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Abstract

Over half of distance-weighted U.S. freight is shipped using more than one transport mode. We
examine how multimodal transport networks shape the economic and environmental impacts of infras-
tructure investments and disruptions. We develop a tractable spatial equilibrium model of multimodal
routing with mode-specific congestion at intermodal terminals. We estimate a modal substitution
elasticity using road and rail data, and a terminal congestion elasticity using vessel-positioning data.
Calibrated to the U.S. freight network, the model identifies key bottlenecks and quantifies $.46-$1.85
billion in real GDP gains from intermodal terminal improvements, with additional environmental
benefits from shifting away from carbon-intensive road transport. Ignoring mode-specific congestion
overstates welfare gains from highway improvements by 85%, while ignoring multimodal flexibility

understates them by 22%. Losing rail network access is estimated to reduce real GDP by $230 billion.
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Freight transportation is inherently multimodal: over half of U.S. freight ton-miles is transported
using two or more modes over an integrated network of roads, railways, barges, connected by ports and
inland terminals (Department of Transportation). Recent global disruptions, from pandemic-related port
congestion to the Panama Canal drought and U.S. rail strike threats, have highlighted how localized
vulnerabilities can propagate throughout the broader multimodal transport network to significantly
impact trade costs, supply chains, and welfare (World Bank, 2023; National Economic Council, 2024).
Furthermore, since transportation is the largest source of direct U.S. greenhouse gas emissions (EPA,
2024) and transport modes differ substantially in their emissions intensity—trucks emit eight times
more CO, per ton-mile than rail (CBO, 2022)—improvements and disruptions to the transport network
can have important implications for climate change.

In this paper, we study how the multimodal structure of transport networks shapes the economic and
environmental impacts of infrastructure investments and disruptions. We do so by developing a spatial
equilibrium model of freight routing across multiple modes with mode-specific congestion at intermodal
terminals, which are key transition points where freight shifts between modes. To identify how freight
reallocates across modes, we estimate an elasticity of modal substitution using confidential U.S. rail
shipment data combined with truck traffic data. To capture congestion effects, we use minute-level vessel
positioning data to estimate congestion elasticities at intermodal port terminals. Incorporating these
features allows us to quantify the system-wide effects of infrastructure investments and major disruptions
taking into account the multimodal nature of transport networks. Relative to our approach, we show
that single-mode frameworks can underestimate the welfare effects of infrastructure investments.

We account for the complexities of modeling multimodal transport networks within a general
equilibrium setting by incorporating recent advances in the operations research literature (Daly and
Bierlaire, 2006). Specifically, we develop a model that recursively specifies optimal choices for sourcing,
routes, and modes. There are three main benefits to our framework. First, the model embeds the choice
of transport modes within an optimal route choice model, with a separate elasticity of substitution across
modes. This structure can flexibly nest canonical single-mode routing models as a special case. Second, it
can include a rich set of mode-specific congestion patterns, including capacity constraints at intermodal
terminals. Third, the model can derive closed-form expressions for equilibrium transport costs, traffic
flows, and market access terms, which depend endogenously on mode and route choices as well as the
topology of the transport network.

We formally demonstrate that mode-specific changes within the multimodal transport network
generate both direct and indirect traffic adjustment effects that propagate through the entire network.
First, a reduction in the cost of one mode on link k[ diverts traffic toward that mode and away from
competing modes on the same link, generating a direct modal substitution effect. An improvement in road
transport on a given link, for example, shifts traffic on that link away from rail and toward road. Second,

because the cheaper mode lowers the composite transport cost of the link, it raises the attractiveness of



routes and locations that use it and increases transport demand more broadly across the network; this is
an indirect modal complementarity effect. The strength of this complementarity channel is greatest for
links that are central to network connectivity and have few close alternatives, and its ultimate importance
depends on how the induced traffic interacts with congestion across links and at terminals.

We then connect these traffic adjustments to welfare. Applying the inverse function theorem to
our equilibrium system we derive closed-form decompositions of the welfare elasticity associated with a
mode-specific link improvement which highlights two distinct margins. First, the reallocation wedges
capture how the welfare of this improvement changes when traffic is allowed to reallocate across routes
and modes. They are positive when it reinforces the improvement by directing traffic toward especially
valuable uses of the affected link, and negative when the additional flexibility mainly creates bypasses that
weaken its importance. Second, the congestion wedges measure how much of the welfare gains is absorbed
once the induced traffic loads onto congested links and terminals within the network. Taken together,
these wedges show whether a link-level improvement creates value because it reallocates traffic in
useful ways, or whether part of that gain is dissipated because the additional traffic increases congestion
elsewhere in the system. Using this decomposition, we can isolate and quantify the contributions of the
main ingredients in our model by sequentially shutting down components of these two margins.

Our analysis relies on two central parameters: the elasticity of substitution across modes and impact
of congestion at intermodal terminals. We estimate the elasticity of modal substitution by studying how
traffic shifts between modes in response to cost changes in a one mode, specifically how relative rail
and road traffic flows respond to a decrease in road costs. By matching confidential waybill rail traffic
data to truck traffic in cities, our approach combines the mode-specific cost change research design by
Duranton and Turner (2011), which approximates reductions in road cost with increases in interstate
highways, with the analysis on relative traffic shift between modes as in Hummels and Schaur (2013)
and Lugovskyy, Skiba and Terner (2022). We find that a 1 percent increase in interstate highways results
in a 0.9-1.2 percent decrease in relative rail to truck traffic use. Using the most conservative specification,
we estimate the elasticity of modal substitution to be 1.099.

Next, we evaluate the impact of congestion at intermodal terminals using minute-level vessel po-
sitioning data, which allows us to estimate how responsive ship dwell times (time spent loading and
unloading at port) are to overall port traffic at the time of arrival. To identify the causal effect of overall
port traffic on ship dwell times, we employ a shift-share instrument that serves as a demand shifter for
port services. We find that a 1 percent increase in port traffic increases ship dwell times by 0.24-0.26
percent, which corresponds to an intermodal terminal congestion elasticity of 0.096. We demonstrate
the broader applicability of this elasticity to the entire multimodal network, including rail terminals, by
highlighting a significant positive correlation between port traffic and railcar dwell times.

To conduct counterfactuals, we calibrate our framework to the U.S. transportation network using

high-resolution geo-spatial data on roads, railways, waterways, and the location of intermodal terminals



(both inland and ports). Our first application quantifies the welfare impact of improving the integration
of the multimodal transport network by running 228 counterfactuals, each simulating a reduction in
mode-switching cost at a different intermodal terminal in the U.S.. We find that terminals generating
the largest gains are centrally located in the interior of the U.S., for example in Chicago and Atlanta,
highlighting the role of the multimodal network transporting goods from coastal to interior regions.
Terminals in major urban centers, like Los Angeles and Houston, also rank highly. Improving these
central terminals would generate an aggregate welfare gain equivalent to an additional $463-3,851
million of GDP (in 2012 USD). Congestion significantly affects these gains: welfare benefits are 2.7 times
higher on average without congestion. These investments also result in modal substitution, shifting
traffic use from road to rail and barges. Since trucks generate more greenhouse gases relative to trains,
these substitution effects result in environmental benefits valued at $17-214 million. These findings
align with the goals of the inter-agency U.S. National Blueprint for Transportation Decarbonatization,
which emphasizes improving multimodal freight transport (DOE, DOT, EPA, and HUD, 2024).

Building on the theoretical decomposition earlier, we quantify the importance of four main channels
driving welfare gains to transportation infrastructure improvements in our model: (1) road and terminal
congestion, (2) productivity and amenity externalities, (3) flexibility across multiple transport modes, and
(4) endogenous route choice. We implement this decomposition in a link-level U.S. highway improvement
setting, evaluating 704 counterfactuals that improve each highway link individually for each specification.
Our decomposition shows that standard approaches can substantially misestimate the welfare effects of
transportation improvements. Ignoring congestion leads to an 85 percent overestimate of welfare gains,
while abstracting from productivity and amenity externalities overstates gains by 57 percent. Conversely,
shutting down multimodal flexibility—effectively reducing the network to a single mode—understates
welfare gains by 22 percent, and fixing routes understates them by a similar magnitude, which suggests
most of the rerouting response occurs across modes rather than within modes.

Additionally, we quantify the welfare and environmental impacts of three policy scenarios. First, we
evaluate the value of the U.S. multimodal network by exploring the effects of the 2022 potential rail
strike which would have shut down the entire rail transport system (Kanno-Youngs and Cochrane, 2022).
While existing literature has quantified the significance of the road and highway transport network,
there has been less attention on the value of the rail network apart from historical analyses. We find
that losing access to the rail transport network would decrease U.S. GDP by approximately $230 billion
(in 2012 USD), inclusive of the mitigating effects of modal substitution towards roads and waterways,
as well as the broader general equilibrium effects of reduced market access due to the loss of rail. This
welfare loss is exacerbated by congestion effects and would generate additional environmental damage
as transport shifts towards road transport, adding an estimated social cost of $12 billion.

Second, we consider the consequences of repealing the Jones Act of 1920, an active U.S. trade

regulation that requires all ships transporting goods and passengers between U.S. ports to be U.S.-built



and majority-owned and crewed by U.S. citizens. By repealing this act and allowing cheaper foreign
ships to operate on U.S. domestic waterways, we estimate a welfare gain equivalent to increasing U.S.
GDP by about $3.2 billion (in 2012 USD). Our finding falls on the lower end of existing government
estimates, likely due to our focus on the continental U.S. and because the multimodal network has had a
century to adjust away from domestic waterways under the Jones Act. Had waterborne transport been
less expensive, the dense rail and road corridors that now line the U.S. coastlines might well have been
built further inland instead. The repeal of the Jones Act would also allow for less reliance on trucks and
rail, which would result in an environmental benefit of $0.2 billion since waterway transport is greener.

Our third scenario investigates the impact of the Panama Canal disruptions due to decreased access
from drought conditions (Rojanasakul, 2024). The resulting welfare loss is equivalent to a $2.7 billion
decrease in U.S. GDP (in 2012 USD). To our knowledge, this is the first quantification of the Panama
Canal disruption which accounts for both modal and route substitutions. We find environmental losses
of about $0.5 billion due to the substitution towards both trucks and rail. Across all three scenarios, we
show that congestion—at terminals and for both terminals and roads—has a compounding effect on
welfare. For the Panama Canal disruptions, this is particularly pronounced: without terminal congestion,
the welfare losses increase by more than 186 percent. This large increase is driven by modal shifts from
water to rail and road, and the crucial role of intermodal terminals in facilitating this shift. Removing

both terminal and road congestion increases the effect by a further 35 percent.

Related Literature Our paper is complementary to and builds on a number of different strands of
research. First, this paper contributes to a rapidly expanding literature incorporating realistic trans-
portation networks into quantitative spatial equilibrium models (see Donaldson (2025) and Allen and
Arkolakis (2025) for recent surveys). Within that literature, there have been multiple efforts to merge the
disaggregated network structure of transportation infrastructure with a general equilibrium economic
geography model (Donaldson and Hornbeck, 2016; Fajgelbaum and Schaal, 2020; Allen and Arkolakis,
2022; Fajgelbaum et al., 2023). Most relevant to our work, Allen and Arkolakis (2022) (hereafter
abbreviated to AA2022) propose a tractable way of incorporating the optimal routing choice into a spatial
equilibrium model to examine the general equilibrium implications of infrastructure improvements. Our
paper builds on this seminal work and this literature by developing a model that recursively specifies
optimal choices for sourcing, routes, and modes. Our approach allows us to embed mode choice within
an optimal route choice model with a separate elasticity of substitution across modes, and identify how
bottlenecks emerge from the multimodal transport network due to mode-specific congestion and limited
substitution across modes.’

Additionally, this literature has often focused on one mode of transport—road, maritime, or rail (Cosar

1Our paper is also complementary to the literature on optimal transport infrastructure policies (Santamaria, 2020; Almagro
et al., 2024; Fajgelbaum and Schaal, 2020), while we do not solve for optimal policy directly, we identify how bottlenecks
emerge within multimodal networks which can help inform the targeting of infrastructure investments.



and Demir, 2018; Brancaccio, Kalouptsidi and Papageorgiou, 2020; Heiland et al., 2019; Ganapati, Wong
and Ziv, 2021; Degiovanni and Yang, 2023; Dunn and Leibovici, 2023; Gibbons, Heblich and Pinchbeck,
2024; Asturias, 2020; Economides, 2024; Do et al., 2025). More recent and complementary work has
expanded this analysis to more modes of transport. Focusing on roads, Fan, Lu and Luo (2019) study how
domestic road and highways affect transport costs and welfare in China respectively.” Jaworski, Kitchens
and Nigai (2023) quantifies the value of U.S. highways allowing for modal substitution for transportation
across states, not within. Our paper adds to this literature by studying the general equilibrium analysis
of the U.S. multimodal transport system—roads, barges, and rail—as well as intermodal terminals which
allow for switching across modes. We estimate an elasticity of modal substitution that allows us to pin
down how freight reallocates across rail and truck.” Combined with our model, we can quantify the
economic and environmental impacts of infrastructure investments and real-world policy scenarios while
accounting for substitution and complementarity within the multimodal network, and show that models
limited to a single transport mode can understate these impacts.

More recent work has focused on the importance of ports and the gains from port development and
efficiency. Brooks, Gendron-Carrier and Rua (2018) examines how the adoption of container technology
at ports affects local activity, while Ducruet et al. (2024) identify how this technology adoption can
crowd out economic activity by increasing land rents. Bonadio (2021) investigates how improvements
in roads and ports have different distributional consequences locally and abroad. Focusing on dry
bulk shipping, Brancaccio, Kalouptsidi and Papageorgiou (2024) evaluates the returns to infrastructure
investment at ports in the presence of disruptions and congestion. Our paper adds to this literature by
studying intermodal terminals, both rail terminals and coastal ports, in the context of the multimodal
transport network, showing that they are not just important for market access internationally but also
domestically. Furthermore, we estimate an elasticity of congestion at intermodal terminals, and show
that congestion—both at intermodal terminals and on roads—can substantially compound the effects of
network improvements and disruptions: we show that abstracting from congestion can overstate both
the welfare gains from both terminal and highway-link improvements .

Our paper is also related to a long-standing theoretical and empirical literature in transportation
on route and mode choice (McFadden, Winston and Boersch-Supan, 1986; Rich, Kveiborg and Hansen,
2011; Beuthe, Jourquin and Urbain, 2014; Winston, 1981). The state-of-the-art in transportation studies
solves high-dimensional traffic assignment problems algorithmically (see Notteboom (2018) for a recent
survey). We employ similar tools, specifically the stochastic user equilibrium where routes and modes are

chosen subject to a stochastic perception error. However, we go beyond the extant literature by fully

2Additionally, Fan and Luo (2020) is a note which characterizes bilateral transport costs and their elasticities with respect
to transshipment costs.

30ur estimate is complementary to work on modal substitution between ocean and air freight (Harrigan, 2010; Hummels
and Schaur, 2013; Lugovskyy, Skiba and Terner, 2022; Tolva, 2025) and between bulk and container shipping within ocean
freight (Cosar and Demir, 2018). Compared with ocean—air studies, our effects are smaller, likely because the high cost of air
shipping implies a larger elasticity of substitution.



embedding the stochastic user equilibrium into a spatial general equilibrium framework, where input and
output markets across space clear and factor and output prices are endogenously determined. This allows
us to quantify the welfare effects of infrastructure improvements and disruptions within the multimodal
transport network, capturing both modal substitution and general equilibrium complementarity effects.

Finally, our paper is related to the recent literature on the environmental impacts of transportation.
Most of this literature focuses on the link between international trade and greenhouse gas emissions
via transportation, and changes to this relationship in response to environmental regulations (Shapiro,
2016; Mundaca, Strand and Young, 2021; Lugovskyy, Skiba and Terner, 2022; Ludwig, 2025) or trade
policies (Cristea et al., 2013). We instead highlight how infrastructure investments and disruptions can
have environmental consequences via the multimodal transport network. While some of these papers
have found compositional shifts in transport mode use due to regulation and trade policy changes,*
our quantitative general equilibrium framework allows us to distinguish between the substitution and
complementarity effects. Given that transportation accounts for a quarter of global emissions (United
Nations, 2021), our framework allows us to investigate how both of these effects contribute towards the
environmental impacts of transportation infrastructure improvements and disruptions.

The rest of the paper is structured as follows. Section 2 describes our data and the U.S. multimodal
transport network. Section 3 presents the multimodal spatial equilibrium routing model, and Section
4 explains the estimation of modal substitution and congestion elasticities. Section 5 describes the
calibration of the model to the U.S. multimodal network and provides validation checks of our framework.
In Section 6, we conduct counterfactual analyses to quantify the welfare and environmental impacts of
infrastructure investments and policy scenarios, and decompose the results to highlight the model’s key

channels. Section 7 concludes.

2 Data: U.S. Domestic Freight Transportation

In this section, we introduce our data sources and provide an overview of the U.S. domestic transport
system. Figure 1 plots the share of U.S. freight moved by different modes across various distances. Trucks
primarily handle freight for shorter distances under 100 miles, accounting for 92% by weight (similarly
by value, Figure A.1), highlighting the role of the denser road network in facilitating transportation at
the start and end of the movement of goods. This is commonly known as the first and last mile in freight
transportation (Rodrigue, 2020; Ranieri et al., 2018). Freight moved over longer distances is increasingly
transported using multiple modes. For freight transported over 500 miles, multimodal transport accounts

for almost half by weight and for longer distances above 1,000 miles this share increases to more than

4Cristea et al. (2013) finds that trade liberalization between countries will increase trade from more distant partner
countries, resulting in a proportional increase in air transport use and greenhouse gas emission. Lugovskyy, Skiba and Terner
(2022) finds that environmental regulations capping CO, emissions from maritime shipping will substitute demand towards
air transport, increasing total transport-related CO, emissions.



two-thirds.” On average, over 65% of U.S. freight shipped more than 500 miles uses multiple transport
modes. For context, the road distance between Los Angeles and Chicago is about 2000 miles. Overall,

more than half of U.S. freight in ton-miles is transported using more than one mode.

Figure 1. U.S. Transport Mode Shares by Distance

| N Mutimodal N Truck |

Notes: This figure plots the observed weight share of cargo transported by different modes across various distances in 2018.
Multimodal indicates cargo movement that involves more than one mode, including truck, rail, and waterways. See Figure A.1
for the observed value share of cargo across various distances. For freight transported over 1,500 miles, multimodal transport
accounts for more than half by value. Both value and weight shares are similar when including multimodal shipments by air.
Source: Freight Analysis Framework, U.S. Department of Transportation, and authors’ calculations.

2.1 Rail, Road, Waterways, Ports, and Intermodal Terminals

Rail Geography Network and Traffic. We use detailed geo-spatial information from the Topologically
Integrated Geographic Encoding and Referencing Database (TIGER, Census Bureau) to construct a graph
representation of the U.S. intermodal rail network. We subset the original network to segments owned
by the largest Class I carriers and that are compatible with multimodal transport.°

For rail traffic data, we obtained access to confidential carload waybills data from the Surface
Transportation Board (see Section B.1.1 for further details). The waybill data captures the origin,
destination, and interchange rail stations for freight cargo transported through the rail network. This
detailed geographical information for rail cargo journeys allows us to capture their routes. Additionally,
the data set contains information on number of car loads, weight, and intermodality. Intermodality
indicates if rail freight movement involved other transport modes, which is almost entirely containers. The

proportion of freight transported over multiple modes has increased dramatically over time: intermodal

>Multimodal transport accounts for more than half by value for freight transported over 1,500 miles (Figure A.1).

5Class I railroads are the largest carriers operating on the U.S. railroad system, originally defined in 1992 to be carriers
above $250m dollars of revenue. Since adjusting for inflation, the cutoff in 2021 stood at approximately $943m. The seven
class I carriers currently in operation comprise the large majority of the domestic rail freight market.



container rail traffic is the fastest growing rail traffic segment, having grown by more than 5 times since
1984 (Figure A.2). We restrict our rail traffic sample to intermodal freight transported by Class I carriers.

Figure 2a presents the U.S. intermodal rail traffic flows. Thicker lines, indicating higher traffic
flows, link the U.S. West and East coastal regions to interior locations like Chicago, Dallas, and Atlanta.
Examples of such routes include Los Angeles to Chicago, New York City to Chicago, and Los Angeles to

Dallas. Consistent with Figure 1, the rail network serves to transport freight over long distances.

Road Geography Network and Traffic. We follow AA2022 in constructing road geo-spatial and
traffic flows data (see Section B.1.2 for details). For road traffic data, we use the average annual daily
traffic from the 2012 Highway Performance Monitoring System (HPMS) dataset by the Federal Highway
Administration. Flows are allocated to individual links by constructing a length-weighted average of the
annual daily traffic. Figure 2b presents a graph representation of the interstate highway system with
thicker lines indicating higher road traffic flows. The highway flow patterns are quite different from
rail (Figure 2a). Here, heavier highway traffic connects large densely populated cities that are either
on the coast or in the interior regions, like Los Angeles to San Diego, Boston to Philadelphia, and the

surrounding areas around Chicago.

Waterway Traffic. We next capture goods transported via U.S. waterways by bringing in waterborne
traffic data and location of inland ports from the U.S. Army Corps of Engineers (USACE). We restrict our
sample to manufactured goods which are primarily transported by barges. Figure 2c shows that most

barge traffic is concentrated on the Great Lakes, Illinois River, and Mississippi River.

Port Location and Traffic. We include the top U.S. container ports as these are important coastal
intermodal terminals facilitating the transfer and distribution of goods between ships and trucks or
rail (see Section B.1.3 for details). Geospatial data on port location comes from the USACE. Container
volumes at these ports come from the Port Performance Freight Statistics Program maintained by the
Department of Transportation (DOT). Figure 2d visualizes the coastal ports in a geographic bubble map,
where the largest container ports include Los Angeles/Long Beach and New York (Newark). Between

the coastal and inland ports, we capture 98 percent of total U.S. container volumes.

Intermodal Terminals. Intermodal terminals also include inland transfer points for goods moving
between rail, road, and waterways. We capture the location of these intermodal terminals using the

National Transportation Atlas Database (NTAD) maintained by the Department of Transportation (DOT).

U.S. Multimodal Transport Network. To construct the U.S. multimodal transport network, we first
combine all the geo-spatial information for each of the rail, road, and waterway networks. We then add
the locations of intermodal terminals, including coastal and inland ports, as well as inland intermodal

terminals. Figure 3 illustrates the resulting graph representation of the U.S. multimodal transport



Figure 2. Traffic along the U.S. Domestic Freight Transport System
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Notes: Panel (a) presents U.S. domestic rail traffic for Class I carriers (the largest rail carriers) conditional on intermodal capability. Shortest routes are
imputed between origin, interchange stations, and destination to assign total tonnage to individual rail segments along network. Thicker lines indicate
higher traffic flows. Panel (b) presents U.S. domestic road traffic along the graph representation of the interstate highway system. Thicker lines indicate
higher traffic flows. Panel (c) presents U.S. domestic waterborne traffic for manufactured goods, where the shortest routes are imputed between origin and
destination to assign total tonnage to individual segments of the domestic water network. Thicker lines indicate higher traffic flows. Panel (d) presents
the container traffic volume at international ports. Larger circles indicate higher container volumes. Sources: Authors’ calculations, Confidential Carload
Waybill, Surface Transportation Board; Highway Performance Monitoring System, the Federal Highway Administration; Waterborne Commerce statistics,
U.S. Army Corps of Engineers (USACE); and Port Performance Freight Statistics Program, Department of Transportation (DOT).

network consists of 288 nodes and 704 edges. The nodes are either core-based statistical areas (CBSAs)

or endpoints and intersections in the network.

2.2 Automatic Identification System (AIS) Vessel Traffic Data

We utilize automatic identification system (AIS) vessel traffic data from Marine Cadastre, a joint initiative
between the Bureau of Ocean Energy Management and the National Oceanic and Atmospheric Admin-
istration. This data captures vessel location in U.S. waters at 1-minute intervals using 200 land-based
receiving stations. We observe the vessel’s unique identifying International Maritime Organization Vessel
number (IMO) as well as longitude and latitude location down to the minute, speed, and navigation
status. The vessel’s navigation status captures whether the vessel is being propelled (under way using
engine), or moored (held in position at a pier). Using information on the ship’s speed and navigation

status, we define a ship’s dwell time as the time it spends moored at a pier at zero speed. This is a



Figure 3. U.S. Multimodal Transportation Network

Notes: This figure shows the combined U.S. multimodal freight network. The original GIS information comes from the U.S. Census Bureau’s Topologically
Integrated Geographic Encoding and Referencing (TIGER) Database. Red lines indicate the Class I multimodal railroad network. Blue lines indicate the
interstate highway system (IHS). Black diamonds indicate freight terminals that are owned by Class I operators allow for road-to-rail or rail-to-road
intermodal movements. Purple circles indicate the top 18 ports.

conservative measure of ship dwell time at ports because (1) ships spend time navigating within the
port area as they prepare to moor at a pier and (2) ships can also end up waiting outside of the port
area at anchor before navigating to the port (Schmidt, 2021).

To match these ships to the ports where they are located, we use the USACE Port Statistical Area
shapefiles and match these ships to the top 30 U.S. container ports. These port polygon areas also
allow us to calculate the total amount of time a ship spends within the port region on top of the time it
spends moored at a dock. Additionally, in order to identify the cargo capacity of these ships and their
containership status, we match these ships to the USACE Port Entrance and Clearance dataset using their
identifying information and when they are at these ports. See Section B.1.4 for examples illustrating
how we observe these ships and the duration of their stay at ports. The ship cargo capacity measures
the volume of the ship that can be used for loading cargo (net tonnage of a ship). This cargo capacity

measure for each ship will contribute to our port traffic measure at each port every day.

Port Traffic Our measure of port traffic is defined as the sum of the net tonnage of each ship moored
at the port each day, multiplied by the percent of the day they spend at the port. Crucially, this measure
includes ships that arrived on a prior day but remain moored at port. As an example, a ship that remained
moored at port all day without exiting would contribute 100% of its net tonnage to the measure of

port traffic. If that ship left at any point during that day, its net tonnage contribution would be instead

10



determined by the amount of time it spent moored at port that day. With this daily port traffic measure,
we calculate moving averages of the port-level traffic for varying time windows (3, 7, 14, 21, and 28
days). We present the 28-day moving average results in the main text and provide the remainder in the

Online Appendix B.4.

