1

k0 + 1


FMain

(
ŝijsij

sDes
v

)3
+ FAux

FMain
(

sij

sDes
v

)3
+ FAux

 1
ŝij

+
k0

n̂ij(ŝij; q̂ijc)



=µFuel


FMain

(
ŝijsij

sDes
v

)3
+ FAux

FMain
(

sij

sDes
v

)3
+ FAux

 1
ŝij

+
(1 − µFuel)

n̂ij(ŝij; q̂ijc)
(A41)

A.5 Estimating the Containerized Shipping Price elasticity of Air-Shipping Price
Given the substantial excess capacity previously identified in the air-shipping industry, it’s unclear if an ex-
pected rise in ocean freight rates would correspondingly boost air freight rates. To further investigate, we
analyze US imports data from 2013 to 2019 A.5. The data, organized on a monthly-(HS6 product)-(customs
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district)-(exporting country) basis, is used to estimate the relationship between these two freight rates. Our
simple pass-through model has ad-valorem iceberg associated with the air-transported imports ϕijkt (defined
as the ratio of the factory price and air freight rate over factory price) regressed on the corresponding iceberg
cost of vessel imports (ϕijkt):

ln(ϕijkt) = β1 ln(ϕijkt) + β2 ln(bunkert) + θijk + µijkt

where, as controls, we also include the average monthly high sulfur bunker fuel cost (USD/tonne) across 400
ports from Clarksons SIN, bunkert and (HS6 product)-(customs district)-(exporting country) fixed effects.

The results are presented in Table A9. The "pass through" estimate of β1 is the primary object of interest. We
find it to be 0.021, an economically insignificant figure. For instance, a 5% increase in the average ad-valorem
vessel rate in 2019 (from 1.048 to 1.10) would result in a mere 0.011% rise in the average ad-valorem air rate
(from 1.123 to 1.1242). In other words, doubling the vessel freight rate would only lead to a 1% increase in
air freight rates. In our analysis, we also include as controls the average monthly high sulfur bunker fuel cost
(USD/tonne) across 400 ports from Clarksons SIN, denoted as bunkert, along with (HS6 product)-(customs
district)-(exporting country) fixed effects. Our primary focus is the "pass-through" estimate of β1. We find it to
be 0.021, an economically insignificant figure. To illustrate, a 5% rise in the average ad-valorem vessel rate in
2019 (from 1.048 to 1.10) would trigger just a 0.011% increase in the average ad-valorem air rate (from 1.123 to
1.1242). Simply put, if the vessel freight rate were to double, it would lead to a 1% increase in air freight rates.

Table A9: Simple Pass Through Model

(1)
ln(ϕijkt) 0.021∗∗∗

(0.001)
ln(bunkert) 0.007∗∗∗

(0.000)
Num. obs. 18, 849, 010
FE: District i × Country j × HS6 k 620, 230
R2 0.437
Adj. R2 0.418
Notes:∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1
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A.6 Deriving Long-run Changes in Ocean and Air Transportation
This section presents an ex-ante derivation of the long-run changes resulting from the implementation of
IMO2023. in air- Our approach utilizes a theoretical model, shipping cost structure, and naval engineering
formulas. In accordance with the derivation presented in equation (20), we can calculate changes in prices for
each transportation mode.

For each custom district i and a vector of slowdown speeds (ŝij), pick a value of Q̂i.
Iteration Cycle I: For each route, find q̂ijc:

1. Initialize a guess on q̂ijc = 1.

2. Using change in route volume with equation (A39) to calculate changes in round trips;

3. Using equation (18) to calculate changes in trip marginal cost and apply the obtained changes to calculate
freight rates using equation (19);

4. Use equation (20) to calculate changes in all delivered prices;

5. Using equation (A35) to compute changes in the aggregated price and quantity indices;

6. Using equation (A42), verify that initial guess q̂ijc is consistent. In practice, we employ a fixed point
algorithm to solve for such a q̂ijc.