Ship Dwell Times Summary Statistics Our matched dataset has 3,755 unique vessels with 1,444
containerships. The top 30 ports in our dataset account for around 95% of all U.S. container trade by
value and 98% by volume annually. For illustrative purposes, Figure 4a aggregates our minute- and
ship-level dataset and plots the average of monthly containership dwell times across the top 30 U.S. ports
from June 2015 to December 2021. The average dwell time over this period is around 33.3 hours per
ship with a standard deviation of 5 hours.” However, as seen in Figure 4a, there is a significant increase
in ship dwell times after 2021, averaging 42.8 hours.

Additionally, there is considerable variation in ship dwell times across different ports and time periods.
Figure 4b compares the average dwell times at the ports of Long Beach and Los Angeles (LA) to the
overall average from Figure 4a. The dwell times at both ports, 73.6 hours and 82.1 hours respectively,
are more than twice the overall average. After 2021, dwell times at these ports surged even more
dramatically, increasing to over 4 days at Long Beach (104 hours) and almost 6 days at LA (136 hours).
This substantial variation highlights the growing congestion and delays at key intermodal terminals and

the underlying interaction between ships and ports contributing to this congestion.

3 Economic Geography Model with Multimodal Routing

In this section, we develop a tractable model of routing across multiple transport modes with mode-
specific congestion, especially at intermodal terminals, and embed it in an otherwise standard economic
geography model with domestic trade between discrete locations and freely mobile labor reallocation
across locations (Allen and Arkolakis, 2014; Redding, 2016). Two technical challenges arise in this
environment. First, the number of feasible routes can be very large even in low-dimensional graphs, and
the presence of multiple transport modes further compounds this path-enumeration problem. This curse
of dimensionality makes brute-force solutions impractical. Second, existing route-choice approaches
based on invertible matrix expressions, such as AA2022, do not readily accommodate a separate elasticity
of substitution across modes. We address both issues by formulating route choice recursively and nesting

mode choice at each segment along the route.®

7Our averages are lower than the estimates in Brancaccio, Kalouptsidi and Papageorgiou (2024) in part due to their
inclusion of wait time at anchorage and their focus on bulk ships.

80ne alternative method to introduce mode choice is to simply allow for mode-specific subnetworks. This naturally gives
rise to a setting where mode choice is then implied by route choice, which represents a direct extension of AA2022 to transport
mode choice (see Appendix A.5 for details). A previous version of this paper presents such a model. The limitation of this
modeling approach is that it assumes that the elasticity of modal substitution must be identical to the elasticity of route
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Figure 4. Containership Dwell Times at Port
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Notes: Panel (a) plots the overall average of monthly containership dwell times across the top 30 U.S. ports from June 2015 to December 2021. Panel (b)
plots the monthly containership dwell times at the top two largest U.S. ports, Long Beach and Los Angeles (red and green lines respectively), and compares
their dwell times to the same Panel (a) overall average (blue line). Both panels are weighted by ship net tonnage. Sources: Authors calculations, Marine
Cadastre, Bureau of Ocean Energy Management and the National Oceanic and Atmospheric Administration; International Maritime Organization; and Port
Statistical Area, U.S. Army Corps of Engineers (USACE).

The main idea is to recast the equilibrium problem in terms of local link-level objects rather than the
universe of full paths. This makes it possible to introduce multimodal routing, mode-specific congestion,
and terminal bottlenecks into a spatial equilibrium framework while retaining closed-form transport
and traffic objects that can be taken to the data. It also provides a convenient way to separate the two
distinct substitution margins in the model: substitution across routes and sources, and substitution across
transport modes.

We proceed as follows. Subsection 3.1 defines the multi-layered graph that represents the multimodal
transport network, and specifies consumption and production. Second, Subsection 3.2 introduces the
recursive routing choice. Subsection 3.3 then expands on this to include the combined routing and
sourcing choice, and resulting equilibrium. Next, Subsection 3.4 presents the nested transport mode
choice while Subsection 3.5 introduces congestion and the gravity equations for traffic flows. Finally,
to provide further intuition for the model mechanisms, Subsection 3.6 characterizes how changes in

transport costs propagate through the network, shaping traffic and welfare outcomes.

3.1 Setup

Geography and transport Let ¢ = (A, %) be a multigraph representing a multimodal transport
network where A4 and £ are the set of nodes and links respectively. We define the set of successor nodes
Z (i) and the set of predecessor nodes 4 (i) for each node i € 4. Furthermore, let ¥, = (A,,, £Z,,)
be the subgraph representing the transport network for mode m, where 4;, € A and %£,, C £ are the
mode-specific nodes and links respectively. We also define the mode-specific successor and predecessor

nodes Z,, (i) and 4,,(i). Each link ij in the set of m mode-specific links, ij € £,,, is associated with a

choice. However, as we demonstrate in the next section, our estimates indicate that this assumption does not hold.
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generalized link travel cost t;; ,, which is specific to mode m and can be endogenously dependent on flow.
Within this multimodal transport network, we define a primary network, m = 1, that represents the
dense road network on which all cities and road intersections are located. All other modes, including rail
and barges, are secondary transport networks (m # 1). A subset of nodes on the primary and secondary

networks are intermodal terminals which allow for switches between mode-specific networks.

Consumption and Production A representative agent lives in location j, supplies one unit of labor
inelastically, earns wage w;, and consumes a continuum of varieties v € [0, 1]. Preferences are CES with
elasticity of substitution o > 0. We define aggregate income as Y'", total labor endowment as L, and
normalize average income to one, so that YW /L = 1.

Each location i produces a good v € [0, 1] subject to a constant returns to scale technology and
transports it to destination j along a feasible route. As we detail below, transport costs are route-specific
in the sense that they depend on which neighboring node the good is being sourced from. Assuming
perfect competition, the price of good v in destination j from origin i along neighboring node k is given
by pij = -
produce A; units of goods, and trade cost T, is route-specific.’

w;, where the marginal cost of production in i is %, local wages are w;, each worker can

Next, we endogenize 7;;, through routing, sourcing, and mode choice within the multimodal network.

3.2 Recursive Routing Choice

We begin with the routing block before extending the framework in the next subsection to encompass
both routing and sourcing, building on recent advances in discrete route choice modeling (Daly and
Bierlaire, 2006; Melo, 2012; Oyama, Hara and Akamatsu, 2022). Rather than enumerate all feasible
paths, we represent route choice recursively.

The routing decision is a joint choice of elemental links in an ordered sequence from origin i to
destination j (Papola and Marzano, 2013). At each node, the agent compares the cost of moving to each
neighboring node—current link cost plus the continuation value from that node to the final destination.
Figure 5a illustrates the idea. At node s;, for example, the agent compares the cost of moving to s; and
then continuing to d against the cost of moving to s, and then continuing to d.

More generally, at node i, the agent compares the cost of moving to any neighboring node k € % (i),

with link cost t;, and then continuing from k to destination j with continuation cost 7;. We assume

°In this paper, we assume perfect competition among freight transport companies. While this assumption simplifies
our analysis, it also aligns with our focus on multimodal transport networks. Literature shows that multimodal container
transport is generally more competitive than unimodal transport and that rail transport of containers is more competitive
than non-containerized shipments. Zgonc, Tekav¢i¢ and Jaksi¢ (2019) finds that multimodal road-rail transport remains
competitive over short distances compared to unimodal road transport. Similarly, Surface Transportation Board (2009)
reports lower markups for multimodal rail shipments and lower rail rates near alternative transport modes. Detailed analysis
of market power in container freight transport would require comprehensive door-to-door shipment data, which is currently
unavailable.
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Figure 5. Recursive and Multimodal Routing

(a) Recursive Routing on a Directed Graph (b) Multimodal Routing on a Multi-layered Graph

Notes: Panel (a) shows a directed transport network from origin o to destination d, with nodes as circles and edges representing transport costs. At node s,
an agent chooses between neighboring nodes s, and s3, each having a continuation value for minimizing transport cost to d. Panel (b) depicts multimodal
routing on a multi-layered graph, similar to Panel (a), with nodes as circles and edges linked by mode-specific transport costs. Three mode-specific graphs
are shown: primary roads (yellow), secondary rail and barges (blue and red). The overall figure shows a multi-layered graph with a green example route
and intermodal transfers highlighted at nodes where mode choice occurs.

transport costs are multiplicative over links and that the agent experiences a segment-specific preference
shock &; that is iid Fréchet across successor nodes k € Z (i) with node-specific dispersion parameter

0,.'° Exploiting the properties of the Fréchet distribution, the expected transport cost from i to j is

_1
6;

) Lig Tij —f;
7;; =E| min = e Z (tikrkj) 3.1
keZ (i) 8kj keZ (i)

Equation (3.1) provides a recursive transport-cost index along the network topology.'’ It has three
features worth emphasizing. First, transport costs are explicitly tied to network topology through the
feasible-neighbor set Z(i). In the Figure 5a example, the relevant choice set at s; consists only of the
neighboring nodes s; and s,. Second, allowing node-specific 6; permits richer substitution patterns
than the isoelastic benchmark. Third, with homogenous dispersion elasticities (6; = 0) and without
considering multiple modes, this characterization is isomorphic to the routing characterization in

AA2022,'* while still retaining its analytically convenient feature.

10The recursive Fréchet formulation can equivalently be written as a Network Generalized Extreme Value (Network-GEV)
model, where the observed topology of the network generates the relevant nesting structure. Appendix A.5 provides the
mapping and the connection to Daly and Bierlaire (2006) and Lind and Ramondo (2023).

The same routing problem can equivalently be written backward as a sourcing decision over predecessor nodes. Under
homogeneous 6; = 0, the two representations coincide; see Appendix A.5.

12This isomorphism between one-shot decisions over the universe of paths and sequential decision-making relying on
dynamic programming has been previously established, most notably by Antras and Gortari (2020) who explore a one-shot
sequential sourcing decision in their main text and introduce a dynamic programming formulation in their Appendix A.1.3.
Our work extends this formulation in two distinct ways: by explicitly formulating the decision-making on a graph, and
by embedding the solution into the equilibrium conditions for a computationally convenient representation of the spatial
equilibrium. See Appendix A.5 for further details.
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3.3 Combined Routing and Sourcing Choice, and Recursive Equilibrium

We now combine the recursive routing choice in Equation (3.1) with the stochastic sourcing choice from
Eaton and Kortum (2002) to derive a closed-form characterization for both route and sourcing choices.
Next, we integrate the route and sourcing choice into the equilibrium conditions, relating endogenous

equilibrium outcomes recursively along the network topology.

Routing and Sourcing Under perfect competition, consumers (recursively) source their products by
choosing the lowest-cost route-source combination. The price the consumer in j faces is the expected
minimum of choosing a variety v that is both the least cost source i and being routed along the lowest
cost route from i to j utilizing the neighboring node k,

_ . Ly Tik
p;=E,| min w; (3.2)
(k,i)e B(j)xN gikj(v)

where, following Eaton and Kortum (2002), we assume that Eikj (v) is iid Fréchet distributed across the
set of (predecessor) neighboring nodes k € % (j) and sourcing partners i with scale parameter 1/A,,
where A; captures origin-specific efficiency and 6; is a node-specific shape parameter which regulates
the inverse of shock dispersion.'® Given the distribution of shocks, the probability that j sources a good

from i that is routed via neighboring node k is as follows (see detailed derivations in Appendix A.1),

—0; (w: =0 —0.
() o)
. ij A; (tlka]) _ ik 3.3
~—~— i Wit . T ss
Joint routing-sourcing prob. Zi/EN Ti'j (Ai’ ) k'eB() \"ik T K _

~ /

from i to j via node k

v
v . .
Sourcing prob. from i Routing prob. via node k

where we have decomposed the combined routing-sourcing probability into two different components.

The first term, 7;;, represents the sourcing probability given the expected bilateral transport cost, T

ij»
defined as and is identical to the sourcing probability in Eaton and Kortum (2002) except for the inclusion

j>

of heterogeneous substitution elasticities along the network 6;. The second term, ngf, represents an
implicit route choice probability, characterizing the likelihood of choosing a neighboring node k amongst

all neighboring nodes when sourcing from origin i.

Recursive Equilibrium Using Equation (3.3), we derive a generalized gravity equation and then
impose goods-market clearing and balanced trade (see Appendix A.2 and Appendix Section A.3). The

resulting equilibrium conditions are:

13The Frechet distribution’s properties imply that the inclusive value is given by pj = E, [min(k’i)e%(j)x,\, %] =
1

1 1
—-6,\7 5 -6 —0.\" 5 . .
(Z(k’i)e%mw (txjTaw;) ’) I = (Zke%m te; 2aien (Tiewi) f) ’. Note that in the last equation, we can re-arrange the
sums to highlight that under a homogenous dispersion parameter (6; = 6), the formula takes on a recursive form and connects

expected sourcing prices back to origin i along the network topology, pj_9 =D A() t]:je p;e since p;e = ZieN (Tikwi)_e .
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% = (t;@')

where {II,, P;} are the producer and consumer market-access terms."*

5, 0, = —6; —6; -6\ 7j —6; _—6;
P_9i+ Z tik Hk , P] J:(tJ]J) _9j+ Z tkjlpk J’ (34)

i ke (i) I, " kes(i)

We can reformulate the equilibrium equations to solve for the spatial allocation of labor and income,
allowing for a rich set of amenity and productivity spillovers. First, we assume welfare equalization, given
by W; = V;—juj. Then, we allow for localized productivity (4;) and amenity spillovers (u;) that depend on
the density of workers in a locality. Specifically, productivity is modeled as A; ZAiLf‘ and amenities as
u; = ﬂiLiﬁ , where A; represents the exogenous productivity component at location i, and a measures
the sensitivity of productivity to local population L; (capturing productivity spillovers). Similarly, u;
denotes the exogenous utility from residing in location i, while 3 indicates the extent to which amenities
are influenced by the local population (capturing amenity spillovers). This allows us to rewrite the

price indices in terms of labor and income allocations (Footnote (1) in Appendix A.2). As a result, we
0;+1
0

have consumer price index P; = Larf ~'Y; and producer price index IT; = A,L}*%Y, " .° Substituting

Wit
both price indices into the equilibrium system in Equation (3.4), we obtain a system of equation that
determines the the spatial distribution of income and labor as well as a global scalar that determines
aggregate welfare W (see Appendix Section A.3 for further details).

Specifically, given the productivity and amenity fundamentals {Ai,ﬁi} as well as the aggregate
transport costs, the system of 2N equations can be solved for the 2N endogenous equilibrium values. The
equilibrium system determines the endogenous variables via the interaction of price indices along the
network topology, where transport cost is endogenously determined as part of the equilibrium system.

Our framework has three main benefits. First, our approach allows us to nest the choice of different
transport modes within the optimal route choice model, with a separate elasticity of substitution across
modes from the elasticity across routes. This is possible because our model recasts the equilibrium
problem in terms of edge-level outcomes and allows us to incorporate richer edge-level decision making
and substitution margins. Second, we can include a rich set of mode-specific congestion patterns,
including congestion at intermodal terminals as well as along the primary network. Third, we do not
rely on matrix inversion methods and can derive closed-form expressions for equilibrium transport costs,
traffic flows, and market access terms, which depends on mode and route choices as well as the topology
of the transport network. To focus on multimodal transport networks and incorporate transport mode

choice into this framework, we assume a homogeneous route choice elasticity (Qj = 0) from now.

4Here I1, is an auxiliary producer-access object that adjusts for heterogeneity in 0;. It collapses to IT; under homogeneous
0; = 6. See Appendix A.3 for the exact expression and derivation.

15We can furthermore rewrite the equations in terms of rescaled variables, { ¥i,1;}, where we define shares of world income
in location i, y; = YY—;,, and shares of total labor in location i, [; = LL—W To illustrate this, we did this explicitly for the
counterfactual equilibrium system in the Appendix A.10.
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3.4 Nested Mode Choice and Aggregate Transport Cost

Previously, we considered a consumer making a route-source decision recursively, where choices are
made sequentially along links of the graph. To expand this framework to incorporate routing decisions
across multiple transport modes, we introduce a nested mode-choice structure into the current setup.
Now, given the node the consumer has selected, she then chooses the cost-minimizing mode out of all
available mode options when travelling to that node (subject to an extreme value distributed cost shock).
To fix ideas, consider a consumer in location i who has chosen to route via neighboring node k. At k,
she then considers the different modes that are available along link ik, i.e. m € #;;, where %, is the
set of modes available between i and k. One way to represent this is using a multi-layered graph (Figure
5b), where the set of available nodes depends on the existing infrastructure. Each layer in Figure 5b
represent a mode-specific network, with the top red layer having fewer nodes than the blue (middle)
and yellow (bottom) layers. The consumer selects a mode-specific layer for each link in the network.
In this setting we assume that the link-level and mode-specific transport costs for the primary mode
is t;; 1, but for any secondary mode (m # 1) a switching cost is imposed, i.e. t; ., = $;; mbixmSkkm fOr
m # 1, where ;. ,, refers to the iceberg transport cost of traversing the link between node i and k along
mode m. Notice that this specification is general and allows for geographies where the secondary modes
might connect both primary and secondary nodes. We present the expected aggregate transport cost as
the sum of the endogenous mode-specific transport cost, t; ,,, that is available between neighboring

nodes i and k, i.e. .#(i,k) (see detailed derivations in Appendix A.4):

1
tikm — !

t.=E| min {——;|c< t " 3.5

ik |:m6/ﬂ(i,k){ }] Z ik,m (3:5)

Eik,m me(i,k)
where the mode choice is subject to an extreme-value distributed shock with dispersion parameter 7).

The corresponding mode share is:

t_”’l
nm = kn (3.6)
ik = t—n .

This nested structure introduces a second substitution margin without altering the recursive structure
of the equilibrium system. The key distinction is that substitution across modes is governed by 1), while
substitution across routes and sources is governed by 6. When 1) = 0, or when only one transport mode
is available, the model collapses to the single-elasticity case nested by AA2022 (Appendix A.5).

This setup allows for a flexible introduction of transport mode choice in a setting where agents are
already making endogenous routing and sourcing decisions. A lower cost for one mode affects behavior
in two ways. Directly, it makes that mode relatively more attractive on the affected link. Indirectly,
because the aggregate cost of the link falls, it changes the attractiveness of routes and locations that use
that link. This distinction between within-link modal substitution and broader route-level reorganization

will be important below.
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3.5 Congestion and Traffic Flows

To introduce congestion, we proceed in three steps. First, we characterize aggregate traffic on the
network. Second, we derive mode-specific and terminal traffic. Third, we let these traffic objects feed

back into transport costs through road and terminal congestion.

Traffic Flows on the Aggregate Network We start by constructing a measure of link intensity—the

probability that route i to j is used and the likelihood of selecting a specific link kl on that route:

0
T
= (—” ) (3.7)
Tiklrr Tij

This formula follows directly from our recursive routing choice framework (see Appendix A.6.1). We

then use these derivations to define a gravity equation for aggregate traffic flows on link ki,

= _ .6 -0 -0

S — tkl X pk X Hl (38)
where traffic flows are a function of inward, P, ® and outward market access measures, HZ_G, as well as

the aggregate transport cost for that link across the multimodal transport network.

Traffic Flows on the Mode-Specific Networks The nested choice implies that the probability of using

route ij, selecting link kl, and choosing mode m on that link is

le']'L'm

T =T X 7 >

ij,kl,m
where 7;; is the joint source-route share from Equation (3.3), ni.‘jl is the link-use probability from
Equation (3.7), and 7, = ty/ty is the conditional mode share on link kl. Summing over origins and
destinations yields mode-specific traffic (see Appendix Section A.6.2 for details),

_ | n—0 -6 —0
klm = E : E :“ij,kl,mEj =g, Xty X P X1 (3.9)
iEN jEN

[1]

which shows that the mode-specific traffic is the conditional mode share of aggregate traffic, i.e. E; ,, =
T E- This expression makes the two layers of the model transparent. First, aggregate traffic depends
on the composite link cost and market access. Mode-specific traffic then allocates this aggregate flow

across modes according to their relative costs.

Traffic Flows at Terminals We next characterize traffic at terminals where goods switch between
the primary and secondary modal networks. Summing mode-specific traffic over all successor nodes
reachable through terminal k on mode m yields (see Appendix A.6.3 for details),

I -n_ n-6 9
Erkm = P X Sy X E : (Tkl,mszz,m) Xty xII7, (3.10)
1€z, (k)

This equation differs slightly from the two previous traffic equations due to an additional summation
term. This term, a higher-order market access measure, shows how traffic flows through a terminal

depends on the sum of traffic generated by nodes that can be accessed via that terminal along the
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secondary network. This term also captures the centrality of terminals in connecting primary and

secondary networks, highlighting their potential to become bottlenecks in the overall transport network.

Congestion on the Primary Transport Network. Having derived traffic flows, we now incorporate
congestion on the primary network and then at terminal stations.'® The congestion model for the primary

network is based on AA2022, assuming that travel costs on a link depend on its traffic volume,

ty =ty (Ekl,l)kl , (3.11)

where A, determines the strength of congestion on the primary network, T = [f,] is the primary
network’s infrastructure, and Z, ; is the network’s link-level traffic flows. As long as A; > 0, transport
cost on a link increases as its traffic flow increases.!” Using this expression, we first state the primary
network’s transport costs as a function of its infrastructure, aggregate-level transport costs, and market
access terms (t ;, first equation below). Next, we combine this transport cost with Equation (3.8) to

express the equilibrium traffic flows (£, ;, second equation below):

1 21(n—0) —6021 —02q —n n—6 0 0
_ T linn 1+nAq 1+nAy 1+nAq = _ Tl 1+nAq 1+nAq 1+nAp
by =t Xty X P, x I, s B =gy Xty X b, x I, (3.12)

The equilibrium traffic flows on the primary network depend on the fundamental transport capacity
and aggregate transport cost of each link (t;;; and t;;), both inward and outward market access terms,
as well as the strength of the congestion externality (A,). Intuitively, as better market access improves

traffic flow on each link, this also increases congestion which mutes its overall impact.

Congestion at Intermodal Terminals. When introducing congestion at terminals, we assume that the

direct cost of transiting through a terminal depends on the overall traffic at the terminal,
- - Am
Stkm = Skim [ Bktm | > Where  m # 1 (3.13)

where A specifies the strength of congestion at terminals, S = |:§kk’m:| is the switching matrix that
connects primary and secondary modes, and Zy, ,, denotes the traffic at the terminal station. Combining

with the terminal traffic expression (Equation (3.10)), the transport cost for secondary modes, t; ,, is
- - o2 o2 -0 -0
tkl,m = Skk,m X Tkl,m X Sll,m X Pk m X Hl m X pkm m X Hl m m, where m ;é 1 (314)

— - n—0 -6 — - n—0 —0 . o
where P, = D mo tam Xty X P and I, = X0 cpi0 tam <ty X 1177 define mode-specific

kl,m kl,m
market access measures. Intuitively, if A,, > 0, transport cost increases with increasing traffic at the

terminal. By combining Equation (3.14) with our modal traffic expression (Equation (3.9)), we determine

16While it is theoretically feasible to extend the framework to include congestion on the secondary network, we have opted
to model congestion at terminals. This choice reflects the fact that bottlenecks then to occur at the intermodal transfer with a
prime example being port congestion. Additionally, incorporating congestion at the route-level for secondary networks would
come at the cost of added complexity and decreased traceability.

17While somewhat different to the more commonly used Bureau of Public Roads (BPR) function (Boyles, Lownes and
Unnikrishnan, 2021), it is both analytically convenient and can be micro-founded in a simple model where transport costs
are log-linear in travel time and speed is a log-linear function of traffic congestion as shown in AA2022.
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the traffic flows for the secondary modes while taking into account endogenous congestion at terminals,

= = -n =N N0, N0An n—0 —0(1-nAy) —0(1-mAy)
Ektm = S X Ttm X Suum X P " X I 0" Xt X Py x 1T,

, where m#1 (3.15)

While increases in both incoming and outgoing market access measures generally increases traffic
flows (Equation (3.8)), we highlight how these market access terms contribute to traffic flows on both
the primary and secondary networks while taking congestion into account (Equations (3.12) and (3.15)
respectively). Specifically, terminal congestion (A,,) can reduce the appeal of multimodal routes and
consequently decrease traffic on the secondary network (Equation (3.15)). This highlights the significant
role terminals can have as potential bottlenecks within a multimodal network. In Section 4.2, we estimate

the terminal congestion elasticity by focusing on one important type of intermodal terminal: ports.

3.6 Decomposing the Qualitative Channels

To build intuition, this section characterizes how transport cost changes propagate through the network,
affecting traffic and welfare. A lower mode-specific transport cost on link k! first changes traffic allocation
across modes on that link and then across routes in the network. These adjustments then determine
whether the resulting traffic increase is absorbed by congestion across links and at terminals, or converted
into welfare gains through better connectivity and market access. The recursive equilibrium system
developed earlier in Section 3.2 allows for a particularly convenient application of the inverse function
theorem to characterize welfare elasticities in closed-form, following Allen, Fuchs and Wong (2025). We
extend these results further to derive decompositions of the welfare elasticities, with the goal of isolating
the contributions of the four main ingredients in our model: road and terminal congestion, productivity

and amenity spillovers, multiple modes, and endogenous routing.

Traffic Adjustments: Substitution and Complementarity Across Modes We start with the traffic

adjustments. On link kI, mode-specific traffic Zy, ,,can be written as
t_n
— _ome m L,m = — +—0p—6717-6
Sktm = T Skl T =" En =ty P I, (3.16)
Kl

where ty, , is the cost of moving on link kI using mode m, ty, is the corresponding aggregate link cost, 7

is the elasticity of modal substitution, 6 is the elasticity governing route and trade substitution, while P,
and I1; are outgoing and incoming market access terms at k and . A mode-specific cost change therefore
works through two traffic-side margins. First, it changes the conditional mode share on link kI (7t}}), so
traffic is reallocated across modes on that link. Second, it changes the aggregate cost of using that link,
which changes the market access of the locations connected to it and the total traffic on that link (5,).

Appendix A.7 shows that, for an alternative mode m # m’, mode-specific transport cost changes can
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generate the following direct and indirect traffic adjustments:

dInE
—kl,m ot,P oIl
dl—% n —9(1"‘[9’ T +[Q° ]kz) Wil,m > (3.17)
n tkl,m’ . v ) ~ ~
direct substitution indirect complementarity

where @ = Exm/ 2o Eiin 1S the baseline traffic share of mode m’ on link kI, and Q" and Q!
are reduced-form centrality objects that summarize how a change in the cost of link kl propagates into
inward and outward market access.

The first term in Equation (3.17) captures direct modal substitution: if mode m’ becomes cheaper,
traffic shifts toward it and away from alternative mode m on the same link. In the example from the
introduction, improving a link on the road network reduces road transport costs, making rail transport
relatively more expensive and shifting traffic from rail to road on that link. The second term captures
the broader indirect modal complementarity effect: because the aggregate cost of link k! falls, that link
becomes more attractive within the network as a whole, which raises total traffic and market access and
can increase traffic on other modes as well. Better road access can thereby increase transport demand
across all modes including rail. The strength of this latter channel is stronger for links that are more

central within the network. We now turn to the welfare implications of these traffic adjustments.

Welfare Decomposition: Congestion and Reallocation Wedges The traffic expression above in
Equation (3.17) studies a mode-specific perturbation d In t;; .. Here, the welfare decomposition values
that same kind of local transport change through the welfare elasticity of a marginal reduction in the
primitive mode-specific cost t;; ,, on link kl. Under the common-baseline convention used throughout,
the mode-specific shock is first mapped into the composite cost of link kI and then propagated through
the same equilibrium system under different model variants—each shutting down one main ingredient
in our model in order to isolate its contribution. Appendix A.8 shows that this mapping is proportional
to the conditional mode share on the link, so the normalized multiplier remains link-specific while the

exposure term remains mode-specific. With that interpretation in mind, let
c dlnWw¢
Eum="773
’ d ].n tkl,m

where E;,  is the local welfare elasticity under model variant c, Zy ,, is the observed baseline traffic of

= P Egpm Myys (3.18)

mode m on link kI, p is a common scaling term, and m, is the exact local multiplier that summarizes
how the same initial mode-specific link improvement works its way through the network under that
variant.'® By , tells us how exposed the economy is to the improved mode-specific link, while my, tells
us whether the resulting extra traffic is reallocated toward more valuable routes and modes, runs into

congestion across links or at terminals, or generates broader market-access gains.

18 Appendix A.8 writes this multiplier as my, = wTJc_lskl,m, where J, is the Jacobian of the transformed equilibrium system
under model variant c, s ,, is the normalized shock created by lowering the primitive cost of mode m on link ki, and « maps
the induced equilibrium responses into welfare. Under the reduced equilibrium representation, s ,, = $i;, so the normalized
multiplier depends on the link rather than on the mode.
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To individually isolate the contributions of four main mechanisms in our model, we compare the
full model F to the following model variants (¢ € {NC, NT, RO, FR, H}): a no-congestion benchmark
NG, a no-terminal-congestion benchmark NT, a road-only benchmark RO that suppresses multimodal
flexibility, a fixed-routing benchmark FR that suppresses endogenous rerouting, and a Hulten benchmark
that shuts down agglomeration and dispersion externalities H.'” Across all of these comparisons, the
same initial mode-specific link improvement is evaluated at the observed transport assignment; what
changes is not the shock itself, but which margins are allowed to respond after it hits. We define the four

transport-side wedges as follows,

road — ,,,NC __ __NT term — _NT _ __F mode — __F _ __RO route — . F _ __FR
A = my —my,  dg T =my Myp> d* = myg —myy, 4y = my —my (3.19)
Congestion Wedges Reallocation Wedges

where d,ﬁ‘l’ad and d,7™ are the congestion wedges: they measure how much of the potential gains are
absorbed once congestion, across links and at terminals, is allowed to bind. Specifically, road congestion
wedge d,i(l’ad is defined as the difference between no-congestion benchmark mflc and no-terminal-congestion
benchmark mllle , isolating the welfare loss due to link-level road congestion. The terminal congestion
wedge d;5™ is the difference between m;i" and the full model mj,, capturing terminal bottlenecks. In
contrast, d]fl“’de and d,"*° are the reallocation wedges: they measure whether the way traffic reallocates
across modes and routes makes the improved link more valuable or easier to substitute away from. The
mode reallocation wedge d,fl“’de is defined as the difference between the full model mil—with multiple
modes—and the road-only benchmark m}j? while the route reallocation wedge d;7"*° is defined as the
difference between the full model my, and the fixed-routing benchmark m;"

The welfare effects of the full model can be decomposed into distinct qualitative channels forming

an explicit decompositional “ladder" over the set of benchmark models:

F _ NC road term __ NT term __ RO mode __ FR route
my, = My diy dg = my dg" = my + T = myy 4. (3.20)
~— S~~~
Full No-Congestion No-Terminal Road-Only Fixed-
Model Model Congestion Model Model Routing Model

In addition to this transport-side ladder, it is useful to keep the efficient-equilibrium Hulten (1978)

benchmark in view.?’ This is the natural comparison point for our Hulten terms: it is the benchmark

19An interesting comparison point is Donald, Fukui and Miyauchi (forthcoming). They ask a broad welfare-accounting
question: in a utilitarian spatial model with heterogeneous households, idiosyncratic location preferences, and transfers, what
primitive wedges make welfare depart from the Fogel-Hulten benchmark? Their answer is a decomposition into technology,
marginal-utility dispersion, fiscal externalities, technological externalities, and redistribution. Our focus is different. We
specialize to the utility-equalization transport benchmark and use the recursive multimodal network structure to decompose
the model-implied welfare elasticity itself. The benefit of our approach is that it turns the extended social-savings formula
from a black box into a mechanism-level anatomy: we can say whether a link’s welfare value is being attenuated by road or
terminal scarcity, amplified or offset by modal diversion and rerouting, or propagated through broader network feedback. In
that sense, Donald, Fukui and Miyauchi (forthcoming) classify deviations from Hulten by welfare primitive, whereas we
classify them by transport mechanism. We consider the two perspectives as complementary.

20Allen, Fuchs and Wong (2025) show that, when congestion and agglomeration/dispersion externalities are shut down
so that the equilibrium is efficient, a Hulten-type envelope theorem applies and the welfare elasticity of a marginal link-
mode improvement is proportional to the observed traffic share on that link-mode. In the notation of this paper, that
efficient-equilibrium benchmark is Eﬂ’m = Ej1,m> OF equivalently mfl =1/p.
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valuing the welfare effect of a local transport improvement solely by its baseline traffic while excluding

agglomeration and dispersion externalities (productivity and amenity effects). The benchmark gap is

EE _—EF
kl,m kl,m —
hy = = =p(ml—mb)=1-p)+p(1—mb), AN = B hig- (3.21)
—kl,m

Unlike d,ﬁ?ad, a4, d;l“’de, and d;?"*°, the Hulten gap is not a comparison between two transport-side
Jacobian variants. Instead, it benchmarks the full equilibrium multiplier against the efficient-equilibrium
Hulten object in which the welfare gain is proportional to the baseline traffic share. Economically, hy;
measures the departure of the full-model welfare elasticity from that efficient benchmark: it is positive
when congestion and externality feedback attenuate the gain relative to the traffic-share benchmark,
and negative when network and spillover feedback amplify the gain beyond it.

We discuss each of these wedges qualitatively (formal characterization in Appendix A.8). Proposition 5
shows that the road and terminal congestion wedges can be written as the interaction between two things:
(1) how much a mode-specific link improvement increases traffic on congested road or terminals, and
(2) how valuable it is to relieve congestion on those margins. Economically, they capture congestion
losses: when improvements push traffic toward already congested road links or heavily used terminals,
part of the traffic-side complementarity in Equation (3.17) is absorbed by congestion elsewhere in the
network rather than passed through to welfare.

Turning to the mode and route reallocation wedges, Proposition 6 shows that each wedge can be

decomposed into three parts:

mode __ jmode mode mode route __ Jjroute route route
dkl - dkl,alloc + dkl,cong + dkl,glob’ dkl - dkl,alloc + dkl,cong + dkl,glob' (3.22)

where the first term captures local reallocation effects: how lower costs on link kI change nearby mode

mode route
dkl,alloc dkl,alloc

the reallocation (d;fl“’de and d}°"*¢ ), while the third term captures broader spatial feedback as changes
,cong kl,cong

in transport access reallocate activity and demand across locations through market access channels.

use and routing ( and ). The second term captures the resulting congestion feedback from

This three-way decomposition sharpens the economic interpretation of the reallocation wedges. An
overall positive mode wedge means that multimodal flexibility raises the value of the mode-specific link
improvement because modal reallocation and its congestion consequences reinforce the improvement,
and broader equilibrium feedback does not offset that effect. A negative mode wedge means that extra
modal flexibility mainly allows traffic to substitute away from the improved link. From the earlier example,
a positive mode wedge means that multimodal flexibility raises the value of a road-link improvement by
expanding overall transport activity on that link, including rail, while a negative mode wedge means
that this flexibility reduces reliance on the improved link, lowering its marginal welfare value.

For the route reallocation wedge, a positive wedge means that endogenous rerouting reinforces the
value of the improved link by shifting traffic onto complementary paths that make the improved link

more central within the network. A negative route wedge instead implies that rerouting reduces the
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network’s dependence on the improved link by opening up alternative paths. For example, a road-link
improvement can have a positive route wedge if rerouting directs traffic toward other road or rail links
that are connected to the improved road, but a negative route wedge if it diverts traffic toward substitute
corridors that diminish the role of that road segment.

We further provide conditions under which the wedges can be signed. Under the one-sided conditions
reported in Appendix A.8.4, the congestion wedges are positive because additional traffic on already
congested links or at terminals lowers the pass-through from a transport improvement to welfare. For
the reallocation wedges, the appendix provides sufficient conditions and a dominance criterion: they
are positive when the value created by local route and mode reallocation, together with the associated
congestion relief, is larger than the offsetting aggregate feedback term.

Taken together, the section says one thing. A cheaper link first reorganizes traffic. That reorganization
then either runs into congestion across links or at terminals, or increases the usefulness of the link
within the broader network. The traffic decomposition identifies where the shock creates substitution
and complementarity, while the welfare decomposition shows whether those same adjustments appear

mainly as congestion wedges or as reallocation wedges.

4 Estimation: Modal Substitution and Terminal Congestion

In order to quantify our model, we require two key elasticities. First, to motivate the mode choice
channels in our model, we require an elasticity of substitution between transport modes (7). In Section
4.1 we estimate this elasticity by examining how traffic shifts between modes in response to cost changes
in a one mode. Second, the counterfactual equilibrium in our model depends on the strength of the
congestion forces within the network, particularly at intermodal terminals (A,,).>' In Section 4.2, we
estimate A,, by analyzing the relationship between ship dwell times and port traffic. We demonstrate that

this elasticity, though estimated using port terminals, also applies to inland intermodal rail terminals.

4.1 Estimating the Elasticity of Modal Substitution

We start by motivating our approach to estimate the elasticity of modal substitution 1), and its structural
interpretation through the lens of our model, as discussed in Section 3.6. Next, we explain how
we estimate this elasticity by adopting the research design from Duranton and Turner (2011) and
incorporating the focus on relative modal responses from Hummels and Schaur (2013) and Lugovskyy,
Skiba and Terner (2022). Third, we conduct several robustness checks to validate our results.

First, consider a mode-specific transport cost decrease, such as a local road improvement. As discussed

21 There are two congestion forces in our model: on the primary network and at intermodal terminals (1,, A,,). In this
paper, we rely on prior literature for A; and focus on estimating A,, in this paper.
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in Subsection 3.6, this improvement has both direct and indirect effects on traffic. Directly, lower road
costs will substitute traffic from rail or barges to road. The strength of this substitution effect directly
depends on the parameter of interest 7). Indirectly, lower road costs will reduce aggregate trade costs and
improve overall market access across all modes (the complementarity effect). Since we are interested in
estimating 1), the complementarity effect constitutes confounding variation, as changes in mode-specific
traffic are endogenous to changes in both incoming and outgoing market access (Equation (3.17)).
We address this, and demonstrate more formally in the Appendix B.2, by examining the instrumented
changes in relative modal traffic responses (modal split) to mode-specific cost changes, rather than

through the mode-specific traffic responses directly (Equation (B.3), Appendix B.2).

Empirical Strategy Our approach builds on Duranton and Turner (2011) (hereafter abbreviated to
DT2011), who found that improving road infrastructure by increasing lane kilometers of interstate
highways, increases the vehicle-kilometers traveled (VKT) in U.S. metropolitan cities, particularly for
commercial freight trucks. To address the endogeneity between VKT demand and road stock changes
at the metropolitan statistical area (MSA) level, the paper utilizes three instruments: kilometers of
preliminary interstate highway from the 1947 highway plan in each MSA (Baum-Snow, 2007; Michaels,
2008), kilometers of 1898 railroads in each MSA, and 1528-1850 exploration routes.**

By aggregating our waybill rail traffic data to the MSA level and matching it to the DT2011 data,
we are able to estimate the elasticity of modal substitution. We do this by studying how traffic shifts
between modes in response to cost changes in one mode, specifically the effect of reduced road costs
via interstate highway improvements on relative rail and truck road traffic flows.*”> We start with the
following OLS specification with fixed effects from DT2011:

InY,, = alnInterstate Highway Lanes , + ¢YC., + { . +t, + &, 4.1)

where InY,, is log traffic use outcomes for MSA c in year y, and InInterstate Highway Lanes,, is log
number of interstate highway lanes going through MSA ¢ which proxies for its road infrastructure in
year y. C;, are city-specific time-varying controls from DT2011 that includes population, geography,
census divisions, and socioeconomic characteristics. We include MSA ({,) and year () fixed effects.
We measure road traffic use with truck VKT from DT2011, since our focus is on commercial freight
transport. To match truck traffic use (measured in vehicle-kilometers traveled), we measure rail traffic
use in total railcar-kilometers-traveled for each city. Our detailed rail data also allow us to calculate
rail traffic use by destination (incoming rail traffic use) and by origin (outgoing rail traffic use). We

also observe rail car weight and construct an alternative measure of rail traffic use by weight in weight-

22Using the same three instruments, Duranton and Turner (2012) finds that a 10% increase in interstate highways increases
city employment by about 1.5% between 1983 and 2003. With the same instruments, Duranton, Morrow and Turner (2014)
finds that more highways lead to cities specializing in exporting goods with higher weight-to-value ratios.

23 After the matching process, we have 221 MSAs. This is 7 fewer than DT2011 (see Section B.1.5 for more information).
Despite the slight difference in observations, when we replicate the DT2011 results (Table A.2) our OLS and IV estimates
have the same sign and are within one standard deviation of their results (Table 9, Columns (6) to (10) in DT2011).
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kilometers-traveled. In order to measure relative changes between truck and rail use for U.S. cities
in response to road infrastructure improvements, we take the ratio of rail traffic use (measured in

railcar-kilometers or weight-kilometers) to road traffic (measured in truck vehicle-kilometers) for city c
Rail Traffic Use,,
Road Traffic Use.,, /*

in year t (
OLS Results We begin by describing the road-specific and rail-specific responses, followed by the
relative rail-to-road response. As mentioned earlier, a decrease in road cost will increase its traffic
flows (Equation (3.8)). With our matched rail and truck data, we first show that we can replicate the
significant positive road traffic use estimates from DT2011. Our OLS estimates (Columns (1) and (2),
Table A.2) are within one standard error of their results (Columns (6) and (7), Table 9 of DT2011).
Second, using our rail traffic use measure, we find a noisy, negative relationship with the decrease in
road costs (Columns (1) and (2), Table A.4). These OLS coefficients are imprecisely estimated due to
the two opposing substitution and complementarity forces shown in Equation (3.17) and discussed in
Subsection 3.6: while a decrease in road costs raises rail costs relative to roads, thereby reducing rail
traffic, it can also lower aggregate transport costs for the city and improve overall market access, thereby
increasing demand for rail traffic.

Next, we study the relative modal split responses in rail and road traffic use. In Columns (1) and
(2) of Table 1, we find that relative rail-to-truck traffic use has a negative and significant relationship
with road infrastructure improvement in U.S. cities. This result is robust to including city-level and
year-level fixed effects, as well as time-varying city-level controls such as socioeconomic characteristics
and population. Note that this result, a coefficient of -1.4, is not mechanically driven by the inverse of
the road traffic use estimate. In particular, this estimate is lower in absolute terms and differs by more
than one standard error from the road traffic use OLS estimate of +1.6 from Table A.2 (Columns (1)
and (2)). Further, this negative relationship is robust to measuring rail traffic use in terms of rail weight
(Columns (1) and (2), Table A.5).

IV Strategy Since transport infrastructure and traffic use may be simultaneously determined, we
require an instrumental variable (IV) approach to identify the causal effects of road infrastructure on
rail traffic use and modal substitution. We employ the three instruments used in DT2011 to predict the

stock of roads in U.S. cities and estimate the following two-stage least-squares IV regression:

InInterstate Highway Lanes., = n; InInstruments, + xC,, +t, + v,
(4.2)
InY,, = n,Ininterstate Highway Lanes., + ¢ C., + ¢, + U,

where In Y, is log traffic use outcomes for MSA c in year y, InInstruments, is the set of three instruments
discussed earlier, In Interstate Highway Lanes,, is log number of interstate highway lanes going through
each city ¢, which proxies for the road infrastructure for that city in year y. C;, are city-specific
time-varying controls including population, physical geography, census divisions, and socioeconomic

characteristics from DT2011, and ¢, is year fixed effects.
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Table. 1. Elasticity of Modal Substitution

(D (2) 3) ) (5)

Rail to Road Traffic Use OLS OLS v v v
Interstate Highway Lane KM -1.432  -1.432 -0.867 -1.249 -1.099
(0.195) (0.196) (0.376) (0.388) (0.364)

Population -0.150  0.699 1.092 0.891
(0.337) (0.289) (0.328) (0.306)
Geography v N
Census Divisions v Vv
Socioeconomic Characteristics v Vv
MSA FE v v
Year FE Vv v Vv v Vv
Observations 658 658 658 658 658
R-squared 0.88 0.88 -0.03 0.23 0.27
KP F-stat 14.48 10.76 10.04

Notes: Robust standard errors clustered by MSAs in parentheses. All variables are in logs. Rail traffic use, measured in railcar-kilometers, is constructed
using confidential rail waybill data. Truck traffic use (in vehicle-kilometers) and other variables are from Duranton and Turner (2011). Instruments are
1835 exploration routes, 1898 railroad route kilometers, and 1947 planned interstate highways. Each regression includes 658 observations corresponding to
221 MSAs for each regression. See Table A.3 for first stage regressions.

The validity of the IV strategy requires that the instrument be uncorrelated with unobserved changes
in both road and rail traffic use, including changes in the relative mode-specific market access (Appendix
B.2), conditional on the control variables and fixed effects in Equation (4.2). As detailed in DT2011 and
later papers, the first instrument, the 1947 highway plan, aimed to connect major 1940s population
centers rather than anticipate future traffic or population growth. The second instrument, the 1898
railroad network, was developed by for-profit private companies operating during that time in a smaller
agricultural economy, rather than to anticipate demand for transport 100 years later. The third instrument,
the 1528-1850 exploration routes, were expeditions to find efficient paths between places, instead of
anticipating transport demand in cities 150 years later. Additionally, controlling for historical population

and physical geography helps address potential confounders in these instruments.

Results: Elasticity of Modal Substitution We first show that we can replicate the road traffic use
IV results in DT2011 with our matched data set. Our IV estimates in Columns (3) and (4) (Table A.2)
are within one standard error of their results (Columns (9) and (10), Table 9 of DT2011). Similar to
them, we find that the IV estimates are slightly higher than the OLS estimates. Our results are also
robust to including socioeconomic characteristics (Column (5), Table A.2). Next, we find that road
infrastructure has a positive and noisy impact on rail traffic (Columns (3) to (5), Table A.4), suggesting
that the complementarity effect dominates the substitution effect (Equation (3.17), Subsection 3.6).
Turning to the modal split responses, we find that road infrastructure improvements result in a larger
increase in road traffic use relative to the rail increase—resulting in a decrease in the ratio of rail to road

traffic use. A 1 percent increase in interstate highways causes a 0.9-1.2 percent decrease in rail to road
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traffic use (Columns (3) to (5), Table 1). We use the estimate from the most conservative specification
as our elasticity of modal substitution, 11 = 1.099 (Column (5), Table 1). Again, this result cannot be
trivially attributed to the inverse of the road traffic use estimate: our estimates are lower in absolute
terms and beyond one standard error from the road traffic use estimates, where a 1 percent increase in
interstate highways causes a 1.7-2.1 percent increase in road traffic use (Columns (3) to (5), Table A.2).

To place our estimates in context, we next compare our modal substitution elasticity to the existing
literature. Most of the economics literature focus on the substitution between ocean and air freight
(Harrigan, 2010; Hummels and Schaur, 2013; Lugovskyy, Skiba and Terner, 2022; Tolva, 2025) or
between bulk and container shipping within ocean freight (Cosar and Demir, 2018).** Compared to
studies on ocean and air freight, our estimates are generally smaller in magnitude, likely due to the
higher costs of air shipping leading to a higher elasticity of substitution.?® In the transportation literature,
our findings are broadly consistent with studies that focus on the substitution between rail and truck,
with existing estimates falling within the confidence interval of our baseline estimate (Oum, 1979, 1989;

Beuthe, Jourquin and Urbain, 2014).2°

Robustness Checks We conduct several robustness checks of our elasticity of modal substitution. First,
using an alternative measure of rail traffic by weight, we find estimates that retain the same sign and
are within one standard error of our baseline (Columns (3) to (5), Table A.5). Second, since our rail
traffic data is available at a more disaggregated level, we can examine incoming and outgoing rail traffic
use separately. Using the ratio of directional rail traffic use to road traffic use, we find that these results
again retain the same sign and are within one standard error of our baseline results, suggesting that both
incoming and outgoing relative rail traffic use respond similarly to road infrastructure improvements
(Columns (2) and (3) for incoming and outgoing traffic respectively, Table A.6). Third, we find similarly
robust results combining both the alternative weight measure with directional rail traffic use (Columns
(4) and (5) for incoming and outgoing traffic respectively, Table A.6).

Finally, while many of the 1898 railroads were abandoned and turned into roads (Duranton and
Turner, 2011, 2012; Duranton, Morrow and Turner, 2014), there may still be concerns that the historical
rail network remains correlated with the contemporary rail infrastructure. To address this concern,
we further test the robustness of our results by excluding the 1898 railroads as an instrument. Under

this specification, both elasticities using our carload and weight-based measures retain the same sign

24Instead of estimating an elasticity of modal substitution, Cosar and Demir (2018) estimates the cost structures of container
and breakbulk shipping to quantify the impact of containerization in trade volumes.

ZHummels and Schaur (2013) estimates substitution elasticities of 2.7-6.5 for air versus ocean shipping, while Lugovskyy,
Skiba and Terner (2022) reports an IV estimate of 10.3 for air versus containerized ocean shipping. Focusing on unit values,
Harrigan (2010) finds that a 1 percent increase in value per weight raises the probability of air shipment by 0.2 percentage
points.

26Differences in empirical strategies and context complicate direct comparisons. Beuthe, Jourquin and Urbain (2014) finds
a rail ton-mile elasticity of 0.59 with respect to road cost reductions. Using 1970 Canadian freight flow data and a translog
demand system, Oum (1979) estimates an rail-truck elasticity of 1.4-1.57 for eight selected commodities, and Oum (1989)
estimates an elasticity of 1.19 for all goods.
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and are within one confidence interval of our baseline results (Columns (6) and (7) for carload- and

weight-based rail traffic use respectively, Table A.6).

4.2 Estimation of Intermodal Terminal Congestion

In this subsection, we first describe our approach to estimating the congestion elasticity A,, at intermodal
terminals by examining how ship loading and unloading times respond to port traffic. To account for
the potential endogeneity of ship dwell times, we employ a shift-share instrument. We then describe
our results and compare our estimates to the literature. Lastly, we conduct robustness checks to test the
validity of our results.

Note that we apply A,, to all intermodal terminals in our model, including inland rail terminals,
even though it is based on ports. This is because the highly detailed minute-level AIS panel data, which
enables us to precisely capture ship dwell times and include extensive fixed effects in our estimation, are
not available at the same granularity for rail terminals. Despite this, by using a smaller railcar dwell time
dataset, we find a significant and positive link between railcar dwell times and port traffic, highlighting
the interconnectedness of transport modes and suggesting that port congestion can proxy for congestion

at other terminals.

Empirical Strategy We measure port congestion by estimating the elasticity of ship dwell time with

respect to port traffic. We estimate the following regression:
In Ship Dwell Time, 4, = 1 InPort Traffic,4,,, + @5, + Opy + Yamy + Espamy 4.3)

where In Ship Dwell Time, ,4,,,,, is the log number of hours ship s spent at port p on day of the week d in

month m and year y, InPort Traffic,q,,,

p ending on day d of month m and year y, ¢;,, is ship-port fixed effects, p,,, is port-year fixed effects

is the log 28-day moving average amount of port traffic at port

and v 4,,, is day-month-year fixed effects. The key parameter of interest, 3,, captures the elasticity of
ship dwell times with respect to port traffic. Standard errors are two-way clustered at the ship and port
levels.

The ship-port fixed effects control for fixed characteristics at the ship level, port level, and ship-port
level. Fixed ship characteristics like ship sizes are important to control for since larger ships have larger
capacities and naturally require more time to load and unload. Fixed port characteristics, such as the
geographical proximity of ports to large trading partners or to multiple major cities, can also play a role
in attracting more trade. This can, in turn, contribute to longer loading and unloading times (as seen in
Figure 4b for LA and Long Beach). Fixed ship—port characteristics reflect time-invariant port-specific
comparative advantages, including physical and geographic features such as deep natural harbors, that
enable the accommodation of larger vessels and can ultimately increase dwell times. The port-year fixed

effects control for time-varying port characteristics which includes potential technology or infrastructure
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upgrades over time that may affect ship dwell times, such as larger cranes or expanded berths at ports
over time to accommodate larger ships. Lastly, the day-month-year fixed effects control for aggregate

events that impact all ships.