q̂ijc = ν̂
ε σ−1

ε−1
jm p̂−ε

ijmP̂ε−σ
ij P̂σ

i Q̂i(q̂ijm; Q̂i) (A42)

given that:

Q̂i(q̂ijm; Q̂i) =

[
(Q̂iQi)

σ−1
σ + ∑j

(
∑m∈Mij

ν̂jmνjm(q̂ijmqijm)
ε−1

ε

) ε(σ−1)
σ(ε−1)

] σ
σ−1

Q
σ−1

σ
i + ∑j

(
∑m∈Mij

νjmq
ε−1

ε
ijm

) ε(σ−1)
σ(ε−1)

 σ
σ−1

(A43)

Iteration Cycle II: Once we have found q̂ijc that is consistent with itself and is based on Q̂i, check that new total
expenditure satisfies the budget constraint within some error tolerance. If not, we choose a different value of
Q̂i and repeat the above steps until error tolerance is satisfied.
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A.7 Data Analysis of Shipping Speed and Route Stability
When analyzing IMO2023, we assume that routes are stable and will not be affected by the reform. In this
section, we provide support for this assumption through the distribution of two types of route stability mea-
sures. The first measure is the route-specific coefficient of variation of ports which is calculated as the ratio of
the standard deviation of number of ports to the average number of ports. The higher the measure, the more
(relatively) disperse the number of ports are on a given route.

The second route stability measure, "Port Share," is defined as the average number of ports used by a
given route in a given month, normalized by the total number of ports that the route ever uses. The formula
to calculate it is:

Port Shareijt =
1

|Tij||nij| ∑
tij∈Tij

nij(tij)

Here, Tij is the number of time periods that route ij appears, ni is the list of all ports ever used by route ij, and
nij(tij) is the number of ports used by rotation ij for month t. A score of zero (one) means no (perfect) port
overlap for a given route.

Table A10 lists our stability results. The average port share of roughly 60% suggests that on average, each
route uses 60% of its total ports in a given month. This indicates that, at least on a short-term basis, the routes
are relatively stable and not subject to significant changes. The coefficient of variation, which measures the
dispersion of the number of ports used by a route, is close to 20%, indicating that there is some variability in
the number of ports used by different routes, but overall the routes remain relatively stable.

Table A10: Route Stability Measures

Stat Port Coefficient of Variation Port Share

Min. 0.0% 15.4%
1st Qu. 6.9 43.5
(I) 16.5 54.3
Mean 19.4 59.5
3rd Qu. 28.7 73.6
Max. 105.3 100.0
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A.8 Land Transport Mode Carbon Efficiencies
TransBorder data features different land based transport modes that facilitate trade with the United States.
Each mode with its corresponding carbon efficiency rating, sourced from the Congressional Budget Office
(CBO), is listed in the table below:

Table A11: Carbon Emission Factors

Code Mode CO2 lbs per ton-mile CO2 grams per ton-mile

4 Mail (U.S. Postal Service) 0.40 181.4
5 Truck 0.40 181.4
6 Rail 0.05 22.68
7 Pipeline 0.13 58.97

For each import route between a U.S. Custom District i and Mexico/Canada, we use the total import volume
(by weight) as weights in computing an average of land transport based import routes CO2 emission factors.

A.9 Geography of U.S. Custom Districts
Each U.S. Custom District is made up of different ports; these ports are found in the U.S. Census Bureau’s
International Trade Schedule D - District and Port Codes and Descriptions. To the best of our knowledge,
there are no publically available GIS shapefiles or other sources of spatial data that provide the geographic
boundaries of each U.S. Custom District. For the purposes of our analysis, we treat U.S. Custom Districts as
a population weighted centroid. To estimate this centorid, we geocode each port that belongs to U.S. Custom
District i. Armed with a port’s coordinates, we then use the Global Rural-Urban Mapping Project, Version
1 (GRUMPv1): Settlement Points to find the closet human settlement (e.g., city, town, incoporated area, etc.)
and use that settlement’s population as an average-weight when computing Custom District i’s average lon-
gitude/latitude. Figure A6 displays the results of this data-building task.
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Figure A6: U.S. Custom Districts (Population Weighted Centroids)
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A.10 Air Transport Share of Manufacturing Imports by Country