OLS Results We find that a 1 percent increase in port traffic is correlated with a statistically significant
increase in ship dwell times by 0.1 percent (Column (2), Table 2). This elasticity is within one standard
error of the baseline when estimated with ship fixed effects separately (Column (1), Table 2). West Coast
ports, which are characterized by long histories of worker strikes, deeper harbors, and large volumes
of U.S.-Asia trade (via LA and Long Beach), often experience longer ship dwell times. We show that
the OLS coefficient for West Coast ports is indeed more than two times larger (Column (1), Table A.7).
When including a pandemic period indicator (post-March 2020) to estimate separate coefficients during
this time period, we find that the pre-March 2020 estimate is within one standard error of the baseline
(Column (2), Table A.7), while the post-March 2020 estimates is slightly higher but still within one
confidence interval of the baseline. Using shorter periods for the moving average calculation, we find that
the ship dwell times are still statistically significantly correlated with port traffic, but the magnitudes of

the coefficients are smaller (Table A.8).

IV Strategy To establish the causal impact of port traffic on ship dwell times, we require a demand
shifter for port traffic that is uncorrelated with unobserved ship dwell time determinants &;,,4,,,,,. Our IV
strategy leverages aggregate origin country- and product-level compositional changes for imports into

top U.S. ports to predict the transport services demand at each port:
Port Trade Exposure ,,,, = ZZXOH\PMY X W onp 2003 4.4)
0 N

where the shift-share IV is the weighted sum of top 30 U.S. ports’ imports of product n from origin o
excluding port p at month m and year y. The first term in Equation (4.4) is the contemporaneous shift
in overall imports into top U.S. ports excluding its own port p, capturing month-to-month fluctuations in
demand for port services across origin-product pairs. The second term is a port-specific lagged weight,
calculated from import shares at least 13 years prior at the start of the available sample period (year
2003). The weights sum to one across products and origins for each port-year observation. The Census
Bureau monthly trade data allow us to match this IV with our 28-day moving average of port traffic.
For this IV strategy to be valid, the port trade exposure measure has to be generally uncorrelated with
unobserved determinants of dwell times for ship servicing these ports after controlling for fixed ship-port
characteristics, time-varying port characteristics, and aggregate time-varying events that impact all ships.
Following recent best practices in shift-share IV designs (Borusyak, Hull and Jaravel, 2025), we report
both the effective sample size and the distribution of the instrument. The effective sample size of the
instrument’s exposure share is relatively high at 204.8, suggesting that our instrument is not overly

influenced by a small number of dominant shocks. Furthermore, the largest exposure share accounts for
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Table. 2. Congestion Elasticity of Port Traffic with respect to Ship Dwell Times

M (2 3) 4 (5) (6)

OLS OLS First-Stage v First-Stage v
Port Traffic 0.093 0.100 0.264 0.236

(0.011) (0.010) (0.095) (0.091)
Port Trade Exposure 0.229 0.228
(0.013) (0.014)

Day-Month-Year FE v v N v Vv v
Port-Year FE v v v v v N
Ship-Port FE Vv v Vv
Ship FE v Vv v
Observations 90516 90516 90516 90516 90516 90516
First Stage KP-F 299.03 274.05

Notes: Robust standard errors in parentheses are two-way clustered at the ship and port levels. All variables are in logs. Port traffic is the 28-day moving
average of total daily net tonnage at the port. Weighted by ship net tonnage.

only 2.9% of the total, suggesting a reasonable degree of dispersion.?” Additionally, we establish that our
IV strategy has a strong first stage: the port trade exposure measure has a statistically significant and
positive relationship with port traffic (Column (5) and (6), Table 2), with Kleibergen—Paap F-statistics
exceeding the Staiger and Stock (1997) threshold.

To further support the validity of our identification strategy, we conduct a balance test to show
the absence of correlation between the instrument and an approximation that is correlated with of
unobserved ship dwell times determinants. One potential concern is that that time-varying port-ship
interactions, which is outside the scope of our fixed effects, might affect our results. Specifically, busier
ports may invest in infrastructure, such as increasing the number of container cranes, to accommodate
growing containership traffic and reduce dwell times of these ships. To proxy for this type of time-varying
port-specific investments targeted at containerships, we use data from the Bureau of Transportation
Statistics (BTS) on the annual number of container cranes which is available for the top 25 U.S. container
ports for a subset of years. We residualize both the number of container cranes and the port trade
exposure instrument with respect to port and time fixed effects and find a noisy correlation between the
two (Figure A.5). This lack of correlation suggests that our instrument is unlikely to be systematically

related to endogenous, time-varying port investments aimed at particular ships.

Results: Elasticity of Intermodal Terminal Congestion We find that a one percent increase in port
traffic results in a statistically significant 0.24 percent increase in ship dwell time (Column (6), Table 2).
This result is within one standard error of the specification that separately includes ship fixed effects
(Column (4), Table 2). This congestion elasticity forms the basis for congestion elasticity at terminals:

parameter A,, (Equation (3.13)). Since this elasticity is measured in time while Equation (3.13) is

27 Across product and origin countries, the effective sample size is 87.8, with the largest weight at 5.6%.
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expressed in cost terms, we convert this time elasticity into a cost measure using the ad valorem tariff
estimate for an additional day in transit from Hummels and Schaur (2013), resulting in A,,=0.096.
Without directly comparable elasticities on intermodal terminal congestion, we compare our estimate
with two strands of prior literature. First is the literature on processing times at ports. Using detailed
Peruvian data, Carballo et al. (2021) estimates an import processing cost elasticity of 0.06, which is
within the confidence interval of our baseline estimate.?® Second, we compare our estimates to congestion
elasticities from the urban literature which focuses on road congestion in cities. Existing U.S. estimates
range from 0.03-0.11, also falling within one confidence interval of our baseline estimate (Couture,
Duranton and Turner, 2018; Allen and Arkolakis, 2022; Akbar et al., 2023; Duranton and Puga, 2023).%°

Robustness Checks As noted earlier, West Coast ports typically have longer dwell times due to their
location and history of labor strikes. Indeed, we estaimte a higher congestion elasticity for these ports
(Column (3), Table A.7) that is still within one confidence interval of our baseline result. As additional
checks, we examine the periods before and after the pandemic separately. While the post-pandemic
period has a higher congestion elasticity (as we would expect), both elasticities are within one standard
error of the baseline (Columns (4) and (5) respectively, Table A.7).

Although our congestion elasticity A,, is applied to all intermodal terminals within the multimodal
network, it is estimated solely from AIS vessel traffic data at ports. This is due to the exceptional level
of detail provided by these panel data, which allows us to capture ship dwell times with precision and
incorporate an extensive range of fixed effects. To the best of our knowledge, comparable rail station
dwell times data with the same level of granularity are not available. However, by using a smaller
sample of rail dwell times matched to port traffic data for nearby rail stations, we find a statistically
significant and positive relationship between port traffic and rail dwell times at these rail stations (Table
A.9, Appendix Section B.5).%° This finding highlights how congestion at ports likely leads to delays at
other key intermodal terminals due to the interconnectedness of transport modes within the multimodal
network. Consequently, port congestion can serve as a proxy for understanding congestion impacts at

intermodal terminals across the broader multimodal network.

ZCarballo et al. (2021) estimates that a 1 percent increase in median import processing time reduces import values by
0.24%, giving a processing cost elasticity of 0.06 with a demand elasticity of 4. With export processing data on 98 countries,
Djankov, Freund and Pham (2010) finds that a 1 percent increase in delivery time from factory to port reduces trade by 0.4%.

We focus on U.S. estimates for comparison purposes. Couture, Duranton and Turner (2018) estimate a congestion
elasticity of 0.11 associated with U.S. metro area population. Duranton and Puga (2023) estimates an elasticity of 0.04
using residualized city speed for 180 U.S. metropolitan areas. Using a global dataset on vehicle travel speeds, Akbar et al.
(2023) estimate a congestion elasticity with respective to income of 0.032 and provides an in-depth discussion of on existing
congestion elasticity estimates. AA2022 estimate a road congestion elasticity of 0.092.

30gee Appendix Section B.1.6 for further details on the rail station dwell times data.
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5 Calibration and Validation

To conduct counterfactuals using our framework, we begin by presenting two propositions that in tandem
define a system of equations for changes within the multimodal transport network. Next, we discuss how
we use detailed traffic and geography data to construct the US multimodal transport network and the
calibrate key parameters in the model. We then conduct three validity checks of our framework by (1)
comparing observed and model-predicted mode-specific trade flows, (2) examining how both observed
and predicted trade flows vary with distance to assess gravity model implications, and (3) comparing

the distribution of observed and predicted trade across transport modes over distance.

5.1 Counterfactual Equilibrium

Our goal is to evaluate the welfare impact of infrastructure investments or disruptions in a setting
where agents make sophisticated routing and mode choices within a multimodal transport network.
To accomplish this, we derive a system of equations that determines the counterfactual equilibrium
for arbitrary mode-specific cost changes within the multimodal network while also allowing for a rich
characterization of congestion forces. We first extend the equilibrium system in Equation (3.4) to allow
for mode choice (as in Section 3.4) and for congestion (as in Section 3.5). Following Dekle, Eaton and
Kortum (2008), we then employ ‘Hat Algebra’ to express the equilibrium in terms of changes in the
endogenous variables. We denote the changes in variables with hats, 7; = :—i The structure of this model
allows for a convenient separation of the link- or edge-specific transport equilibrium given market access
terms and the determination of the aggregate equilibrium given (aggregate) transport costs.

We present the counterfactual equilibrium in two parts: one characterizing the aggregate equilibrium
and the other describing the edge-level transport equilibrium subroutine. Detailed derivations for both

are provided in Appendix A.10.

Proposition 1. Consider an economy in equilibrium with a primary transport network, T = [Ekl,l]) a
secondary transport network (m), T, = [T,d,m ], and an intermodal terminal network connecting both
primary and secondary networks (m), S,, = |:§kk’m:|. Consider any changes either in the primary infrastruc-
ture network, ‘f-kl,lf in the intermodal terminal network, sékk’m, or in the secondary transport network, % ..
Given observed aggregate and mode-specific traffic flows (E‘.ik, Eik,m), economic activity in the geography
(Y, E;), and parameters {a, 3, 0, A1, A,,, 0}, the equilibrium change in economic outcomes ( Vis ZAL-, )2) is the

solution to the following :

1. Aggregate Equilibrium. Changes in incoming and outgoing market access terms {fli, Isj} given by:
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where f,:l.e =F ({Pj, Hi}) is the change in endogenous transport costs derived from the transport
equilibrium in Proposition (1.2), 6; = y; = y; represents the share of income in location i, and

changes in the market access terms 15 and I1; are equal to changes in income and labor densities,
AR 0+1
= j/jlf "W and I, = l‘”1 9. 7 where y; is the share of world income in i, y; = YW, and [; is

the share of total labor in i, ; = LL—W

2. Transport Equilibrium. Given {ﬁi, f[i,f/, 3}, the equilibrium change in endogenous aggregate

transport costs (£::?) is the solution to the edge-level transport equilibrium and given by:
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Proposition 1 constructs the aggregate counterfactual spatial equilibrium solving for market access
terms while simultaneously solving for the modal traffic assignment. The algorithm works like a nested
fixed point problem. The first part of Proposition (1.1) solves for the aggregate equilibrium, while the
second part represents a nested subroutine which solves for the modal transport flows conditional on a
guess for the market access terms (Proposition (1.2)). A computational benefit arises because—given a
candidate solution for the aggregate equilibrium—the transport equilibrium is entirely disentangled
from the determination of the aggregate spatial equilibrium, while the aggregate equilibrium inherits
the computational properties in terms of speed and scalability of a (gravity) spatial equilibrium system.

From a practitioner’s point of view, the proposition implies that given observed traffic flows on
the primary network, bilateral flows on the secondary network®’, (Eik,Eik,m) as well as knowledge
of the model parameters, {a, f3,0,A;,A,,,1n}, we can employ the model to evaluate infrastructure
improvements along the primary network or at terminal stations, thus improving the connectedness of

the primary and secondary transport network. We further extend the model to allow for a partitioned

3INotice the slight abuse of notation here. While Z; j1 refers to the link- or edge-specific traffic along the primary network,
Ejj,m instead refers to modal flows between i and j along the secondary networks and is therefore not necessarily edge-specific.
However, &;; ,, summarizes modal traffic in the sense that it refers to any flows between i and j no matter their origin or
destination on the primary network. This is convenient—as we will argue below—since this is the data moment that is
directly observed in the rail traffic data.
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set of domestic and foreign locations with international trade between a subset of domestic nodes and
foreign locations, as presented in Appendix A.12.

Relative to the existing literature, the proposition provides a straightforward extension of Equations
(28) and (29) in AA2022. The only difference is the presence of a nested subroutine, which, given a
candidate solution for spatial equilibrium {P;, I1;}, solves the transport equilibrium at the edge-level (i.e.
the set of equations defined by Equation (5.2)). This implicitly determines the modal choice, taking
into account endogenous congestion, and generates an endogenous aggregate transport cost.** This
adjustment adds a novel channel by which to evaluate infrastructure improvements. In this setting, the
impact of improving transport infrastructure has the same direct and general equilibrium effect as in
AA2022 where route choice is impacted, congestion can be alleviated, and input and output markets can
adjust, all of which collectively add up to welfare gains. In our setting, we also feature a direct interplay
between the primary and secondary networks. Mode-specific infrastructure investments can lead to
modal diversion and thus alleviate congestion on the alternative transport network. The extent to which
this might occur depends on the cross-sectional variation in the access to the secondary transport system,

which is reflected by variations in the weights on the final term across space.

5.2 Model Calibration to the US Multimodal Network

In order to calibrate our framework to the US multimodal network, we require data on income and
population as well as geo-spatial and traffic data on roads, rail, waterways, ports, and inland intermodal
terminals. We utilize the existing income, population, as well as road geo-spatial and traffic data
from AA2022. We then introduce additional geo-spatial and traffic data for rail, waterways, ports,
and intermodal terminals, as discussed in Section 2.1. To allow for international trade, we obtain
Census Bureau data on flows from international locations to domestic ports.** Our resultant sparse
graph representation of the multimodal transport network collapses the high-dimensional geo-spatial
information from each mode-specific shapefile and retains nodes at endpoints or intersections. Cities
containing at least 10,000 people (CBSAs) are also represented by a single node within the network.
The resulting graph consists of 228 nodes and 704 edges.

We now discuss our choice of model parameters {a, f3,0,A,,A,,,n}. For the local productivity

32We can explicitly characterize the change in the equilibrium traffic flows along the primary and secondary transport
system. Given the equilibrium changes in market access terms (Pi, IL;, ), as well as the equilibrium changes of mode and

n A

aggregate transport costs, (tik, Cik,m> ), the resulting change in the traffic flows can be computed using the following formulae:
Ep = t70 x P70 x 11, °
(5.3)

N
- tik,m

[1]>

20-n -0 , A6
ik,m Xty X B xIh
This allows us to account for the changes in observed traffic flows. This can be a convenient tool to analyze the implied traffic
and environmental impacts of infrastructure investments.

33To limit the dimensionality of the simulation, we group the flows into five geographic regions: Africa, Asia, Australia and
Oceania, Europe, North America and South/Central America.

35



spillover a, local amenity spillover 3, and shape parameter 6, we follow the literature and set 6 = 8,
a =.1 and § = —.3 AA2022. For the road congestion elasticity, we use A; = 0.092 following AA2022
who estimates this parameter by regressing the observed speed on individual highway segments against
a measure of instrumented traffic.

The last two parameters come from our own estimates. For the intermodal terminal congestion
parameter A,,, we first determine the impact of port traffic on the observed duration a ship spends at
port using an instrument which measures the trade exposure at these ports (Table 2, Section 4.2). We
use A,, = 0.096 after converting this time elasticity into a cost measure, relying on the ad valorem tariff
estimate on an additional day in transit from Hummels and Schaur (2013). For the modal elasticity of
substitution 7), we estimate the impact of road infrastructure improvements on rail relative to road traffic
flows using the instruments from Duranton and Turner (2011). We use 11 = 1.099 (Table 1, Section
4.1). The non-overlapping confidence intervals for 11 and 6 highlight a significant difference between
them, supporting the validity of our modeling approach which allows for two distinct elasticities to
govern transport mode and route-sourcing decisions separately. As discussed earlier in Section 3, this
also suggests that a simple extension of the AA2022 to allow for mode-specific subnetworks is insufficient

to accurately capture both decisions (footnote 8).

5.3 Predicted versus Observed Trade Flows by Transport Mode and Distance

We conduct three comparisons to assess the ability of our model to capture actual observed trade flows for
different transport modes. First, we compare our model predictions for mode-specific trade flows between
CBSAs against commensurate data from the Commodity Flow Survey (CFS). Second, we examining its
gravity model implications by comparing the relationship between observed trade flows and distance
to the relationship between the predicted trade flows and distance. Third, we compare our model
predictions for the distribution of freight transported over multiple modes over distance against observed

data from the Department of Transportation.

Mode-specific trade flows In order to assess the ability of our model to capture actual observed
trade flows for different transport modes, we compare our model predictions for mode-specific trade
flows between CBSAs against commensurate data from the Commodity Flow Survey (CFS). The model-
predicted mode-specific trade flows are calculated using Equation (A.87) and observed mode-specific
traffic flow data from the CFS.>* We include all three transport modes—truck, rail, and barges. Figure
6a shows the scatter plot between the observed and predicted mode-specific trade flows, conditional
on origin and destination fixed effects. This allows for a pair-wise comparison between the observed
and predicted mode-specific flows at the origin-destination-level, independent of origin or destination

characteristics. We find a strong positive correlation of 0.75 with all three modes, indicating that the

34See Online Appendix A.11 for detailed derivations of the model predicted mode-specific trade flows.
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model predictions reflect observed mode-specific trade flows. These results are also an improvement in
terms of model fit relative to previous literature focusing on one mode. As a comparison point, AA2022
finds a strong positive correlation of 0.60 using truck flows. Column (1) of Table A.10 reports the
univariate regression outcome between the residualized observed and predicted trade flows, weighted
by trade weight in tons. We find a significantly positive relationship, with a coefficient of 1 within one

standard error.

Gravity model implications Additionally, we can evaluate the validity of our model by examining its
gravity model implications. The standard gravity model implies a negative log-linear relationship between
trade and trade costs at the bilateral level, both internationally between countries (Head and Mayer,
2014) and domestically between cities within a country (Allen and Arkolakis, 2014; Fajgelbaum and
Schaal, 2020). Following previous literature, we compare the relationship between observed trade flows
and distance to the relationship between the predicted trade flows and distance, similarly conditioned on
origin and destination fixed effects as above. Figure 6b find similar strong negative correlations between
the two, strong negative correlations of 0.64 in the model and 0.72 in the data. We find significantly
negative relationships in linear regressions for both, with a negative coefficient of 0.61 in the model
and 0.93 in the data. The similarity between the predicted and observed relationships with distance
strengthens the validity of our model, suggesting that it provides reasonable approximations for the
distribution of trade flows.

Looking into specific transport modes, we find strong positive correlations of 0.81 and 0.56 between
the residualized observed and predicted trade flows for trucks and multiple modes respectively. Column
(2) of Table A.10 reports the regression outcome between the residualized observed and predicted trade
flows for the three transport modes, weighted by trade weight in tons. We find a significantly positive
relationship that is close to 1 for all three modes, with the rail coefficient slightly higher, suggesting that
observed rail flows exceed model predictions. This may be due to the CFS data capturing flows for all
commodities, while our model only predicts containerized flows. From our confidential waybill data,

containerized trade accounts for 43 percent of all rail car loads in 2012.

Trade distribution over distance Third, we assess our model predictions for the distribution of freight
across transport modes over distance by comparing them with observed data from the Department
of Transportation (Figure 1). Our model closely matches the initially low multimodal share at short
distances (below 100 miles), and captures its steady increase as distance grows, including its consistently
high shares above 70% for long distances above 1,000 miles. The model does predict a slightly earlier
shift towards multimodal use relative to the data in the intermediate distance range (100-999 miles).
Overall, our model exhibits a strong correlation of 0.97 between predicted and observed multimodal
freight shares over distance (Figure 7). Notably, our model achieves this fit using a single elasticity of

modal substitution parameter, without allowing substitution patterns to vary with distance.
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Figure 6. Model Fit: Predicted and Observed Trade Flows
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Notes: Figure 6a visualizes the comparison between observed bilateral origin to destination mode-specific trade flows with the mode-specific trade flows
predicted by the multimodal economic geography model based on observed traffic data along the transport network. The observed mode-specific trade flows
between metropolitan areas on the y-axis are obtained from the 2012 Commodity Flow Survey (CFS) data while the predicted mode-specific trade flows are
on the x-axis. Both the observed and predicted trade flow measures are in logs and residualized using origin and destination fixed effects. This allows for
the comparison to come from similarities at the origin-destination pair-level. Figure 6b visualizes the observed and predicted bilateral trade flows against
distance, all residualized using origin and destination fixed effects. In both panels, circle sizes indicate trade weight in tons.

Implied Modal Wedges. To summarize the gap between observed modal cost advantages and observed
modal adoption, we construct an implied modal adoption wedge from the estimated elasticity 7). For
each non-road mode m, the observed road-relative shipment ratio pins down the generalized-cost ratio
required by the model; comparing that revealed ratio with the calibrated per-TEU-mile cost ratio yields
a multiplicative wedge A,,, interpreted as the extra generalized friction that must be loaded onto mode
m for the model to match observed use. This object is informative because it is imputed from behavior
rather than observed directly: it summarizes the combined effect of transfer costs, schedule inflexibility;,
reliability concerns, coordination frictions, access limitations, and other non-line-haul barriers that can
prevent modal adoption even when engineering transport costs favor rail or water. At our baseline
7 = 1.099, the average local common-support wedge is 14.17 for rail, 30.98 for domestic water, and
28.30 for foreign water. Translating these into dollar-equivalent values at the benchmark haul distance
D = 537.3 miles yields an average-local rail equivalent of $5,585 per TEU, with an exact national
counterpart of $2,013. We therefore interpret A as a reduced-form revealed measure of modal adoption

frictions, rather than as a literal terminal fee or switching charge. Detailed derivations in A.9.

6 Network Improvements, Decompositions, and Policy Scenarios

In this section, we apply our framework to evaluate the economic and environmental impacts of targeted

infrastructure investments and policy-relevant scenarios, taking the multimodal nature of the U.S.
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Figure 7. Model Fit: Predicted and Observed Transport Mode Distribution over Distance
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Notes: This figure presents a comparison of observed shares of freight transported multimodally across various distances (in
meters), from the Department of Transportation (DoT), with model predicted multimodal shares.

domestic transport system into account.®> Our main application compares the welfare impact of investing
in different terminals across the U.S., improving the intermodal integration of the multimodal transport
network. Next, to illustrate the relative importance and contribution of the different channels in our
model, we conduct four decompositions using counterfactual improvements to the U.S. highway network
as a benchmark. Additionally, we quantify the welfare changes and environmental impacts of three
policy-relevant scenarios: (1) the impact of losing rail network access, motivated by the averted rail
strike in the fall of 2022, (2) the impact of repealing the Merchant Marine Act of 1920 (also known as
the Jones Act), which restricts ships transporting goods between U.S. ports to those owned, crewed, and

built by U.S. citizens, and (3) the impact of disruptions to the Panama Canal due to drought conditions.

6.1 Gains from Intermodal Terminal Improvements

While previous papers have focused on estimating the welfare effects of improving individual segments
of the U.S. road network or individual ports, less is known about the welfare impact of improving the
degree to which the U.S. multimodal transport network is interconnected. In order to evaluate this,
we will use the counterfactual equations of Proposition (1) to estimate the aggregate welfare impact
W = )2_%) of a small (1%) improvement to the switching cost, s;; ,,, at each of the 228 intermodal
nodes across the network, given the calibrated parameters and observed traffic on road, rail, waterways,
rail terminals, and ports.

Our results from these 228 counterfactual simulations are visualized in Figure 8 and the top 10

35We explicitly embrace a computational approach in this section, employing the ‘hat algebra’ developed in Section 5.1.
Alternatively, one could potentially derive sufficient statistics that characterize welfare elasticities in terms of traffic flows
as in Office of the State Auditor (2019) and in principle the recursive formulation of the equilibrium condition (Equation
(3.4)) might be a convenient aid in doing so as highlighted in our discussion in Subsection 3.17. However, the presence of
congestion elasticities on the primary mode and intermodal terminals makes this approach less desirable.
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Figure 8. Welfare Benefits of Improving Intermodal Terminals
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Notes: This figure visualizes the welfare impact of lowering the transshipment cost in each intermodal terminal node by 1 percent. The network includes
228 nodes in total, each corresponding to a separate counterfactual. The red circle size is proportional to the magnitude of welfare gains, with larger circles
indicating larger welfare effects. The blue lines indicate the graph representation of the primary road network. State boundaries are included. See Table 3
for details on the top 10 terminals by welfare impact and Table A.11 for the top 30.

terminals with the highest impact are listed in Table 3. For the welfare benefits, we convert the welfare
elasticity into a dollar amount using a compensating variation approach by calculating the necessary
increase, in millions of chained 2012 U.S. dollars, in annual U.S. real GDP (valued at $19 trillion) to
achieve the same welfare improvement that we estimate. Many of the most impactful terminals are
located in the center of the United States, including Chicago, Atlanta, and Kansas City, highlighting
the role of multimodal network transporting goods from coastal regions to the interior. Chicago, the
top-ranked terminal, plays a central role as an intermodal hub for the Midwest, as reflected in its highest
rail throughput (Table 3, Column (3)). Unsurprisingly, several of the high-ranking intermodal terminals
are also located in populous coastal cities like Los Angeles (which also includes Long Beach) and Houston,
which rank second and third respectively. Several locations, like Riverside CA and Harrisburg PA, do not
particularly large throughput flows, but their importance comes from their strategic positions within the
multimodal system, linking nearby major cities like Los Angeles and Philadelphia to the broader network
(Figure 8). The implied welfare benefit of lowering the switching costs in the most central nodes could
represent a welfare gain equivalent to increasing U.S. GDP between $463-3,851 million (in 2012 USD,
Table 3, Column (6)).

Our results are complementary to Brancaccio, Kalouptsidi and Papageorgiou (2024), which analyzes
U.S. port infrastructure in the context of dry bulk commodities like grain and coal and identified that

the East Coast and Gulf ports generate the highest welfare returns from increases in effective port
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Table. 3. Ranking: Welfare Benefits of Improving Intermodal Terminals

(1) CBSA Name (2) Population (3) Throughput (4) ROI (5) Benefit ($m) (6) Cost ($m)

1 Chicago 9368268 10368684 3.730 3851 814
2 Los Angeles 9639715 6836640 3.039 2168 537
3 Houston 3133212 630300 24.782 1086 42
4 Riverside 2173638 761760 10.999 942 79
5 Atlanta 1627623 1830840 4.643 811 144
6 Harrisburg 655561 793920 10.194 698 62
7 Jacksonville 936317 797880 17.252 689 38
8 Kansas City 1767872 1088760 5.335 510 81
9 Portland 1641801 424296 16.349 492 28
10 Detroit 2732964 557760 11.799 463 36

Notes: The table shows the ten terminals where a one percent reduction of the transshipment cost generates the highest benefit. Column (1) indicates
the core based statistical areas (CBSA) name of the node, which includes both metropolitan and micropolitan areas. The terminal’s population and rail
throughput in TEUs are reported in Columns (2) and (3) respectively. Column (4) shows the imputed return on investment (ROI), Column (5) calculates
how much 2012 U.S. GDP would need to increase in order to match the overall welfare gain, while Column (6) presents the required cost of making this one
percent cost decrease. For an extended version including the top 30 terminals see Table A.11.

capacity. Even though our focus is on containerized trade at intermodal terminals which includes both
ports and inland terminals, we similarly find large welfare gains from improvements at major ports
like Houston and Portland which handles large volumes of both container and dry bulk. Additionally,
we find significant welfare returns from investments in interior intermodal terminals, such as Chicago
and Atlanta. Our results are also complementary to AA2022 which identifies gains from highway link
improvements in short coastal segments linking densely populated areas (like Boston-Philadelphia and
Los Angeles-San Diego) and trade thoroughfares via Indiana. While our results also identify gains
for large cities like Los Angeles, our improvement gains are mostly in the central United States. This
distinction highlights the importance of multimodal transport network in facilitating long-distance trade
and linking coastal to interior regions (as indicated in Figure 1). These interior hub terminals are highly
central to the transportation system and represent potential bottlenecks in the multimodal network.
Additionally, we combine our welfare benefits with cost assessments in order to compute the return
on investment (ROI) for each of these terminal investments. To operationalize this, we utilize equation
(42) in AA2022 adapted for terminal operations to determine the amount of container volume required
to achieve a one percent reduction in switching cost at these terminals.>® Next, we calculate the number
of gantry cranes in container terminals required to achieve this higher container volume using industry
estimates. Since these terminals require land, each location will have a different construction cost based
on local property prices which we obtain from Albouy, Ehrlich and Shin (2018). Assuming a 20-year
depreciation schedule, a 5% annual maintenance cost, and a 3% borrowing cost per existing literature,

we estimate that 10% of the construction cost is accrued on an annual basis. We estimate high terminal

36This implies a (log) proportional relationship between number of terminals and switching costs, i.e. Sekm =

A —Am " o . . A,
terminals, . where $y , denotes the mode specific (log) change in the switching cost and terminalsyy, denotes
the necessary (log) change in terminal capacity.
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improvement costs for populous cities with higher land prices like Chicago and Los Angeles (Table 3,
Column (7)), translating into low ROIs for these locations (Table 3, Column (5)). On the other hand,
we estimate lower construction costs for locations with relatively cheaper land prices like Houston,
Jacksonville FL, and Portland OR which translates into high ROIs for these locations.

We further show that congestion plays an important role in determining the magnitudes of these
welfare effects. Specifically, the benefits from improvements without congestion are 3.9 times higher
at Chicago relative to improvements with congestion, 2.7 times for Los Angeles, 4.7 times for Atlanta,
and 3.1 times at Kansas City (Figure 9). The weighted average benefits are 2.7 times higher without
congestion compared to benefits with congestion (Figure A.6). Targeting infrastructure investments at
nodes that are likely bottlenecks is crucial since these bottlenecks tend to occur due to limited capacity
or a lack of alternative routes, both of which can hinder the transportation of goods. Both these factors
are particularly pertinent for intermodal terminals, suggesting that alleviating congestion at terminals
can yield large positive returns for the overall performance of the multimodal network.

In order to calculate the environmental impact from this counterfactual, we obtain data on transport
mode-specific greenhouse gas (GHG) emissions from EPA (2022a). For each counterfactual improvement
of the intermodal terminals, we calculate the change in mode-specific traffic flows using Equation (5.3)
and multiply this change with the mode-specific GHG emissions in order to determine the change in GHG
emissions.?” We employ EPA (2022b)’s estimates when calculating the social cost of GHG emissions.

Table 4 reports the environmental impacts of the intermodal terminal improvements. For all terminals,
this decrease in the cost of accessing multimodal transport raises the relative cost of using truck transport
which decreases road traffic flows, resulting in a decrease in GHG emissions from trucks—highlighting
the modal substitution effect (Table 4, Column (4)). Since the switching cost of intermodal terminals
have decreased, rail traffic flows will increase in response which increases GHG emissions for rail (Table
4, Column (5)). However, since rail is much less polluting than road, the overall GHG emission change is
net decrease for all the terminals. The implied welfare benefit of lowering the switching costs in some
of the most central nodes could result in an unintended environmental benefit, equivalent to between
$17-214 million (Table 4, Column (6)). Our findings are align with the objectives of the inter-agency
U.S. National Blueprint for Transportation Decarbonatization, which prioritizes improving multimodal
freight transport, and the European Green Deal, which aims to shift 75% of inland freight from road to
rail and inland waterways (DOE, DOT, EPA, and HUD, 2024; European Commission, 2021).

37The aggregate growth from these improvements outweighs the partial equilibrium effect from mode-specific traffic
changes and leads to a global increase in greenhouse gas emissions. In order to isolate the partial equilibrium effect, we keep
overall (GHG weighted) traffic constant.
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Figure 9. Welfare Benefits of Improving Intermodal Terminals: with and without Congestion
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Notes: This figure presents a comparison of the welfare impacts for the top 20 most impactful terminals with and without congestion effects. See Figure A.6
for a scatterplot comparing both effects for all terminals.

Table. 4. Ranking: Environmental Impact of Intermodal Terminal Improvements

(1) CBSA Name (2) Benefit ($m) (3) Cost ($m) (4) Truck GHG (kt) (5) Rail GHG (kt) (6) GHG Benefit ($m)

1 Chicago 3851 814 78.97 151.25 214.29
2 Los Angeles 2168 537 20.42 67.98 98.21
3 Houston 1086 42 0.52 35.35 52.78
4 Riverside 942 79 25.64 38.83 54.05
5 Atlanta 811 144 58.66 30.99 38.00
6 Harrisburg 698 62 11.84 38.47 55.46
7 Jacksonville 689 38 22.83 30.71 43.01
8 Kansas City 510 81 11.26 14.97 21.01
9 Portland 492 28 6.64 14.44 20.67
10 Detroit 463 36 9.63 12.43 17.29

Notes: The table shows the environmental impact from the ten terminals where a one percent reduction of the transshipment cost generates the highest
benefit. Column (1) indicates the core based statistical areas (CBSA) name of the node, which includes both metropolitan and micropolitan areas. Column
(2) calculates how much 2012 U.S. GDP would need to increase in order to match the overall welfare gain (reproduced from Table 3 Column (6)), while
Column (3) presents the required cost of making this one percent cost decrease (reproduced from Table 3 Column (7)). Columns (4) and (5) report changes
in truck and rail GHG emissions respectively, which comes from the corresponding changes in their traffic flows and is measured in kilotons (kt). Column
(6) then presents the resulting net social cost or benefit associated with these mode-specific GHG emission changes. Waterway emissions are included in
Column (6) but omitted here for brevity.

6.2 Channel Decomposition Using Highway System Improvements

Our framework incorporates four main ingredients: (1) road and terminal congestion, (2) productivity
and amenity spillovers, (3) multiple transport modes, and (4) endogenous routing. Guided by the
theoretical discussion in Section 3.6, we decompose our results to quantify the contribution of each
channel to welfare in counterfactual improvements of the U.S. highway improvement network.
Specifically, we quantify the welfare gains of reducing the transport cost by 1% on each link within
the U.S. Highway System in both directions. The highway system consists of 704 highway links in total,

each corresponding to a separate counterfactual. We begin by presenting our full multimodal results.
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Figure 10 maps the welfare gains associated with this cost reduction across individual road links. The
largest gains arise on links connecting densely populated and economically integrated regions, including
corridors such as San Diego-Los Angeles, New York-Philadelphia, and major Midwestern connections
such as Chicago—-Rockford and Chicago-Indianapolis, as well as key routes in the southern U.S. like
Durham-Chapel Hill-Raleigh. Across all links, the GDP-weighted average welfare gain, where each link is
weighted by the GDP of its origin and destination nodes, is equivalent to approximately $87.7 million (in
2012 USD). Among the top 100 links, the corresponding weighted average gain rises to $137.8 million.

Figure 11 presents the decomposition by comparing the full multimodal framework (red line) to a
specification that shuts down one of the four channels. For each specification, we run 704 counterfactuals—
one for each highway link. In the scatterplot, each highway link is a dot with its welfare change plotted
against the link’s traffic share of GDP, which serves an indicator of its economic significance. As expected,
there is a general positive relationship between a link’s economic importance and its welfare gains from
improvements. However, relative to the full model, shutting down individual channels alters both the
slope of this relationship and the relative ranking of links. We now examine each comparison in turn.

First, shutting down road and terminal congestion in Figure 11a leads to substantially larger average
welfare effects, increasing the weighted mean by 85.1%. The links with the highest welfare gains
and traffic share, San Diego-Los Angeles, sees welfare increases 23-40% (depending on the direction)
showing that congestion is binding for these routes. Other links in the Los Angeles area, like Los
Angeles—Riverside, rise even more in rankings, with welfare gains of 62-95%, indicating that this region
is particularly affected by congestion. In contrast, less-congested links experience relative declines in
ranking. The difference between the full model and the no-congestion specification tends to increase with
the road link’s traffic share of GDP, indicating that economically important routes experience higher levels
of congestion and would therefore benefit even more from infrastructure improvements if congestion
were absent.®® These quantitative findings mirror our discussion of congestion wedges in Section 3.6 and
their tendency to attenuate the welfare effects of transportation improvements.

Second, we compare our results against a local social-savings style approximation (Hulten, 1978),
where welfare gains are approximately proportional to a link’s traffic and which shuts down agglomeration
and dispersion externalities (productivity and amenity effects, see discussion in Section 3.6). The blue
line in Figure 11b closely follows the 45-degree line through the origin, reproducing the traditional
social-savings intuition that “busy roads are valuable roads." However, since our calibration implies that
agglomeration and dispersion externalities are net dispersive, the relative benefit of improving road links
that are economically important declines. As a result, the traditional approach overestimates average
welfare effects by 57%. For example, the Washington DC-Baltimore and Chicago-Milwaukee links are

ranked much higher under the traditional approach, with estimated gains exceeding 95% and 80%

38Shutting down terminal congestion raises estimated welfare gains by an average of 12% (Figure A.8), highlighting links
connected to major intermodal terminals. We quantify large effects for links like Los Angeles-Riverside and Chicago-Milwaukee,
which see welfare increases of 40.1-46.3% and 16.8-39.5% respectively.
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Figure 10. Welfare Benefits of Improving Road Links
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Notes: This figure visualizes the welfare impact of lowering the transport cost in on each U.S. highway road link by 1 percent. The highway system consists

of 704 links in total, each corresponding to a separate counterfactual. The color scale on the right indicates the welfare gain size: the lighter the color, the
larger the welfare gains. The lines indicate the graph representation of the primary road network. State boundaries are included.

respectively relative to the full model.

Third, we examine how including multiple modes of transport changes the welfare returns to road
improvements. Removing multimodal flexibility effectively collapses the network to a single mode, roads,
and leads to lower average welfare effects by 22.2% compared to the full model. Road improvements can
generate both modal substitution (shifting traffic from rail/barges to road) and modal complementarity
(increasing overall market access via better connectivity). In our results, the complementarity channel
dominates, so a unimodal framework underestimate the welfare gains because it does not take into
account market access benefits and spillovers onto other modes, particularly for central links in the
multimodal network. For example, welfare gains for Chicago-Indianapolis, San Diego-Los Angeles,
and New York-Philadelphia are 58.9%, 43.1%, and 74% lower, respectively, in the unimodal scenario
compared with the full model. This is consistent with our previous results from Section 6.1 showing
that improving the intermodal terminals in these locations generate the highest welfare impacts (Figure
8). Additionally, these quantitative findings reinforce our discussion of mode reallocation wedges in
Section 3.6: allowing multiple modes creates net modal complementarity which reinforce the value of the
improved road links through expanded access and spillovers.

Finally, we implement a version of the model that determines welfare gains, but keeping route
structure as fixed thus determining the additional benefit from modeling the additional flexible adjustment

of traffic as infrastructure improves.*” Eliminating endogenous routing changes the spatial distribution

395ee Appendix A.13 for detailed derivations.
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Figure 11. Decomposition of Main Channels: Welfare Benefits of Improving Road Links
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Notes: This figure reports the welfare effects of a 1% reduction in transport costs on each link of the U.S. highway system
and decomposes the main mechanisms in the model. The highway system consists of 704 links in total, each corresponding
to a separate counterfactual. Each model specification evaluates the same set of 704 link-level counterfactuals. The red
line in each panel represents the full multimodal model, which includes road and terminal congestion, productivity and
amenity spillovers (Hulten effects), multiple transport modes, and endogenous routing. Each panel compares the full model
to a specification that shuts down one channel: congestion (Figure 11a), externalities (Figure 11b), multimodal flexibility
(unimodal road-only network, Figure 11c), or endogenous routing (Figure 11d). The legend in each panel reports the
weighted average welfare effect for each specification, with weights given by the GDP of origin and destination nodes of each
link). The percentage in parentheses indicates the difference relative to the full multimodal model. For example, abstracting
from congestion increases the average estimated welfare gain by 85.1% relative to the full model (Figure 11a). Figure A.7
presents all decomposition results jointly in a single figure.

of benefits between links that are central to the routing network and those that are less central (Figure
11d). Links that are central to the network, meaning ones used by many other routes, experience larger
welfare gains under the full model because traffic can increase in response to improvements on these
links. Under fixed (exogenous) routing, these links cannot attract additional traffic, so their estimated
welfare gains are substantially smaller, 35-43% lower for San Diego-Los Angeles and roughly 35-37%
lower for Chicago—Rockford and Chicago-Indianapolis. Conversely, links connecting urban centers such
as New York-Philadelphia experience even larger welfare gains under fixed routing since traffic cannot

adjust. Overall, fixing routes underestimates the average welfare effects by 22.8% relative to the full
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model. This underestimate is similar in magnitude to the underestimate from ignoring multimodal
flexibility, suggesting that most rerouting responses to highway improvements take place across modes
rather than within modes. These results are aligned with our discussion of route reallocation wedges in
Section 3.6, showing that endogenous rerouting amplifies welfare gains for centrally positioned links.
Our estimates are complementary to and build upon existing literature. AA2022 shows that ignoring
road traffic congestion overstates welfare gains from infrastructure improvements, particularly on busy
segments. We find that this is the case in our setting as well, with the additional compounding role of
terminal congestion. Fan, Lu and Luo (2019) documents that ignoring rerouting and the substitution
between expressways and regular roads in China can underestimate welfare loss from the removal of
expressways by 21%-46%. In the U.S. context and and across three transport modes (highways, rail,
and barges), we separately quantify these two channels and find similarly large biases (underestimate
of 22.2% without modal substitution and underestimate of 22.5% without endogenous routing).*’
Consistent with this, Foellmi, Hepenstrick and Torun (2024) also shows that standard approaches with
fixed routing underestimate welfare gains from trade cost reductions relative to models that allow for
rerouting consistent with the triangle inequality.*' Using a sufficient statistics approach, Allen, Fuchs
and Wong (2025) shows that traditional approaches overestimate welfare gains from road improvements
without accounting for externalities and traffic congestion. This is consistent with our finding where
we separately quantify the overestimate for each of these channels (overestimate of 85.1% without

congestion and overestimate of 57% without externalities).

6.3 Value of the Multimodal System: Impact from Losing Rail Network Access

In the fall of 2022, a nationwide rail strike that would have shut down the U.S. rail system was narrowly
averted following intervention by U.S. President Biden (Kanno-Youngs and Cochrane, 2022). In order to
evaluate the impact of losing access to the multimodal rail network, we estimate the aggregate welfare
impact of increasing the cost on all rail links to prohibitively high levels (twenty-fold). The first row in
Table 5 shows that the welfare cost of losing the multimodal rail network is equivalent to decreasing
U.S. GDP by about $230 billion (in 2012 USD). While existing literature have quantified the importance
of the road and highway transport network, the value of the rail network has received less attention
except in historical analyses. Our estimate of the value of the contemporary rail network for container
freight is roughly half the value of the U.S. highway system as estimated by Jaworski, Kitchens and Nigai

(2023), and about 1.8 times the historic inflation-adjusted value of railroads to agricultural land value

“OTn a historical context, Donaldson and Hornbeck (2016) estimates that removing U.S. railroads would reduce agricultural
land values in 1890 by 60.2%. Modal substitution through an expanded canal network and improved country roads would
offset roughly 34% of these losses. Our modal substitution decomposition results are broadly consistent with these findings,
although our focus is specifically on containerized freight.

#IFoellmi, Hepenstrick and Torun (2024) develops a trade cost estimation procedure across countries that allows for
rerouting which satisfies the triangle inequality.
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as estimated by Donaldson and Hornbeck (2016).

How much does congestion affect these results? We next estimate the same increase in rail link costs,
but reducing the congestion at intermodal terminals to zero (A,, = 0). We find a very small increase in
the negative welfare impact of 2.6%, which is expected since the terminal congestion effects are not
binding due to prohibitively high cost of rail—there is very little traffic flows on the rail network. The
small increase is likely due to intermodal terminals that are also ports. However, once all congestion
effects are removed, the negative impact grows by an additional 18%, equivalent to decreasing U.S. GDP
by about $279 billion in 2012 USD, first row of Table 5, Column (4)). Consistent with our terminal
improvement counterfactuals, congestion has a compounding effect on welfare (Figures 9 and A.6).

Next, we evaluate the environmental consequences of the rail strike. Under this scenario, cargo
that would typically move by rail is diverted onto the road network, leading to a large increase in truck
GHG emissions of more than 38,000 kt (first row of Table 6, Column (2)). Although rail GHG emissions
decline due to the absence of rail transport (first row, Column (3)), trucks are far more polluting per
ton-mile. The resulting net social cost from these emission changes is $11.9 billion, on top of the initial
welfare loss of $230 billion (first row of Table 6, Columns (4) and (5)). Overall, the negative welfare
impact of losing access to the multimodal rail network is compounded by the additional environmental

damage from the modal substitution towards truck transport.

6.4 Removal of Jones Act: U.S.-Owned, -Built, and -Crewed Shipping Requirement

Next, we quantify the consequences of repealing the Jones Act, the Merchant Marine Act of 1920. This is
an active U.S. trade regulation which requires all ships transporting freight and passengers between U.S.
ports to be built in the U.S., owned by U.S. citizens, and mostly crewed by U.S. citizen. Jones Act ships

).*? We evaluate the

on average cost 2.7 times to operate than foreign-flag equivalents (MARAD, 2011
repeal of the Jones Act by decreasing the link cost of waterways by the MARAD (2011) estimate. The
second row in Table 5 shows that the welfare gain of repealing the Jones Act and allowing foreign ships
to transport cargo between U.S. ports is equivalent to increasing U.S. GDP by about $3.2 billion (in 2012
USD). Our estimate lies towards the lower end of the range of previous federal government estimates:
$2.8 billion (USITC, 1995) to $9.8 billion (USITC, 1991). One reason is scope: we evaluate only the
continental United States. The Jones Act repeal will have much larger benefits for Hawaii, Alaska, and
Puerto Rico since these locations rely a lot more on maritime transport and have limited substitutes to
other modes. Another potential reason is that our estimates reflect the U.S. multimodal network today,
which has had more than a century—since the Jones Act’s passage in 1920—to adjust away from costly

coastal shipping. Dense rail and road networks run up and down the U.S. coastlines in present day

42 Olney (2020) studies the economic costs of the Jones Act and shows that U.S. container ships cost 5 times more to build
than foreign ships. Using United Kingdom shipbuilding as an instrument, this paper finds that the Jones Act disproportionately
restricts domestic U.S. water trade especially in coastal states.
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Table. 5. Welfare Impact of Policy Scenarios: The Role of Congestion

(1) Scenario (2) Full Welfare ($bn) (3) No Terminal Cong. ($bn) (4) No Cong. ($bn)
Value of the Multimodal System -230.46 -236.40 -278.94
Removal of the Jones Act 3.15 11.73 16.16
Panama Canal Disruptions -2.67 -7.64 -10.29

Notes: The table reports the welfare impact of three policy scenarios. The first row quantifies the loss of rail network access, motivated by the averted U.S.
rail strike in fall 2022. The second row quantifies the repeal of the Merchant Marine Act of 1920 (Jones Act), which restricts domestic maritime shipping to
vessels that are U.S.-owned, -built, and -crewed. The third row quantifies disruptions to the Panama Canal due to drought conditions. Column (1) labels
each scenario. Column (2) reports how much 2012 U.S. GDP would need to change in order to match the welfare change in the scenario. Column (3)
reports the same calculation assuming no congestion at intermodal terminals while Column (4) reports the same calculation assuming no congestion at both
intermodal terminals and roads.

Table. 6. Environmental Impact of Policy Scenarios

(1) Scenario (2) Truck GHG Change (kt) (3) Rail GHG Change (kt) (4) GHG Benefit ($bn)  (5) Benefit ($bn)
1 Railroad Strike 38947 -5171 -11.88 -230.46
2 Removal of the Jones Act -589 -47 0.19 3.15
3 Panama Canal 1524 111 -0.45 -2.67

Notes: The table reports the environmental impact of three policy scenarios. The first row quantifies the loss of rail network access, motivated by the
averted U.S. rail strike in fall 2022. The second row quantifies the repeal of the Merchant Marine Act of 1920 (Jones Act), which restricts domestic maritime
shipping to vessels that are U.S.-owned, -built, and -crewed. The third row quantifies disruptions to the Panama Canal due to drought conditions. Column
(1) labels each scenario. Columns (2) and (3) report changes in truck and rail GHG emissions respectively, which comes from the corresponding changes in
their traffic flows and is measured in kilotons (kt). Column (4) then presents the resulting net social cost or benefit associated with the mode-specific GHG
emission changes. Column (5) calculates how much 2012 U.S. GDP would need to change in order to match the overall welfare change from each scenario
(reproduced from Table 5 Column (2)). Waterway emission changes are included in Column (4) but omitted here for brevity.

(Figure 3). Had waterborne transport been less expensive, these networks might well have been built
further inland instead.

In this scenario, the congestion effects of intermodal terminals play a much larger role in informing
the welfare estimates. Without intermodal terminal congestion, the welfare benefits from repealing the
Jones Act increase by 272% (second row in Table 5 Column (3)). This is due to the gains from being
able to increase waterway transport use once it is cheaper. Without all congestion (road and terminals),
the welfare gains from the repeal increase by more than 4 times (second row in Table 5 Column (4)).

Additionally, the repeal of the Jones Act decreases emissions overall. This is because cargo would
substitute towards using waterways due to the lower cost, and so both road and rail traffic would decrease
as a result (second row of Table 6, Columns (2) and (3)). Since barge emissions are much lower, this

results in a GHG benefit increase of 0.2 billion dollars (second row of Table 6, Column (4)).

6.5 Panama Canal Disruptions: Impact of Drought Conditions

Our third scenario studies the impact of the drought conditions in the Panama Canal, which decreases
the number of ships that can access it (Rojanasakul, 2024). To trace out the importance of the Panama
Canal and how it interacts with the U.S. multimodal transportation system, we include in our calibration
a (coarse) notion of routed imports at the port-level. Specifically, we include linkages from ports to

foreign destinations and calibrate the importance of these linkages with port-destination specific trade
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flows.*® To simulate the impact of the Panama Canal, we assume that routes that typically require usage
of the Panama Canal (e.g. Asia to ports on the East Coast) are affected by transport cost increase. We
evaluate this disruption by increasing the cost of accessing the canal by five times.

The third row in Table 5 shows that the welfare cost of disruptions at the Panama Canal is equivalent
to decreasing U.S. GDP by about $2.7 billion (in 2012 USD). To the best of our knowledge, this is the first
estimate of this disruption allowing for modal and route substitution, including at ports. Here, removing
congestion again compounds these effects. Without terminal congestion, the effects increase by more
than 186%. This large increase is driven by the modal substitution from water to rail and road, and
the intermodal terminals playing a crucial role in facilitating this transfer. Without terminal and road
congestion, the increase is a further 35 percent. The modal substitution due to the canal disruptions in
turn increases the use of both truck and rail which increases GHG emissions on both modes (third row of
Table 6). This results in an overall decrease in the GHG benefit of 0.5 billion dollars (third row of Table
6, Column (4)).

7 Conclusion

Freight transportation is fundamentally multimodal, yet most quantitative analyses of transport infras-
tructure still abstract from either transport mode choice, intermodal bottlenecks, or both. In this paper,
we develop a tractable spatial equilibrium framework that embeds recursive route choice, nested mode
choice, and mode-specific congestion into a unified model of the freight network. We then bring this
framework to the data by estimating an elasticity of modal substitution between rail and truck and a
congestion elasticity at intermodal terminals using vessel-positioning data. This combination of theory,
estimation, and calibration allows us to evaluate infrastructure improvements and disruptions in a way
that is both economically disciplined and operationally realistic.

Our results show that the multimodal structure of the transport system matters quantitatively for
both welfare and emissions. Improvements at intermodal terminals generate large gains, especially at
centrally located hubs such as Chicago, Atlanta, and Kansas City, because these nodes connect coastal
gateways to the interior and mediate substitution across road, rail, and waterways. At the same time,
the paper shows that congestion substantially attenuates the gains from infrastructure improvements:
abstracting from congestion leads to sizable overstatements of the welfare effects of highway investments,
while abstracting from multimodal flexibility or endogenous rerouting leads to understatements. More
broadly, the decomposition makes clear that the value of a local improvement depends not only on the
traffic it directly carries, but also on how that improvement reorganizes traffic across the rest of the

network and on whether those induced adjustments run into scarcity at roads or terminals.