Table A12: Shares of manufacturing imports transported by air

Importer Air share Cumul. share Air share Cumul. share
by weight by weight by value by value

Algeria 0.03 0.10 0.24 0.02
Germany 0.01 0.03 0.27 0.05
Türkiye 0.00 0.00 0.29 0.06
Spain 0.01 0.02 0.29 0.07
Australia 0.02 0.06 0.30 0.08
Brazil 0.01 0.01 0.33 0.09
France 0.04 0.14 0.41 0.13
Czechia 0.05 0.21 0.43 0.14
Russia 0.07 0.37 0.43 0.15
Italy 0.03 0.07 0.45 0.17
Poland 0.04 0.16 0.46 0.19
Saudi Arabia 0.04 0.11 0.51 0.21
Indonesia 0.05 0.22 0.52 0.22
Romania 0.10 0.65 0.52 0.22
Belgium 0.04 0.12 0.53 0.24
United States 0.09 0.62 0.54 0.44

Netherlands 0.04 0.18 0.57 0.47
Philippines 0.06 0.25 0.59 0.48
United Kingdom 0.02 0.04 0.59 0.51
Viet Nam 0.02 0.05 0.60 0.53
Thailand 0.08 0.40 0.62 0.54
Korea, Republic of 0.05 0.20 0.63 0.58
Ireland 0.05 0.23 0.64 0.59
Austria 0.09 0.64 0.65 0.60
Japan 0.14 0.82 0.69 0.65
India 0.13 0.74 0.72 0.68
Switzerland 0.02 0.03 0.73 0.70
China 0.06 0.34 0.73 0.85
United Arab Emirates 0.09 0.63 0.76 0.88
Singapore 0.17 0.86 0.83 0.92
China, Hong Kong 0.33 0.95 0.83 0.99
Malaysia 0.56 0.98 0.90 1.00

Notes: Shares are calculated from UNCTAD Global Transport Dataset (Hoffmeister et al., 2022). The following countries are excluded because their
share in total value of manufacturing goods shipped by air in 2021 is less that 0.5% Afghanistan, Albania, Andorra, Angola, Argentina, Armenia,
Azerbaijan, Bahrain, Belarus, Belize, Benin, Bolivia (Plurinational State of), Bosnia and Herzegovina, Botswana, Brunei Darussalam, Bulgaria, Burkina
Faso, Burundi, Cabo Verde, Cambodia, Cameroon, Central African Republic, Chile, China, Macao SAR, Colombia, Congo, Dem. Rep. of the, Croatia,
Cyprus, Côte d’Ivoire, Denmark, Dominican Republic, Ecuador, Egypt, El Salvador, Estonia, Eswatini, Ethiopia, Finland, Georgia, Ghana, Greece,
Guatemala, Guinea, Guyana, Honduras, Hungary, Iceland, Iran (Islamic Republic of), Israel, Jamaica, Jordan, Kazakhstan, Kenya, Kiribati, Kyrgyzs-
tan, Lao People’s Dem. Rep., Latvia, Lebanon, Libya, Lithuania, Luxembourg, Madagascar, Malawi, Maldives, Mali, Malta, Mauritania, Moldova,
Republic of, Mongolia, Montenegro, Montserrat, Morocco, Mozambique, Myanmar, Namibia, Nepal, New Zealand, Nicaragua, Niger, Nigeria, North
Macedonia, Norway, Oman, Pakistan, Palau, Panama, Paraguay, Peru, Portugal, Qatar, Rwanda, Saint Vincent and the Grenadines, Samoa, Sao Tome
and Principe, Senegal, Serbia, Sierra Leone, Slovakia, Slovenia, Sri Lanka, State of Palestine, Sudan, Sweden, Tajikistan, Tanzania, United Republic of,
Timor-Leste, Togo, Tunisia, Uganda, Ukraine, Uruguay, Uzbekistan, Yemen, Zambia, Zimbabwe
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