“3We collect data of destination specific imports from the Census Bureau and aggregate across five major regions: Central
America, Africa, Asia, Australia and Oceania, Europe, North America (excl U.S.A), South/Central America.
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Our policy counterfactuals highlight the same message from a different angle. The multimodal rail
network is valuable: shutting it down generates welfare losses on the order of $ 230 billion in GDP-
equivalent terms, with additional environmental costs as freight shifts toward road transport. Conversely,
reducing barriers to waterborne domestic transport through repeal of the Jones Act raises welfare, while
the Panama Canal disruptions impose meaningful losses that are amplified by congestion at the terminal
nodes needed to absorb diverted traffic. Taken together, these results imply that the economic cost of
disruptions depend on the extent of substitution into other modes, the capacity of intermodal terminals
to accommodate that substitution, and the broader equilibrium effects on market access across space.

The broader implication is that intermodal terminals should be viewed as core infrastructure in their
own right. They are not merely transfer points between networks. Instead, they are locations where
the efficiency, resilience, and environmental performance of the freight system are jointly determined.
This makes them natural targets for transport infrastructure policy, especially in an environment where
geopolitical risk, climate-related disruptions, and decarbonization goals are becoming increasingly
salient. By showing how multimodal substitution, congestion, and the network structure interact, our
framework provides a way to rank such investments and to quantify the trade-offs between efficiency,
robustness, and emissions reduction. Future work could extend this framework to incorporate additional
margins, such as inventories, market power, scheduling and reliability, or international supply-chain
propagation. The key insight remains: the welfare effects of transport infrastructure investments depend

on the multimodal network through which goods actually move.
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A Theoretical Derivations

Table. A.1. Overview of notation

This appendix presents derivations for the theory section. Table A.1 lists the notations that are used in the theory framework.

Object Notation
Multi-layered graph Y=(N,%)
Successor nodes AB(i)
Predecessor nodes Z (i)
Neighboring nodes N (i)

Route of length K r={i=rg,ry,...,Tx =Jj}
Elasticity of substitution across goods o

Route dispersion parameter 0

Mode dispersion parameter n

Expected minimal transport cost between i and j Ty

Expected minimal edge-specific transport cost between i and k  t;;
Mode-specific transport cost between i and k for mode m Eikm

Link intensity ﬂi.(].l
Link-sourcing probability Tijk

Link choice probability conditional on sourcing from i to j 7'55.‘1.

Mode choice probability conditional on link ik ﬂ?;,k
Mode-link-sourcing probability T kom

A.1 Derivations for Section 3.2: Recursive Routing Choice

A consumer resides in location j and makes a route-sourcing choice comparing prices across all producer locations i and
transportation costs across multiple routes r. We make the assumption that transport cost are multiplicative and that they are
;er) = (l_[le tr_fi ,rz)' Finally, we assume that
the consumer makes a recursive route-sourcing choice, beginning at the destination location j by comparing the sourcing
prices across the set of (predecessor) neighboring nodes k € 2 (j) net of the transport cost of traversing via the set of
(predecessor) neighboring nodes, t;;. For now - without loss of generality - we simply assume that the consumer faces a
routing problem along a single-layered graph. As such, the edge-specific transport cost t;; can be interpreted as the expected
minimum link cost of traversing to the neighboring node along a multimodal transport network. In summary, the consumer
at location j faces the following set of (recursively defined) prices:

furthermore the product of edge-specific transport costsalong the route r, i.e. T

Ly TikWi

pij(v) =
Lk &ijk(v)

where &;; () is a random variable drawn from a Frechet distribution with cumulative distribution given by,

Fy(e) = ¢ e

The consumer in location j is presented with a set of route-source specific prices across producer locations i and chooses

A2



a route by traversing towards neighboring node k, i.e.
L TikWi
Gij(p) =Pr (Pijk <p)=1 —Fiji (—p )

—0;i 9.
=1—¢" ijk(fkjfikwi) 'p7

We can use this distribution to characterize the lowest route-source specific price that consumer in location j faces. To
do so, fix an arbitrary threshold price p. The lowest price will be less than p, unless each route-source specific price is greater
than p. We therefore seek to characterize, G;x(p) = Pr (Pl- ik < p), which is given by,

G(P)—l—l_[(l Uk(P)

=1-— l_[ eiT"fk(tijikWi) % p
ik

=1—¢ 0"

where &; = > T ik (tkjrikwi)iej . If p;j () = p then the probability that ijk is the cost minimizing route-source choice is
given by,
Pr[Purm_p]Z l_[ |:1_Gl/]k/:|
i'#i,k' £k i'#i,k' £k

e_Tijk(tijikWi)ielpe"
15 £k
RN

Integrating over all possible equilibrium prices p we can characterize the probability that node k and producer location i
are the cost minimizing route-source choices:

Ttij,k:f l_[ [1— Gy ]dGiji(p)
0

i'#i1,k'#k

oo
.
B J l—[ e Tviw (twymiewi) JPQ)dGijk(P)
0 ir#ik/#k
6; 0;—1|,-T; -k(tk-T--W )_ejpef :
Replacing with dG;j(p) = [ ik (thT w; ) ip” ]e RANE AL N dp, we obtain,
oo o
Tijk = J l_[ ¢~ Tviw (twymgw) 7 p dGiji(p)

0 i'#i,k'#k

oo
T, o w ) Uipd —0; 11 =T trmw: Y % p0%
:f l_[ e~ Tow (tyzrwe) o0 [Tijk (tijTiwi) " 6;p% l]e To(temmi) 7% dp
0 i'#i,k'#k

=Ty (tk]fr w;) ij l_[e_Tijk(fjkTﬁWf)isjPej [ijei_l]dp
0

ik

= Tijie (tajij )_ej f e Tl w) " )e" [6;p% " ]dp

= Tl]k tk]

o)
—0; —
= Tl]k tk] ! f 5P y 0 1:|dp

i 74))1-7 /
@,

Tiji (145 ) ‘

?;
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. . —0; .
Replacing with ¢; = Dk Tijx (tkj'rijwi) ', we obtain,

Tiji (tijijWi)_ej

ik Tiji (tijijWi)_ej

Tijk =

9.
replacing T;j, = ( Al) " we obtain,

-6

(w;/A)™® (fijik)
"y 0,
Sien Wi/AY O Yo (teyTae)

as stated above. Furthermore, the expected minimal price is given by,

tkATAkWA
pijk:E[min {—J l lH
’ keZ (i) €l],k(v)

OCZ(Wi/Ai)_Gj Z (tk’jTik’)_ej

Tijk =

ieN k'e B(i)
—9. _—6;
=Z(W1/Al) ]Tijj
iEN

where in the last line we have used the result that if we consider separately the routing problem this implies an expected
transport cost that is in itself recursively defined (see Equation (3.1), Section 3.2),

1
o
ik Tkj -5, | ’
7..=FE| min o< E tTri)
i [keg(i){ £j (tawy)

ke RB(i)

which expressed the transport cost as an index of the continuation values along the different edges of the graph.

A.2 Derivations for Section 3.3: Combined Routing and Sourcing Choice, and
Gravity

We follow the derivations for the general equilibrium gravity equation in Anderson and van Wincoop (2003) to derive a
gravity formula, but allowing for generalized substitution patterns. Let us start by examining the expenditure shares, which
are given by,
—0; _—b; —0; _—b;
o, 't ; 3 0, 't j
-6 _—0; 6;

ien8; T j P;
where we have posited the existence of §; which is a generic origin-shifting gravity constant that is to be solved for. Combining
this sourcing share expression to express bilateral trade flows, we obtain,

—9.
iTii\
j

where we define the price index, allowing for node-specific substitution elasticities 6;, i.e.

1

T

-6, —0; J
A

iEN
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We now impose market clearing to derive the expression for the gravity constant, i.e.
Y= ZXij
J
0.
=2 Y
7\ P

= (574> Pl Oy,

)

J
—0, AG; 0, —0;
:(51) 01251‘ Jpjl,rijjy'j
J

where we defined the difference between the substitution parameters between nodes i and j as A8; = 6; — 6;. Solving for &;,

_1
6;
Y.
5i = L

560 (%),

Plugging 6; back into the gravity equation, we obtain

575\ " _o. [ Tij 4
Xij:( P, Y, =(6;)"" 7 Y;
j j

Il
—
[o7]
>
2
e~ =
N
&
i-<
2|
~
o8
N———
S
<

o>

g
S
2|

0; 0
9 97}1’ 6; _61'9%
BJ 97‘
_| (=5)”
- w _1 g
) [z )] e
j i P; v j
0; 0;
371 % o; _919%
i e
_ YiY; (TU)}
- w 9
y 7
) \mp;

AS



where the producer index is given by,

|

0.
o [ Tii\ Y
IT; = 5. ’(—) —
Z i P; yw

We can substitute in the equilibrium scaled prices to get,

P = [Z(‘Si)_ej (Tij)_ej} |

|
)

Il
N
- D>
=
N
—h‘ ~h.<
—
RS
=
N——
|
—~
=
—.
—
S

Il
g
(7]
>
.\QJ
/N <
S| Y=
|
NCD
~—
2
—~
1‘1
Z
|
‘NCD
S

In conclusion we have the following producer and consumer price indices respectively,

—p, -5
_ a6 [ Tij ) .
m=(>5" (;) Y
j j
1
G 1 %
_ =0 (Yi\%
P=|2 (ﬁ)
i 1
and we obtain the following gravity equation,
/]
5
—0; Yi 5]
Xij=7y —0, | X =%
I1, Pj

where §; =Y; and y;

(A.1)

—w represent the gravity constants, P; is the consumer price index or inward market access term, and

I1; is the producer price index or outward market access term.! For symmetric substitution parameters (if 0; = 6; = 0), both

the gravity formula and price indices collapse to their traditional form.

o=

0.—0. - \—0; o
IProducer price index is IT; = (Z, 55 i—=6;) (%) J }’j) i
J

A6

while consumer price index is P; = [Z



A.3 Derivations for Section 3.3: Combined Routing and Sourcing Choice, and
Recursive Equilibrium

This section provides additional derivations for the equilibrium equations.
In terms of market clearing and trade balance we have the following two equilibrium conditions,

Y= ZX ij
J
j
Starting with the first equilibrium condition we can derive the first part of Equation (3.4):

Yi ZZXU
J

j j
o, 5 6;
A Y
i J
Pi J# Pj
-6, _ -6 5i —0. —0; Ay -1 5]
" =7 — +Z( Z tikJTij) J(Y)g e
P A \kem P,
-6, _ -0, 0i —0, 6, ). A, 0;
I, =1, TQ+Z(Z tikJTij) J(Y)e 7
P T \kez ) 2
-6, _ _—6 5; -0 —6, b A0y —6; A ] 51’
I =1 5 T Z e | =" o +Ztik]/rkjlni (r)® -0,
P kez P; j P,
oo = Z —0; 1 Z -6 0i Z A6; 05 A g 5;
;= O 4 (tikTri) + t —Ty _—9.-+ A ty Ty 1L (r))® _P_Gf
ke (i) i ke (i) b; j j
()2 3 S oot
i Lt B T Ty o0
P kez j ;
10 — 0 0; Z —6, {1
i Tl gt G e
Pi keZ (i)

G

Y
9

. . X A 05 —6 ~ 0. AO; A ; 971_1 —0; o; . .
where in the second line we defined, IT, ¥ =11, *  and whereIl, ™ = ity T (y;)® Ty o is the approximate
P,
J

<

price index that controls for differences in elasticities of substitution between neighboring nodes. And where in the fourth line
we have used the fact that at the penultimate node the set of predecessor nodes of k (%(k)) coincides with set of successor
nodes of i (Z(i)). And finally, where in the last line we used the definition of the recursive transport cost (Equation (3.1)),

_ B s
T’ = (tiie + Dkez ) (tikfkj) )

Continuing with the second equilibrium condition we can derive the second part of Equation (3.4),
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&

o
|

0 _ 6 Vi E :Tjef i
j T
j i#j i

0;

—ej_ —e YJ ej Yi
b= T2 2 T Tt -

j i#j \keA(j) i
9
Y Y i
791- _ —; ] J i
P =1 H— =R B 5,
keB(j) Hi

0 -0, Vj -0, Vi
Pj i + Z (t ka]) + Z t —TijTJGJ-i-ZTik] _19.

keA() ,- keA()) II

Pj—ej:(—e) f; +Z k} Z &ej %

ke B(j) i 11,

-6 -6, Vi -6, —6
p =t L 4 E t'p

JJ —0; kj “k
;7 kes(h)

. . .. . . _ _ -6
where in the last line we used the definition of the recursive transport cost (Equation (3.1)), T ; ie = (t ; ie + Zke Z() (tik Tk j) )

Therefore we have,
79 j
P; —t D, £ P

Hj ke#())

mt () 2 3 S oot 2

j =0
i keZ (i) Pj !

Notice that for the case where we have 6; = 6;, this reduces to,

0; 5;
2L 0 % | _ (-0 0L —0 -0
=(t;° o= +kZ ZTkJP =(t; )P_ + 011
e (i) j i keZ (i)
0 Vi —0
Pl =g+ > e
J ke A(j)

We can further express the price indices in terms of equilibrium labor and income allocations across space. We assume welfare
equalization, W; = 7 u;, and assume localized productivity (A;) and amenity spillovers (u;) that depend on the density

of workers in a locahty, A= AiLf‘ and u; = ﬁiLl(j, where A, is the exogenous productivity component at location i and a
determines the extent to which productivity is affected by the local population L; (productivity spillovers), and where #;
is the exogenous utility derived from living in location i and 3 governs the extent to which amenities are affected by the
location population (amenity spillovers). We rewrite the producer and consumer price index respectively,
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wil;
w
P =YLl 'w
_o+1
Hi =A1L1Yl 0 —
0+1

Hl‘ =AiL;1+1Yi_T

0;+1

1- ;61 _ A 7l+ay
Wu]LJ Y; and Hi _AiLi Yl
{Al-, ﬁi} as well as the aggregate transport costs, the system of 2N equations can be solved for the 2N endogenous equilibrium
values. The equilibrium system determines the endogenous variables via the interaction of price indices along the network

topology, where transport cost is endogenously determined as part of the equilibrium system.

As a result, we have P; = .2 Specifically, given the productivity and amenity fundamentals

A.4 Derivations for Section 3.4: Nested Mode Choice and Aggregate Transport
Cost

As presented in the previous section, we consider a consumer that resides in location j and makes a route-sourcing choice by
choosing sequentially edges along the graph. This provides a convenient characterization of routing that avoids the curse of
dimensionality by expressing the problem as a recursive problem instead of considering the universe of possible routes along
a possibly high-dimensional graph. To furthermore accommodate multimodal routing choices, we incorporate a nested modal
choice. In that setting, conditional on the neighboring node chosen, the consumer makes a modal choice by choosing the cost
minimizing mode out of all modes along the edge, i. to traverse the edge (subject to an extreme value distributed cost shock).
To fix ideas, consider a consumer in location j having chosen to route towards the neighboring node k. The consumer then
compares all the different modes that are available along this edge, i.e. m € ., where ./, is the set of modes available
between nodes jand k, and where the edge mode specific transport costs given by,

E.k _ tjk,m if m=1
Jk,m .
Sjj,mT jk,mSkk,m it m 7é 1

where for the primary mode no switching cost is required, but for any non-primary mode (m # 1) a switching cost ist
imposed, while 7 j ,, refers to the iceberg transport cost of traversing the edge between node j and k along mode m. Notice
that this specification is extremeley general and allows for geographies where non-primary modes might connect an entirely
different set of nodes than primary nodes. The consumer then faces a cost minimizing choice subject to an extreme-value
distributed cost shock, i.e.

min 4 —
met(5,0) \ e
where the properties of the Frechet distribution implies that the expected cost minimizing transport along any mode between

nodes j and k is given by,
2]
H

0 =)
ty o< Z Eikm
me A (i,k)

Overall, the consumer’s route-sourcing choice can be written as a nested minimization problem where we can characterize

2We can furthermore rewrite the equations in terms of rescaled variables, { ¥i, i}, where we define shares of world income
in location i, y; = 3, and shares of total labor in location i, [; = 7#. To illustrate this, we did this explicitly for the
counterfactual equilibrium system in the Online Appendix A.10.
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the overall expected minimal cost, i.e.

. . Lik,m 1
pij=E| min yE[ min §—|7jgw;—
jeZ (i) me.#(i,k) Em Eij

o< Z (wi/A)™ Z E;:m Tii

ieN k'eZ(i) me A (i,k)
-0 _—
=Z(W1/Al) Tije
ieN

where in the last line we again have used the definition of the transportation cost in terms of the edge-specific costs and
associated continuation values along neighboring nodes.

LS/

—0~N —

tiiT il

. ST -

7,y =E| min { - o< Z Z t Tid
JEF (i) £ em

1 jEZ () me M (i,k)

which expressed the transport cost as an index of the continuation values along the different edges of the graph.
The mode-route-sourcing choice probability is therefore given by,

-6 -6 71
o _ (wi/A;)"7 (i Thi) Eik,m
ij,k,m — ) g
i Wi/A) Zk/ega(i) (tieTei)  ty
= Ty X Ty

where in the last line, we can decompose this probability into the link choice probability (7;;,) and the mode choice
probability along the link (7))

A.5 Isomorphism with Allen and Arkolakis (2022)

It might be insightful to link the recursive expression in our paper to the approach in AA2022 that instead relies on explicit
enumeration of the universe of paths and utilizes matrix algebra to express the expected minimum transport cost in terms of
the leontief inverse of the adjacency matrix that captures the underlying infrastructure network. As we will show, the model
is isomorphic in the case where there is a simple unimodal transport network. Furthermore, we will also show that for the
simplified case where the mode choice elasticity is equal to the route choice elasticity, we can show that their approach can
be extended to provide a clean expression of the multimodal transport cost in terms of (leontief inverses) of the infrastructure
matrices. First, let us demonstrate the isomorphism for unimodal transport network. Consider the recursive transport cost

stated above,
.| tijTja o)
7.4 =E| min = t:Ts
id |:j€37(i){ e Z ( ij ]d)

i jeF ()

1
2

If we assume a finite graph, then we can iteratively substitute and obtain a closed-form expression for the endogenous
transport cost, i.e.

—0 _ -0 —6 —6
(Tia) =t 4 t;; Z Z a1

JjEF() J'€F(j) k’eF(d—1)

-2 (1)

re®; \I=

=)

— E K

= Aij
K=0

=(I-A)'=B
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where in the second line we recognize that the recursive substitution on a finite graph results in a characterization of all
possible routes of any length along the network. The resulting expression is identical to expression for endogenous transport
cost in AA2022. In the third and fourth line we then employ the same argument as in their paper to show that the implied

transport cost can be expressed as the leontief inverse of the underlying infrastructure matrix, where A = [ti_je] isan N XN

matrix with (i, j) element ti_je and Alfj is the (ij) element of the matrix A to the matrix power K. This shows that in essence,
the two different approaches are isomorphic and capture the same underlying endogenous transport cost, albeit in different
ways.

We now turn towards showing that for the special case where the mode choice elasticity is equal to the route choice
elasticity, we can furthermore extend the approach in AA2022 to derive a clean decomposition of the multimodal transport
cost in terms of a set of underlying mode-specific infrastructure matrices. Let us therefore consider the case where n) = 6.
Notice that in this special case, the edge-specific transport cost is given by,

—0 =9
ty o< Z Eikom

me A (i,k)

where f;{emare the mode specific traversal costs between node i and k. As above, we can express recursively substitute the
expected transport across modes between nodes, and obtain,

-6 _ .0 -0 -0
(Tia) ™ =t 04 Z Lij Z Z tra-1
jEF(i) j'€F(j)  Kk/€F(d-1)

By substituting the edge-specific transport cost in terms of the mode-specific cost, we obtain,

(tia)™®

~—0 ~—0 >—0
DI AT DI UD I DISRD ISP I =

me #(d—1,d) jeF(i) \ime 4(i,j) j'eF(j)  k'eF(d—1) \ime.#(k',d—1)

K
AT 2 &
Ti—1,17,M

re®; \ =1 me #(r;_1,r)

where the second line is a concise way of summarizing all possible uni and multi-modal paths along the multi-layered
network.Without loss of generality, let us consider the case of two modes - one primary mode where flows originate and
terminate, and a secondary mode that is accessible subject to some switching cost. Define the (N; + N,) x (N; + N,) matrix

A= [ai i= t;e ] Notice that this adjacency matrix forms a block partitioned matrix, i.e.

A, S
A= ,
where A; = [al-j] = [t;e] is the adjacency matrix for the primary transportation network, A, = [al-,j,] = [t;ﬁ] is the

adjacency matrix for the secondary transportation network, and S = [s;,e ] is the diagonal matrix that represents linkages
between the primary and secondary transportation network. We can write 7;; from by explicitly summing across all possible
routes of all possible lengths. To do so, we sum across all locations that are traveled through all the possible paths as follows:

K
-0 _ >—0
=21 2 &
refy; \ =1 me A (r;_,1)
00 [(N1+N) (N1 +N,) (N1 +N,)

Z ce Z Qi k, X Ak, K, XX Ay k4 X Akey_yj
K=0\ k=1 ky=1 kx_1=1

By explicitly recognizing that this sum across all locations through all possible paths can be partitioned into unimodal
paths on each transportation network and an arbitrary number of switches between transportation modes, we have,

N N N o o
-0 _ K —6 —6 K
T = E Z E E Al,iq XS X XSy E Al,Tsj

t=1t,=1 tg=1 \\k=0 K=0
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which in matrix notation can be written as,

o 2@z 5

To simplify this expression let us first define the Leontief inverse for each infrastructure matrix separately, i.e.

o

D> AK=(1-A)"'=B

K=0

oo
DAk =(1-a)"=C
K=0

We also define - for convenience - the sandwich matrix that adjusts the transport cost along the secondary transportation
network for switching costs and therefore traces out the option value of having access to the secondary transportation

network,
(o]
K _
s (Z AX ) $'=D
K=0

From matrix calculus we can restate the following result that relates the inverse of the Schur complement of the partitioned
infrastructure matrix to the geometric sum of matrix operations, specifically,

— K
Z (B'D)B'=(B—D)' =
K=0
Applying this result, we can write,

7 = 2 (-A)7 (s0-A) ') (1-Ay)

K=0

(1-A)—SI-A)"' 8]

therefore we can write,

Furthermore, the Woodbury matrix identity (see e.g. Horn and Johnson (2012)) states,
(A+UCV) ' =A'—A'U(C +vAU) VAT
which implies
[A-A)-sa-A)"s]]
=[B+BS(A/A))™" S’B]ij

[a-A) " +@-A) ' S(A/A) S 0-A) ]

-0
Tij

where A/A; := (I—A;)"" —S(A/A;)"' S’ defines the Schur complement of the adjacency matrix A. The expressions
corresponds to the expression given in the main text and intuitively decomposes the transport cost into a component that
originates from the unimodal paths and another component that originates from the multimodal paths. This result can also
directly be obtained by applying to the partitioned matrix A the formula for the inverse of block-partitioned matrices (see e.g.
Horn and Johnson (2012)).

A.6 Derivations for Section 3.5: Congestion and Traffic Flows

We characterize equilibrium traffic at different nodes of the transportation network. First, we utilize the recursive routing
choice to characterize aggregate traffic between any two nodes across any mode. Second, we characterize mode-specific
traffic between nodes. Finally, we characterize traffic at terminal stations.
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A.6.1 Traffic Flows on the Aggregate Network

We start by characterizing the aggregate traffic between any two nodes across any mode. To do so we start by restating the
(recursively defined) sourcing and link choice probability which is given by:

_ 6
(w;/A)° (fjkai)
_ o
Diies Wi/A}) o Zk/egr(i) (tjk’Tk’i)

which can be decomposed in the sourcing share and the link choice probability conditional on the sourcing choice, i.e.

Tijk =

Tijkl = Ctami) " — T;ep—e -
Zkfey(i) (tir Thri) 6 Diew Tij D; 0
_ (tikai)_e Tuep_e
Ti_je Diew Ty Pi_e
= nk X TT;

ij

The previous derivations only characterize the probability of choosing neighboring link k when routing between i and j.
Notice that we can construct the probability of using any edge kl when transporting goods from i to j in straightforward way,
]
i Ty
kj —0
Thj
r=0¢=0.—0
_ lk tkl lj

e —
Tik Tkj

06,0
Tire b Tij

( ik kl L )

which gives us the traffic equation in Section 3. Notice that this arises naturally due to the markovian property of the recursive
routing choice. To characterize traffic between nodes k and [ along any mode, we characterize the share of goods that are
being sourced from any location i to any location j and use the link k! along the way; i.e.

= Z Z T Ej <=

[1]
=~

iEN jeN
B Z Z 7'[le =
iEN jeEN
= Tt TIJ -6 v E
= 33 T e M
i€EN jeN 1] H P
=t ) T X Z
= kl lk -0 lJ —9’
ieN H ]E:/V P
= -0 -0 -
B =ty XP 7 x ;°

where in the last line we used the definition of the consumer and producer market access terms. Furthermore, replacing
market access terms,
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we obtain,
1 ~ -0 } g6
Ekl = tk_le X (Wﬁka IYk) X (AZLll+aYl ’ )
L@+ _ = 9 -_9-0(f—1);—0(1+a) —0 (1+9)
0.7 i—0-—07—0(B—1);—0(1+a) . —6 . (1+0)
=ty XLAT L, Ly
L( +ﬁ)9

where in the last line we use the definition y = . We have,

= =017 7—0-—-07—07—6 (1+6)
B =t x LA Ty yl

which characterizes aggregate flows between neighboring nodes k and [ in terms of the endogenous variables along the
network.

A.6.2 Traffic Flows on the Mode-Specific Networks

In the next step we now turn towards characterizing the probability of sourcing from location j to location i choosing
neighboring node k as the cost-minimizing routing choice and furthermore opting for mode m between node i and k. The
nested choice implies that this choice probability is given by,

- -0 _g
. _ ligm (fikaj) Pi
ijk,m — —77
ZIEJV Tl] pl

which can be decomposed in the sourcing share, link choice probability conditional on sourcing choice, and the modal
share conditional on both sourcing and link choice, i.e.

- -0 —0.,—6
- _ tlkm (tikai) Tij pi
ij,klm — —0 —6.—-0
ti Dwesn L Tr) " 2uiex Tij Pi

— k
—TClkXTC ><TCJ

We can apply similar calculations as above to extend this for any link kI when transporting goods from i to j, i.e.

N —0,.—0, 0 -0 -0
. g T G T T Py
ipklm = " —n —0 —0_—0
tkl Tij ZIEJV Tl] pl

Given this choice probability we can characterize the mode-specific traffic between neighboring nodes k and [, i.e.

S = 2, ) k) <

iEN jeN
_ m k
=D D X X X
ieN jeN
=N
Lim T b Tz; o Y Ej
I
" Jom? P
kl €N jeN l]
=N
g S i
] ki e
tkl ieN H JEN P
=N
Cbam p=0 5 10
=— Xty x P77 <1,

ki

_ N n—0 -6
_tklmxt XP x I,

which gives us an expression for mode-specific traffic in terms of market access measures and the aggregate and mode specific
iceberg transport cost along the edge. Note, that the nested formulation implies that mode-specific traffic is the conditional
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mode specific share of aggregate traffic, i.e. Zy; ,, = m}} X E.

A.6.3 Traffic Flows at Terminals

In the final step we characterize the traffic at mode-specific terminals that allow multimodal movements between nodes kl.
To do so we start by characterizing the probability of sourcing from location j to location i choosing any neighboring node
k' € & (i), but crucially choosing an alternative non-primary mode of transport and therefore traversing through a terminal
while routing. This choice probability can be characterized in the following way,

2= -0 ,.—0 -0
Ey tw Trj P;

- _ Z ik,m
ij,kk,m — —n )
keZ (i) Lo ZjEO Zk' tika]ij

0,00
L Trj Pj

*n Z (T kskk m
2ljco 2k tikajjpfe

keZ (i) lk

which can be decomposed into which can again be decomposed into sourcing shares, link choice shares conditional on
sourcing choice, and mode choice conditional on link choice, i.e.

- -n -0 —0 ,—
_ Z Sii (iSkrem) (tik Tri) Tij Pi
ijkk,m = —n —0 —0_—6
keZ (i) t; Zk/eg(i)(tik’fk’i) Zzeﬂ Tz] Db;
m k
Tij Z ik X Thij
keZ (i)

We can apply similar calculations as above to extend this for any link kI when transporting goods from i to j, i.e.

- - ,—0,-6, 6 -6
. _ Z Skk (trsum) T tu Ty Ti; P;
1jkk,m = -n -6 —6.—0
1eF (k) by Tij Zlewfu b;
_ m kl
= Tj Z Tt * Thij
1€Z (k)

Given this choice probability we can characterize the mode-specific traffic between neighboring nodes k and [, i.e.

Ekk,m = Z Z Tij kkmEj <

iEN jeN

m kl
S5 3 ) o,

ieN jen zef;(k)

04070
Skk TiSiim) Tik tkl le o Y E
5 29 JRCICATINEE A B
t 7) 1 H*Q P76
1€z (k) iexjer  Tij i 5
- —n
_ Skk (Tkzszz, 0 Y o Ej
= Z o X Ly Z Tik - ZTU p0’
1€7 (k) Kl iex jex j
s (TS
_ kk kl ll,m) -0 -0 -0
= t_—n X tkl X Pk X Hl
1€z (k) Kl
Ul -0 -n n—0 -6
=8, X P % Z (’rkls”,m) Xt xII
1€Z (k)

which gives us Equation (3.10) in Section 3.5.
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A.6.4 Congestion on the Primary Transport Network

Incorporating congestion, for the primary mode of transport (m = 1), we have the following relationship as in the first part of
in Equation (3.12) (Section 3.5),

te1 = tria [Eim]ll =

A
—F =Ny 410 o p—6 -0 1™
tkl,l = tkl,l [tkl,l X tkl X Pk X Hl ] —

— F —ni A1(n—6) -0 -0\
b = b X g p X by x P x 11, —
1+nA _ £ A1 (n—6) —02, —02,
banr =t Xty x P T x Il T =
1 2A1(n—6) —0A1 -1
_ Tl T+nAq 1+nAqp 1+nAq
tig = tkl,l Xty X Pk X Hz

Substituting the equation above into to derive the expression for traffic flows as in the second part of in Equation (3.12)
(Section 3.5),

1 21 (n=0) _ oM _ 4 —6
Ekl L= t1+611 X t 1412 x P 1462, x 11 1+4 x PI:G x er

kl,1 kl k l l
e —021(n—6) 000 020
— Eklj;eal % tkluml % PkH“l « Hluezl
o alH o 6
— Eklj;eal x tklnml) x Pk T+64, x Hl T+64,

A.6.5 Congestion at Intermodal Terminals

For any secondary mode of transportation (m # 1), we incorporate congestion at terminal stations that connect the primary
and secondary networks. Let us characterize the transport cost net of congestion at any terminal, i.e.

Skk,m = Skk,m [Ekk,m]}tm

—z - —6 -, =0 —6
Skkm = Skk,m | Sem X Pr - % Z (Twsum) Xt < TI,
lez (k)
A

m

. —nA —on, U - pp—
Skk,m = Skkym X S X P " X (Trsim) " x ta X1

1eZ (k)
Am
1+nA, _ - -0, - n—06 -0
Stkm = Skkom X P X (Tasum) " x 6 x T,
leZ (k)
Am
—onm THnAm
_ 14na Triim -n n—0 -6
Sktm = Seem” X PLT x| D0 (Tasum) " x < L
leZ (k)
2
1 —0Am ﬁ
_ =1+nAm FNAm ] n—0 -0
skk,m = skk,m X Pk X Z (Tklsll’m) X tkl X Hl
1eZ (k)

Combining both the switching cost of access the non-primary transport network and the terminal cost of exiting it again, we
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obtain Equation (3.14) in Section 3.5:

trt,m = Skk,m Tkl mS1i,m [Ekk,m]lm [Ell,m]km

= Skck,m Tki,mS1L,m

= Skd,m Tkl,mS1L,m

A A

Z Ekt,m

ke (1)

m m

2.

leZ (k)

Ekl,m

—0 Z=1) n—6 -0
L Z bam Xty 1L
1€Z (k)

A A
- _ -0 . 0 —_g1'm
= Ste,m Tkl,mS1,m [Pk X Hk,m] [Hz x Pl,m]

_ . —6a, iyl —on 'y
= Skkym X Thkiym X Spm X Py 7" X I 20" x Py oo I o

_ -1
where P, ,, = Zke%(l) Cet,m >
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A.7 Derivations for Section 3.6: Traffic Substitution and Complementarity

This subsection develops the traffic-adjustment view used at the beginning of Section 3.6. The aim is to show how a
mode-specific change in transport cost on link kl affects mode-specific traffic on that same link. To keep the mechanism
transparent, the derivation abstracts here from congestion and focuses on the recursive route block with nested mode choice.

Start from
-n
[l —_ mr m __ tkl’m [l _ 4—0p—07—0
Ext,m = T St T = = B =ty P, (A.2)
kl
with _
_n\"Un Skl m
_ 7 — mo
tiy = ( Z tkl,n) ) Digm = T Ty (A.3)
neM(k,l) n —kl,n
Define the transport-propagation matrices
-6 p—6 —077-6
t., P t 10
Qt,pzl:kl k ], Qt,nz[kl l ], A
p9 Jdu mf A4
l k
and their Leontief-type transforms
ﬁt,P = (I _ Qt,P)fl Qt,P’ ﬁt,l‘[ = (I _ Qt,l'l)fl Qt,l'l. (As)

Proposition 2 (Traffic substitution and complementarity). For an alternative mode m # m’ on link kl,

dln Ekl m m = ¢ ~ ~
T = e eielt, ~ [1= 00+ 1872 + 180 Jo (86)
Moreover;
s nn
e = NA—@yn), € =n@yy (m#Em), fizym, = D - (A7)
Proof. Totally differentiating (A.2) gives
dln Ekl,m

— T B i
dInty = Sty + €t Ctigmr
Differentiating the conditional mode share and the aggregate link cost index yields (A.7). Differentiating aggregate traffic

gives
—0 —0

= P, T
€, =—0+e, +e,. . (A.8)

Abstracting from changes in local expenditure and sales shifters, the recursive market-access system implies the approximations

P —g[raLr ne —_graen A
etk, ~ [ ]kl; Etk, ~ [ ]kl- ( 9)
Substituting (A.7) and (A.9) into (A.8) yields (A.6). O

Proposition 2 is the traffic counterpart of the welfare wedges used in the main text. The first term is direct substitution
across modes on the same link. The second is indirect complementarity: changing the cost of one mode changes the aggregate
cost of the link, which changes total traffic and market access across the network. Central links therefore generate stronger
complementarity effects because improving them changes more than the local modal split.
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A.8 Derivations for Section 3.6: Welfare Elasticities, Wedges, and Signs

The previous subsection described how a mode-specific cost change redistributes traffic through direct substitution and
indirect complementarity. We now turn to the welfare-elasticity view and ask how a lower mode-specific cost on link ki
translates into welfare under different model variants. To do so, we develop a set of decompositional results that build on
the inverse function theorem applied to this class of models as previously developed in Allen, Fuchs and Wong (2025). The
qualitative connection is the same as in the main text: the welfare formulas value the same route and mode reallocation,
congestion across links and at terminals, and market-access propagation emphasized in the traffic block. For each model
variant c, let the transformed equilibrium satisfy G.({) = 0 and write J. = d G, /9 for the Jacobian of that system. Applying
the inverse function theorem gives the welfare effect of a marginal improvement in mode m on link k! as

EC

=8 I by (A.10)

The purpose of this appendix is to turn (A.11) into the closed-form objects discussed in Section 3.6. Proposition 5 fully
characterizes the road and terminal wedges in closed form as the load placed by a mode-specific link improvement on
congested road or terminal states times the welfare value of relaxing those states. Proposition 6, the main result for the
reallocation side, fully characterizes the mode and route wedges in closed form as local reallocation, induced congestion, and
broader equilibrium feedback. The final two subsections record the qualitative sign results used in the main text and the
compact transformed-equilibrium ingredients behind the formulas.

A.8.1 Sparse Jacobian representation and exact ladder.

Throughout the transport-side comparisons, the same initial mode-specific link improvement is evaluated at the observed
transport assignment, so the welfare row and shock map are held fixed across model variants. For each model variant c, let
the transformed equilibrium satisfy G.({) = 0 and write J, = 8 G,/ for the Jacobian of that system. The inverse function
theorem gives the welfare effect of a marginal improvement in mode m on link k! as

E ==& I b e (A.1D)

Here g is the welfare row that maps changes in the transformed equilibrium variables into changes in InW, and byim is
the perturbation induced in the transformed equilibrium equations by the marginal reduction in the primitive cost of mode
m on link kl. Writing p := 1+ a + f3, let B, denote the common-baseline version of the cost-loading operator that maps
composite-link cost changes into the transformed equilibrium equations, and define the composite-link shock

by =By, sq=by/Eu, @ =—g'/p, ¢ =oJ, = (A.12)

Here ey is the basis vector for a marginal reduction in the composite cost of link kl. The row vector qcT is the welfare adjoint
under model variant ¢, and the column vector ry; is the equilibrium response to the normalized composite-link shock s;;. A
primitive mode-specific improvement enters through the nested mode aggregator. Define

Jdint
Vgm = 25— > biim = B¢ Ot m» Skim = bitm/Etm- (A.13)
Olnty ¢
Under the nested CES link-cost index,
Tirm = T €k biim = Ty bass Ski,m = Skis (A.14)

where the last equality uses Zy; ,, = 7] E-
Proposition 3 (Normalized welfare object). For each model variant c,
m,=w J sy =0 J sy n=q/su=0w'rg, (A.15)
and the mode-specific welfare elasticity satisfies
Efm = P Exgym My = 750 g My (A.16)

In particular, the normalized multiplier is link-specific in the reduced equilibrium representation, while the mode label enters
through the exposure term Ejy p,.

Al9



Proof. Substitute by ,, = By Sk into (A.11), use (A.14), and divide by p. O

To keep the appendix aligned with Section 3.6, we organize the welfare formulas directly around the Jacobian blocks
that generate the ladder. Define
Je=R.+ Apade + Derme +Go, Goi=uv], (A17)

where R, is the grouped sparse reallocation block of the Jacobian, collecting the local own-share and sparse forward/backward
propagation terms; A,,,q . and A, . are the road- and terminal-congestion feedback blocks; and G, is the low-rank aggregate
block, with u, and v, the vectors entering the aggregate component of the Jacobian. Appendix A.8.5 derives all four blocks
explicitly.

A useful way to read the ladder is as an adjoint—block-response decomposition. For any comparison (A, B), the response
vector rfl =Jg L5, records the footprint of the link improvement on the equilibrium system under model variant B, the
Jacobian difference Jz —J, records which propagation coefficients change when a given mechanism is turned on or off, and the
adjoint vector q/I = a)TJ;1 weights those affected equations by their welfare shadow value under model variant A. Under the
common-baseline convention, all of these objects are evaluated around the same observed transport assignment. The ladder
therefore does not compare different baselines; it is a local comparative-static anatomy of the same baseline equilibrium,
decomposed by the Jacobian blocks that govern sparse reallocation, congestion feedback, and aggregate market-access
adjustment.

Economically, each block can be read as a distinct adjustment margin that is switched on or off around the same baseline
allocation. The sparse reallocation block R, is the local choice-set margin: it governs whether, after the link improves, traffic
can exploit additional route substitutions, additional mode substitutions, and additional feeder or sourcing continuations
around that corridor. The road and terminal blocks are the scarcity margins: they determine how much of that extra local
adjustment is taxed away once the induced traffic is allowed to congest links and terminals. The low-rank block G, is the
broad market-access margin: it determines whether the local transport gain is amplified or diluted once activity and demand
are allowed to rebalance through the common equilibrium channels. When two model variants are close in Jacobian space,
so that Jz —J, is small, we may replace rfl by rfl and obtain the first-order reading

di(A,B) ~ q, (J5 — I )i (A.18)

This approximation says that a wedge is the welfare value of passing the baseline footprint of the improved link through the
additional propagation coefficients associated with the mechanism being turned on or off.

Proposition 4 (Exact ladder from Jacobian blocks). For any two model variants A, B,
du(A,B) == mf, —mf, = q, (Js —J)rg- (A.19)

Using (A.17), the gap admits the block decomposition

dit(A, B) = diJ'*(A, B) + (A, B) + di™ (A, B) + d, (4, B), (A.20)
where
di)*“(A,B) := q4 (Rg —Ra)ry), (A.21)
dlz(l)ad (A’ B) = q;lx—(Aroad,B - Aroad,A)r]](sl’ (A.22)
dli?rm(A’ B) = q;lx—(Aterm,B - Aterrn,A)rEp (A.23)
df™(A,B) :=q, (Gg — Gu)rp. (A.24)
Equivalently, letting
di"(A, B) = di7*(A, B) + d;7™ (4, B), (A.25)

we obtain the coarse decomposition used in Section 3.6:

di(A,B) = d2°(A, B) + d2"8(A, B) + d5 (A, B). (A.26)
In particular,

4 = dy(NC,NT),  d¥™=dy(NT,F), dp°®=dy(F,RO), "¢ =dy(FFR). (A.27)
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Hence
F _ _ NC__ groad _ gterm _ . RO mode __ . FR route
My = myy —dig dig™ = myg +dg> = myg+ dg e (A.28)

The Hulten comparison satisfies
hy =p(m1k{l—m£l)=(1—p)+p(1—m£l), (A.29)

Proof. The gap identity is
mﬁl - mfz = “)T(JA_1 _Jg_l)skl = (LI(JB _JA)";](SI-
Substituting (A.17) yields (A.20); grouping the two congestion blocks gives (A.26). The named wedges are the corresponding

special cases in (A.27), and (A.29) follows from the efficient-equilibrium benchmark Eg m = Sklm> equivalently mfl =1/p,
together with Proposition 3. O

Proposition 4 is the main organizing object for the rest of the appendix. The pure congestion wedges isolate single
congestion blocks. The mode and route wedges compare the full model to restricted variants that alter the sparse reallocation
block R, the induced congestion blocks, and the low-rank aggregate block. This is exactly the qualitative anatomy used in
Section 3.6.

A.8.2 Congestion wedges in closed form.

The road and terminal wedges are exact additive updates because moving from NC to NT restores only the road-scarcity
block, while moving from NT to F restores only the terminal-scarcity block. Recall that these congestion blocks admit the
factorization

Aroad,c = Br,cKroad,choad,c: Aterm,c = Bt,cKterm,cQterm,c’

where B, . := 0G./J Int® loads composite transport-cost changes into the transformed equilibrium equations, Q,,aq . =
dInE/3¢" and Qiermc = 91InT/3¢ T map equilibrium responses into road-congestion states Z° and terminal-congestion
states T, and K,y,q, and K., . map those congestion-state changes back into link-cost changes. In particular,

Int —JIne = Aroad NT5 Jr —Int = Diermp- (A.30)

Proposition 5 (Exact congestion wedges). Define

VE,SQNTT = ql‘\]rCBt,NTKroad,NT) ZIIZI[Troad = Qroad,NTrlzT:
vtli;l;lFT = ql-\]rTBt,FKterm,F’ Eil,term = Qterm,F r]f{ . (A'Bl)
Then
dli(l)ad = qI—\IrCAroad,NT rlelT = vrI\cI»g(:leTTelljgroad’ dlz?rm = qIET Aterm,F rl}:l = vti;rrilFTeil,term' (A.32)
By construction,
4" = d,i‘l’ad + d,t‘frm. (A.33)
Proof. Specialize Proposition 4 to the two updates in (A.30) and substitute the factorization in (A.73). O

Proposition 5 shows that the pure congestion wedges are the interaction between two objects: the load that the mode-
specific link improvement places on congested road or terminal states, and the welfare value of relaxing those states. This is
the formal counterpart of the congestion-wedge interpretation in Section 3.6.

A.8.3 Reallocation wedges in closed form.

The mode and route wedges compare the full model to restricted variants that suppress either non-road modal diversion or
endogenous rerouting. Relative to the full model, these comparisons change the sparse reallocation block R, the induced
congestion blocks, and the low-rank aggregate block. Concretely, R4 — Ry records which sparse local reallocation coefficients
are missing in the restricted variant A € {RO,FR}, (A 50d.4 — Aroad,r) + (Aterma — Arerm r) Tecords the associated change in
scarcity feedback, and G, — Gy records the corresponding change in the low-rank aggregate feedback block.
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Proposition 6 (Exact reallocation wedges). For A € {RO,FR}, define

di*(A) = 4] *“(F,A) = 4 (Ra —Rp)ry, (A.34)
dim8(A) = di ™ (F,A) = 47 [ (Arosan — Broat,r) + Brerma = Beerm) |1 (A.35)
A5 (A) = d5°(F,A) = q} (Gy— Gp)riy.- (A.36)
Then
dy(F,A) = d°(4) + di;"* () + 45 (A). (A.37)
In particular,
i = dig(F,RO),  dg"® = dy(F,FR). (A.38)
If
Ao = dig *(RO), Ao = dig " (RO), djionsy = diy” (RO),
ditite = di “(FR), i eong = di (FR), deve, = df " (FR), (A39)
then
4™ = difiioe + Aeons + Tigor Gr = D atoe + Fitrcong + Ll glob- (A.40)
Proof. Equation (A.37) is the specialization of (A.26) to (A, B) = (F,A). O

Proposition 6 matches the qualitative language in Section 3.6. The term d;j%loc(A) is the exact welfare contribution of
replacing the restricted model’s sparse reallocation block by the full-model block. Economically, this is the value of giving
the economy a richer locally relevant choice set around the improved link: additional route substitutions, additional mode
substitutions, and additional feeder or sourcing continuations. If di‘%l"c(A) > 0, those extra options are complements to the
improved corridor, because restoring them makes the link more useful within the network. If df(‘%l"c(A) < 0, the extra options
mainly act as substitutes or bypasses, because restoring them makes the improved link easier to avoid.

The term d;fng(A) is the scarcity penalty on that extra flexibility. Once those additional local continuations are available,
the network may exploit the improved link more aggressively, but the resulting traffic can spill onto congested roads and
congested terminals. A positive induced-congestion term means that restoring the missing flexibility also restores the scarcity
feedback that absorbs part of the gain. A negative induced-congestion term would mean that the extra flexibility helps the
network steer traffic away from bottlenecks rather than into them.

The term d,flbb(A) records broader equilibrium feedback through the low-rank aggregate block. This is the system-wide
rebalancing margin: once the local transport improvement changes access, activity and demand can move through a small
number of common market-access channels. A positive aggregate term means that this broader rebalancing amplifies the
local gain; a negative aggregate term means that it dilutes or offsets it.

A useful first-order reading is obtained by replacing rfl by r]fl. Then the comparison to a restricted variant can be read
as taking the baseline full-model propagation of the link improvement and passing it through the Jacobian blocks that are
shut down in that restricted model, weighted by the welfare shadow values in the full model. In this first-order sense, the
ladder asks whether the marginal incidence of the improved link becomes more valuable when the economy is allowed to use
more routes and modes, or whether those extra options mainly interact with congestion and broader equilibrium feedback to
reduce the pass-through to welfare.

A.8.4 Qualitative sign results.

The exact formulas above do not require sign restrictions. The next result records the one-sided sign statements that support
the economic interpretation in Section 3.6: the pure congestion wedges are positive under one-sided propagation conditions,
the induced-congestion piece is positive when reallocation relieves scarcity in the right places, the broader-feedback term is
bounded but not sign-definite, and a positive full reallocation wedge requires local gains to dominate that broader feedback.

Corollary 1 (Qualitative sign results and dominance criterion). Assume sign-aligned propagation on the active support:
whenever the kernels below are entrywise nonnegative, the relevant adjoint and response vectors lie in the same closed orthant
when paired with them.

1. If Apgaant = 0 and Aepy p = 0 entrywise on the active support, then

d
d*¢=>0, dim=0. (A.41)
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2. FixA€ {RO,FR}. If
(Aroad,A - Aroad,F) + (Aterm,A - Aterm,F) =0 (A-42)

entrywise on the active support, then
d;"¥(A) > 0. (A.43)

3. The broader-feedback term has no universal sign. More generally,
lob
|d&” )] < Nlgell 1G4 — Gl I 1. (A.44)

Because G, — Gy has rank at most two, this term is low-dimensional even when its sign is ambiguous.

4. If

dgioe(a) + di"¥ (A) > |d5(A)

> (A.45)

then
dy, (F,A) > 0. (A.46)

Proof. Items 1 and 2 follow directly from Proposition 5 and Proposition 6 under sign-aligned propagation. Item 3 is the
standard operator-norm bound applied to (A.36). Item 4 is immediate from (A.37). O

These sign results make precise the main-text interpretation. Congestion wedges are positive when allowing congestion
across links and at terminals to respond blocks exactly the margins through which a mode-specific link improvement
would otherwise raise traffic and welfare. For the reallocation wedges, the induced-congestion piece is positive when local
reorganization relieves congestion on links or terminals that matter a lot for the network, while the broader-feedback term
may either reinforce or dilute the local gain. A positive full reallocation wedge therefore requires local reallocation gains and
congestion relief to dominate that broader equilibrium feedback.

A.8.5 Deriving the sparse Jacobian representation.

For completeness, this subsection derives the transformed equilibrium system and sparse Jacobian decomposition used in
Propositions 3-6. For any model variant that preserves the recursive spatial structure, equilibrium can be written as

ATTWIL = WIu T WL+ D AW Ly, (A.47)
keN(i)
Wl—aul—o' _W1—0A0—1W1—0+ Z tl—awl—oul—a (A 48)
i i - i i ki k kK :
keN (i)

where N (i) denotes the set of locations directly connected to location i. We take aggregate population L =’ ; L; as fixed.
With

A=1% uw=LF, p=1+a+p. (A.49)
Define the transformed variables
p:=1+p(c—-1)+ao, X; = (W_l/pLi)1+ﬁ(071)Wia, y; = (W_l/PLi)a(Uil)W}_". (A.50)
If ¢ # 0, this map is invertible with
= /¢ o/((0-1)¢)
wy=x Py O L= wey ey 7 RO, (A.51)
e 1 (a+5) (a+B)o—1)
+a ola+ a+p)o—
_lre oy _orp) o @dPleD) gy (A.52)
14 14 '
— /e o/((0-1)p) _ (1 o1
2 =Xy, s Q= (i Zn:zn) ) (A.53)
RE=Qx+ . thoxiy®,  R=Qyi+ Y. 6% yE (A.54)
keN(i) keN(i)
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Then equilibrium is G({) = 0, with

Gy '=InR{ —alnx; +blny; =0, i=1,...,N, (A.55)
Gy =InR) +ylnx;—elny; =0, i=1,...,N—1, (A.56)
1+ —1
Goy == d Inxy — Llny,\, =0. (A.57)
@ (c—1y
Let
¢C:=(nxy,...,Inxy,Iny;, ..., Inyy)". (A.58)

Define the transformed balance shares and recursive propagation shares

1-0,.a,—b
Qx; Lj XY
s¥i=— Mij = —— , (A.59)
t TR R
1-0,77,,¢€
Qy; t "X,y
y. i i Y
s = — A= . (A.60)
Y ji ¥
! R; R;

If M, = (uf)), A = (A5), Sg = diag(s;"), S5 = diag(s;*"), and £, = (L{/L);, then differentiation yields

Jc = Bc + ucch + Aroad,c + Aterm,c: (A-61)
with
[ st —al +aM, bI—bM.
B.= | yU=ADrw-n,: SOV P el —ADipv-): |
a,T _14p(e=)) T
B $°N (c-1¢ °N
[ o—1
5
_ o—1
U= | 58 v | 0
0
T_[,T T
v =[e] el ] (A.62)
Here ey is the N'th standard basis vector, s}, = (sf’c)f.vz , and s; LN-1) = (sf’ < {vz ’11 collect the transformed balance shares, and

L. =(L;/ i)f’: , collects population shares. The local block B, governs sparse reallocation through neighboring links, u,v_ is
the common aggregate-propagation block, and the two A matrices are the additive congestion blocks. Thus the grouped
sparse reallocation block used in the main line of the appendix is simply

T.
Cl

R.:=B,,  J.=R.+ Apaac+ Dierme + Ge, G.=uv,. (A.63)

If a finer split is useful, R, can itself be written as

R,=J+D,+P"+P, (A.64)
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(A.65)

where
i _aIN
J = Y(IN)I:(N—I),: _8(IN)1:(N—1),: B
a,T _4plo-1) T
- ¢ N (c-1)¢ °N
s¢ 0
D=0 (5;)(1\7—1) , (A.66)
| 0 0
[aM, —bM,
Pl=1| 0 o |, (A.67)
| O 0
[ 0 0
A
P = | —y(ADrw-n,:  e(ADnoi-1): (A.68)
| 0 0
At the transport level, mode-specific congestion takes the AFW form
-1/v (t?k )
—_7F = Am _ — me __ tk,m
tom = BenEiea)™ ti=( 2, G)7) L M st (169
meM(i,k) neM(i,k)\"ik,n
Here =° collects the road-congestion states (mode-specific link flows) and T¢ collects the terminal-congestion states relevant
for transshipment and switching margins under model variant c. Hence
_ m,c _ road,c = term,c
dinti, = > aitdineg, = > zdInE+ > xT™dInT;, (A.70)
mEM(i,k) €S 10ad t€S erm
where )(ir;(’fard’c measures how road-congestion state r loads into the composite transport cost on link (i, k), and y;; " measures
the analogous loading from terminal state t. Let
JdInE* _dInT* (A7)
aLr e '

2G. ) )
road,c *— 8CT 5 term,c *

B, =
7 dlnte’
In this notation, B, . maps composite link-cost changes into the transformed equilibrium equations, while Qa4 . and Qe;m
map equilibrium responses into road- and terminal-congestion states. Define the loading operators K,,,q . and Kiep, c by
(A.72)

. road,c . term,c
(Kroad,c u)ik T Z Xik;r U, (Kterm,c v)ik i Z Xik;t V.
€S 0ad t€S erm
Then the two additive congestion blocks in (A.61) are
Aterm,c = Bt,cKterm,cQterm,c . (A'73)

Aroad,c = Bt,cKroad,choad,u

These are the exact Jacobian terms generated by road and terminal congestion feedback: A,,q . records how equilibrium
reacts when a mode-specific link improvement shifts traffic onto congested road states, while A, . records the analogous

feedback through terminals and switching margins.
Finally, because L; = W/Pz; and 3. L; = L,
L
dinw =-23" 2 (dInx, + —2—dIny,), (A.74)
@ L o—1
so the welfare row is L L L L
o o
gng[Tl,...,TN, =, TN] (A.75)
et L L o—-11L oc—11
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A composite-link perturbation on link k! enters sparsely through

eX
by =B.ey =(1—0) [Mkl ﬂ, (A.76)
Aklel

with the second block omitted when required by the normalization row. Combining these ingredients with the implicit function
theorem yields the grouped Jacobian decomposition (A.17), the finer reallocation-block split (A.64), and Propositions 3-6.
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A.9 Derivations for Section 5: Implied Modal Wedge

We use the estimated elasticity 7} together with observed modal shipment flows to impute a reduced-form measure of
generalized frictions that prevent adoption of non-road modes. We focus on the origin-side object used in the main text; the
destination-side analogue is defined symmetrically.

Let road be the reference mode, indexed by 0, and let m € {rail, water-dom, water-for} denote an alternative mode. For
each origin o, define total outgoing shipments by mode as

Xom = ZXodm- (A.77)
d

Under the gravity structure in the text, the observed road-relative modal flow ratio implies a revealed generalized-cost ratio

. X, "V
Po(ml||0) := X, , (A.78)

for all origins with X,.,, > 0 and X,., > 0.
Next, let benchmark line-haul costs be linear in distance:

Cn(D)=T,D,  Co(D)=T,D, (A.79)

where T, is the calibrated freight rate in dollars per TEU-mile for mode m. We define the implied multiplicative adoption
wedge as
T
Ao(mll0) := py(m0) = (A.80)

m

Equivalently,
A,(ml||0)C,,(D
A ml0Cw (D) _ |, im0, (A8D)
Co(D)

Thus, A,(m||0) > 1 means that mode m must face an additional generalized friction, above its calibrated engineering cost,
for the model to reproduce the observed road-relative modal split.
Our preferred local summary is constructed on the common-support set

Fni={0:X,,,>0and X,,> 0}, (A.82)
using reference-mode flow weights
0, = =2 (A.83)
° Dies, Xjo
The average-local wedge is the weighted geometric mean of the origin-level wedges:
INAYE = > w,InA,(m]l0), A% = exp(InALE), (A.84)
0ES,

This is the common-support object reported in the main text.
We also report an exact national counterpart based on total modal flows:

-1 N

nat ZO Xo-m /T’ TO

Amt = | 22 e (A.85)
ZOXO'O Tm

The difference between A% and AT reflects both heterogeneity across origins and the role of common support.
Finally, for interpretability we convert the dimensionless wedge into a dollar-equivalent amount at benchmark distance
D:
Sm(D) = (A —1) T,D. (A.86)
This dollar-equivalent quantity should be interpreted as the money-equivalent generalized friction required to rationalize
the observed modal split. It is not, in general, a literal terminal fee or one-for-one switching charge. Under linear per-mile

benchmark costs, the multiplicative wedge A,, is invariant to the choice of D; only its dollar-equivalent representation S,,(D)
depends on the reporting distance.
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A.10 Derivations for Section 5.1: Proofs of Proposition 1

This section presents the proof for Proposition 1. We proceed in two steps. In a first step we derive the change in the
equilibrium conditions in terms of market access terms before then substitution the model specific elements.

A.10.1 Preliminaries

We can write equilibrium trade flows as,

0y Ti O

VU T e " pe

where y; and 6; are cumulative flows out of and origin and into a destination, respectively, and II; and P; are origin and
destination market access terms. Given the recursive routing formulation, trade costs can be represented as:

%‘:( Z (fikfkj)e) ?

keZ (i)

And furthermore from the nested choice along the multi-layered graph, we have,

0 _ =
Lig —( Z tik,m)
me A (i,k)

In terms of market clearing and trade balance we have the following equilibrium conditions,

Vi :ZXU
j

5= X;
j

Sl
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A.10.2 Deriving the equilibrium equation

Starting with the first equilibrium condition we have:

Yi ZZXU
j

j Hi P].
—6; —0; 9/(:7{:791 51 J
Hl - Tij X i (Yl) X Tg
j P.
j
_ —9 . 0;
HIQIZZTUJXH JX(Y)G‘ 1X 719;
j j
—0; —6; 0 i 1 51’
Hl =Ty _lei + Z Tl] JH[ ! (Yz)el )
P, i#i P,
0. _o. O; —6. —0. A, 0 op
Hl- 6 _ Tiiel _l . +Z Z tik ]Tk'J Hi ij (Yi)si 1 _J :
0; j 6;
P, 7 \keB(k) P,
-6, _ -6 0 =0; _—=0; | 1A Y 5;
I "=, — +Z Z t Ty I, (y;)@ —5
P 7 ks ;
-6, _ _—6 51‘ —0; —0; 5i Af; —0; _A;; 97}:—1 6]
I " =7 — + Z b | =" o +Ztik Ty Wy (ri)® )
P, keZ (i) p; 7 P,

—6; —6; —6; 0, -6 —6; 0; NG, —0; A 9 5j
II; b+ Z (o) ™ | —g + Z te | = 7w —91_+Ztik’rkjll'[i ) —5
keZ (i) P; keZ (i) p; j p

J

—0; _ [, 5i —6; AG; A 9*].‘_1 =9 5J
II; (tii ) 5 T Z Lk Ztik R O T
LN =0 j P;

i _ 6 o —0; /=6
i Tl gt Z i 1T
b, ke (i)

o

0; i
) . . A 0,26, . _g A6 A; . Uq e 5 T,
where in the second line we defined, IT, " = Hiwl and where IT, * = ( jta Y (y)a ! Tkj’fjgj is the
p.
J
approximate price index that controls for differences in elasticities of substitution between neighboring nodes. And where in

the fourth line we have used the fact that at the penultimate node the set of predecessor nodes of k (98(k)) coincides with
set of successor nodes of i (Z(i)).
Continuing with the second equilibrium condition,
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b

o
_0 5
iT Z Ty X Yj@ X je
i I, ! Pj J

o
|

-6, -0, Yj —0. Yi

=1 — E T.. | —

J JJ j ) —0;
I,

-0
07 iz

PJ'_Gj +Z Z Tik klgj #

j i#j \keA(j) i
9
Yj Y i
,9_ -6, .
p =1L 4 Z e g f L
J JJ H_ k} - —0;
kes(j) i

0 -0, Vj -0, Vi
Pj i + Z (t ka]) + Z t —TijTJGJ-i-ZTik] _19.

ke B(j) j keB(j) IT, i I,

-6, (-6 YJ -0, Vi
Pi _( ) + Z k] Z Tik —6;
j ke A(j) i 11,
pl— ol Z (. p %
i T i —; kj "k

;7 kea()

. . . . . _ _ -6
where in the last line we used the definition of the recursive transport cost (Equation (3.1)), T; ie = (t ; ie + e Z(0) (tik Tk j) )
In what follows, we derive the counterfactual equation for the special case with symmetric substitution elasticities, (6; =

0 Vi),ie.

=(t;? e
i keZ(i)
po =0 Z tef P’
J JJ 1—[—
ke A(j)

We can make the relationship between the mode-specific transportation cost and the spatial aggregate equilibrium more
explicit by substitution the definition of the edge-specific transport cost in terms of the multi-layered mode specific transport
cost, i.e.

Sl

prf=? iy SUST gn ) B

i keZ(j) \me A (k,i)

= Ti -+ Z Z t;lnmpkn

i keZ(j) \me A (k,i)
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5 i
-0 _ ,—0_"Yi ~—n -0

i keZ (i) \ome #(i,k)

=t;9%+ Z Z Een T

i keZ (i) \me .4 (i,k)

2]
H
where we notice that the equilibrium equations then inherit a the structure of nested choice models directly and where
the modal substitution parameter than governs the impact of mode-specific changes on aggregate endogenous variables.

A.10.3 Deriving the equilibrium system in changes

Start with (recursive) equilibrium condition from the previous subsection,

0 = —4 + £ 0T

Pl keZ (i)
6 _ 9 Yz 79 6

P + thi P
l keZ(j)
Expressed in changes,

-6 6; A
0 — Li 0;

—6 5 —61-6 | p-0
t;; 7 +Zke$(i) tw 17 | P

-0
. maih 00
kez () \ Li P—s +Zkez«*(1) _GH_
and,
A 59% P
b e B ) 11
t2p?

20 H—0
+ Z - 0 Lyi P

9 7 o
ez \ i 0 + Dkez) b Pr

Multiplying both numerator and denominator by their appropriate market access terms, we obtain,

{10 _( 5, ) 8
i 0 | 50

8; + Dker il Pr Hj P;

_9 0 n—
H p,
-3 e
=0 p—0 =0
ez \Oi t Zkeg(l) i B 1L

ﬁ*:( i )iL
' —0p—0717-0 | f1—6

l Vit 2kt P 10 ) 1L

—0 5—0 —
VP UIT
ki "k i 2—0 H—6
+ Z ( Y t—ep—en—e)tki P
kez(iy \Ti kez() tki Fr i
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Simplifying we obtain,

ﬁ_e _ 51' 5i n Eik f—e ﬁ—e
A B sl b v = |tk
8i + Dkesrny Bik ) B ez \Oi t Dkes (i) Sik
~g Yi ¥i B 20 30
P = = |zt Z i Pr

WSt \ Vi + 2ikez i Bk

=

Ti+ 2ikes Eki

Next, we proceed by deriving the nested transport equilibrium at the edge-level. Recall, that given the nested choice
above the changes in aggregate transport cost is given by,

~
=~
X
3
|
=
=1

Sl

_ Eik.m 2—1
by = Z = likm

me.#(ik) ik

For the changes in transport cost we have,

1 Ao(n=0) —0%g —0%
~ _ 2TFxg 2 1¥nAg A THnig A THnig
iy =ty Xty = xB 0 xI

And second, we have for any non-primary transport mode,

-0,
I,m

tem = s_kkaklmsllmP mH '"H O%np

For the trade model here we have,

6; =E;
ri=Y
And for the price indices in changes we have,
ﬁi = }A’iiiﬁ_lw_l

and furthermore, we have the mode specific market access terms,

A6 — Skl,m A1 An—0 A_Q
P = s = lam Xtg X Py
ke B(1) ke B(1) —kl,m
A_Q Sikl,m aA—n rn—0 LN
Hm_ —thl,th ><1'IZ

1€z (k) ez () Sktm

Given an initial guess for the market access terms, we can solve for the aggregate transport costs, {;,? (14,2, 81, Eiem)s
by iteratively updating the following equation until convergence,

EIEY

=0 _ Ziko 2= 1kmAn
tik - v: tlk0+Z lkm
=i m#0 Sik
6
= X 1 20(n—6) -0 —02¢9 n = . ox, n
_ —ik.0 +nnig AT+ T+nig A THnig —ik.m | 2 £ — a —
= | ke |:tlk0 X £ x BT I ] D TN P el s el il I
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Writing out and substituting for the transport cost terms,

A 5 A E A A A A A A
PO = —=—— |6+ E — V01, B, by, i ) POTI?
200 5,02 > k
i (5 +Zkeg(l)‘—‘lk i S 5 +Zkeg’(z)“‘lk i ( i 1m) i

»—0 F1— Yi A Eki r—0 (A A 2 a A_OA_D
P 91_[.9:(—)')’1"" (—)t i H’P:tkio’tkim Pk IL
Y Tit Dikes ) ki ke;ﬁ) Vit DkesZhi) ( ’ ) l

Substituting the price indices in changes, we get,

R _eriN—0 n N -0 E.
a1y 9) W) = e |
( o (yl ' ) E;i+ D kea( ik g

+ Z (E—) (H P tlkO’ lkm)(yl W—1)79 (i‘;{x+lyk_%)_9

keZ (i) E +Zkefi(z)“lk

i -0 AB—1.A —0 Y.
la+1/\ ) 5\/1[5 1W_1 —(—l)y
( i ( [ ) Y. +Zkeg‘(l) Sk i
2 s | (P b ) (9 fﬁ_lW_l)_e (i@ﬂy.‘%)_e
Y+Zk€ﬁ(1)‘-‘kl ki 5 &5 Lki 00 Lki,m k' ; ’

keZ (i)
Simplifying and defining, y = W9, we have,
01+67—0(1+a) _ 01+6 7—0(1=F) p=0 3140 7—0(1+a)
gt ( ) o0 (—) g
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A.11 Derivations for Section 5.3: Predicted vs Observed Transport Mode-level
Trade Flows

For aggregate traffic we have,

2 =PAll

Inverting,

2 =PAll &

A=P'En!
For the traffic equations we have,

2, =PT,II
Inverting,
2, =PT, 1<

Bilateral mode specific shares are given by,

(Wi/Ai)_e (fik’fki)_e Ei)

ik,m
Tijkm = o =
Dies Wi/A) Zk’efi(i) (g Trei)
= nij’k X ng’k
5.
- j
(TU) x X >0
l j
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keN i j
=Xijk
0.
= —0,-0,.—0 | Vi T
Xij = Z Tie b Ty | ¢ e~ po
ke leN (k) i j
. 0;
_ —0,-0, -6, Vi J
= Z Z Tie b Ty X e X o
keN leN (k) i j
=Xij
The share of flows between ij, along link kI and along mode m,
-0 f J
Xiju = (tatuty) X == x ==
IT: P
i j
7=
f 5.
kl,m —0 Yi J
Xijkim = ——=5 % (tituty)  *x =% x —%
ty IT: p
i j
sum over kl to obtain
7=
t 5.
_ kt,m -0 Vi j
Xij,m_z t 77 X(Tiktqu’-lj) X_H_G X_P_G
keN e (k) i j
—n
kl m__g
Xijm = H—e po Z 2, T Xt
j keN le (k) kl
g
kl m
Xijm = H_e po Z 2, T X 6—n
j keN leN (k) kl

In matrix notation, we have,

X, = (%)(I—A)’le(I—A)’l (%)

Derivations,
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X, = (%) (I-A)'T,(I-A)" (%) =

X, = (%) (I—A)'PlE, T 'I-A)" (g) —

X,, = (%) (1—plzm )P, (1—plEm ) (%) =

X!= (g)_l (1—p'en!)n='P(1—pP'E0) (%)_1 =

X' = ((g)_l - (g)_l P_lEH_l) HE;lP((E)_l —p'Em! (%)_1) =

—1 E\™ EN —1=r—1 —1 Y\ mu—— ¢ i
x'=((=] n-(=) plen'n|='(p(=| —-PP'EO0'(= =
m P P m I I
X '=FE'(PI-5)E ' (PI-E)Y ' <
X, =Y(PIN—-2)"'E,(PI-E)'E

Finally, we need an expression for PII,
nP=Y+="1

and,
[IP=E+Z=1

We have,

X, =(Y) (diag(%(E +Y)+ % (E1+ ETI)) — E)l 2, (diag G(E +Y)+ % (E1+ ETI)) — E)l (E)

We finally obtain,
Xijm =Y x E;x » [D¥ —E].'[B,]u [D" —E],, (A.87)

lj
(k,1)

where DY is the diagonal matrix with diagonal elements given by (%(E +Y)+ % (El + ETl))

il

A35



A.12 Derivations for Section 5.1: International Trade

In this subsection, we extend the model to allow for both domestic locations i, j € 2 and foreign locations [ € % . Domestic
locations consumer from both domestic and foreign locations, while foreign locations are modeled to only trade with domestic
locations. Furthermore, we make a small open economy assumption such that changes in the domestic economy do not affect
the labor allocations in the foreign economy. For the domestic economy we have the following conditions,

Yi= ZXU‘ + inz

j€o le7z
61' = ZXH + lei
Jj€E2 lez
Welfare equalization domestically implies,
p, = Wil
w

P=Yull Wl =
131' = _)A/iiiﬂ_lw_l
and

_en

Hi ZAILIYl 0 =
41

I =A LMY, 7 =
A N _6+1
Hi — lia+1§/i 0

For the foreign economy we have that market clearing implies,
J
5= Xy ViegF
J

For the price indices for foreign locations we obtain,

wily
p =
W,
p =YL tw!
1 = iUl s
b=y W

and
0+1

Hl :AZLIYI_T —
o1
m =AL"Y, © =
=57
Considering now that the economy is situated on a graph with both foreign and domestic nodes, i.e. ¥ = (A, &), where

A is the union of domestic, A7), and foreign nodes, A%, and equivalently we define domestic and foreign successor nodes,
ke Z, (i), and | € Z5 (7).

Re-writing the equilibrium system for both foreign and domestic locations, defining domestic and foreign neighboring
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And similarly for foreign locations, we have,
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Similarly for foreign locations,
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This system of equation pins down the equilibrium with foreign locations:
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A.13 Derivations for Section 6.2: Counterfactuals with Fixed-Routing

This subsection gives a self-contained description of how a single counterfactual is solved under fixed routing and how the
associated welfare change is recovered. The maintained assumptions are: (i) the baseline OD-segment incidence kernel is
held fixed throughout the counterfactual; (ii) trade demand is CES with elasticity o > 1; and (iii) labor is perfectly mobile
across locations, so equilibrium welfare is equalized.

kt,m

Fixed routing. Consider one counterfactual vector of exogenous segment-level free-flow shocks {ty ,}. Let p; ;=0

denote the baseline OD-segment incidence weights, normalized so that

Z pf}_‘z,m =1 for each (i, j) with X?j >0.
(O.m

Holding these weights fixed is the no-rerouting restriction. Under fixed routing, we define the delivered trade-cost index

between origin i and destination j by
k€,m

= ] s (A.88)
(k,€),m
so that
Int;= > p ity (A.89)
(k,£),m

Equation (A.88) is the maintained fixed-routing unit-cost index; with this definition, pfj[’m is exactly the marginal incidence
elasticity of bilateral trade costs with respect to segment costs.

If congestion is absent, then £y, ,, = ?u,m and 1;; is obtained directly from (A.89). If congestion is present, current OD
trade hats imply segment traffic

N N =/
E;d,m = Z Z P?f’mX?inp ék/z,m = :'3["”, (A.90)
i=1 j=1 “kt,m
and segment costs satisfy X
Eeem = trem Cieeym)’™- (A.91)

Hence, under fixed routing, the transport block maps current OD trade hats into bilateral trade-cost hats through

A

X —>=2—t— 1.

11>

—

When the observed baseline traffic = is not exactly reproduced by the baseline decomposition Zi’ ; pfe’mX 0 the de-

0
ke,m j ij’
nominator in (A.90) should be replaced by the model-implied baseline traffic so that ékf,m = 1 when X; ;=1 for all
(i, ).

Counterfactual equilibrium. Let 6 := o —1 > 0. In location i, the producer price is

where w; is the wage and A; is productivity. Consumers in location j have indirect utility

Ujw;
U] = P 5
j

where u; is amenity and P; is the CES price index. Perfect mobility implies welfare equalization,

for some common welfare level W.
Bilateral trade flows satisfy the CES demand system

1-o
PiTij
J
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Using p; = w;/A; and P; = u;w;/W, equation (A.92) becomes

o—1
_ 1-o Aiuj -0, .0
X =W — w; W, L;. (A.93)
Define
y = WI—O' _ W—G
Then (A.93) can be written as
0
Au;
Xij = (#) WL_QWQ+1L],
Tij J
and taking hats gives
A\
Xi=x|—] wowiL,. (A.94)
Ty J
Goods-market clearing requires local labor income to equal total sales:
N
WiLi = ZXU
j=1
Dividing by the corresponding baseline identity W?L? => j X?j yields
N X2
P X,0 x0._ i
Wil =150k, 0= —0" (A.95)
j=1 [

The CES price index satisfies
N
-0 —0
P = E (pjT;i)"-
=1

Its exact hat form is therefore

N A 0

H—6 _ 0 (s A V0 _ 0 j

P, —Znﬁ(Pﬂﬁ) _Znﬁ(ﬁ/-%-)’ (A.96)
=1

= Jtii
where o

X3 W

o ._ Ji 0_ 070 Ao

Ut =z E’ =w/L], p]—A.

N A\
A—0 A AD J
W] =xuizn§.’i(w%) : (A.97)
To close the system, suppose productivity and amenities satisfy

Ai ZAiqu, u; = l._llL .

1
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If the counterfactual changes only trade costs and leaves (A;, ii;) fixed, then
A=1y, o =1f (A.98)

More generally, with exogenous shifts in fundamentals one would use A; = jiif‘ and il; = ﬁiilp . Finally, impose the population

normalization
ﬁ: Lo
Ali=1, A= (A.99)
i=1 Zk Ly

Equations (A.94), (A.95), (A.97), (A.98), and (A.99), together with the fixed-routing transport block (A.89)-(A.91), charac-
terize the counterfactual equilibrium.

Solving for ¥ and recovering welfare. For the given counterfactual {?k&m}, the routing kernel pff’m is held fixed

throughout. Given a trial value of 7, we solve the inner equilibrium for the implied objects (W, L, X, 4). When congestion
is absent, 7 is computed once from (A.89) and the inner problem reduces to solving (A.94), (A.95), (A.97), and (A.98).
When congestion is present, we iterate between the trade block (A.94), (A.95), (A.97), (A.98) and the transport block
(A.90)—(A.91) until (X, £) converge.

This inner solve delivers L(§) and therefore the scalar residual

N
r(2) =D Lli(g) - 1.
i=1

The outer problem is one-dimensional: we update y with a scalar root finder until 7(;y) = 0. Once the root is found, the
common welfare change follows immediately from the definition of y:

=Wt = W=V (A.100)

5 (A.101)

-1/6

and, at the solution, W; is constant across i and coincides with ¥ up to numerical error.
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B Data and Additional Results

B.1 Data Appendix

Figure A.1 captures the value share of goods that are transported within the United States by transport mode and distance.

B.1.1 Rail Data

Our confidential carload waybills data comes from the Surface Transportation Board. This is a stratified sample of carload
waybills for all U.S. rail traffic submitted by those rail carriers terminating 4,500 or more revenue carloads annually, covering
48 states (except Alaska and Hawaii). The waybills data report the origin rail station, destination rail station, and the
interchange stations in between that these freight cargo are transported through. The rich geographical information in this
confidential data set allows us to study the routing of these commodities through the railroad network. Additionally, this
data set also contains commodity-specific information including number of car loads, weight, whether it is a domestic or
international shipment, and its inter-modality—primarily indicating if the freight movement involved other transport modes,
which is almost entirely containers. The intermodal container rail traffic is the fastest growing segment of rail traffic, having
grown by more than 5 times between 1984 and 2019 (Figure A.2).

B.1.2 Road Data

We follow Allen and Arkolakis (2022) for the construction of road traffic flows data. We summarize their procedure in three
steps: First, they create a sparse graph representation of the underlying road network by collapsing the high-dimensional
geo-spatial information contained in the original shapefiles and only preserving nodes that are either endpoints or intersections.
Furthermore, core-based statistical areas (CBSAs) are represented by a singular node along the network. Their resulting
graph consists of 228 nodes and 704 edges. Second, they construct a weighted graph by including traffic data. To do so
they obtain the average annual daily traffic from the 2012 Highway Performance Monitoring System (HPMS) dataset by the
Federal Highway Administration and allocate it to individual links by constructing a length-weighted average of the annual
daily traffic.

B.1.3 Ports

While we include the top container ports in the U.S. in our analysis, we merge some of these ports into the one polygon
due to the U.S.ACE-provided polygons either overlapping or being very close to each other. Specifically, Tacoma + Seattle
are merged into a single polygon due to their port alliance (NWSA). Additionally, Tacoma and Seattle share a port alliance.
Tampa + Manatee were merged do to overlap issues between the rather large Tampa region and the manually applied
Manatee port statistical area. Los Angeles and Long Beach are also merged due to proximity. Lastly, we include Chester in
the Philadelphia PSA because the U.S.ACE-provided polygon area includes Chester. Between the 28 coastal and inland ports,
we capture 98 percent of total U.S. container volumes.

B.1.4 Automatic Identification System (AIS) Vessel Traffic Data

We utilize automatic identification system (AIS) vessel traffic data from Marine Cadastre, a joint initiative between the
Bureau of Ocean Energy Management and the National Oceanic and Atmospheric Administration. Here we highlight two
examples to show how we capture these ships and the time they spend at a port. Panel (A) Figure A.3 shows the path of
containership CMA CGM Christophe Colomb as it enters the Port of Los Angeles (LA) on May 2, 2022. It is a containership
with a cargo capacity of 86,100 tons (13,800 twenty-foot equivalent unit containers (TEUs)) and is operated by container
shipping company CMA CGM. Panel (B) Figure A.3 shows the path of containership Guthorm Maersk entering and leaving
the Port of Newark. Guthorm Maersk is a containership with a cargo capacity of 57,000 tons (11,000 TEUs) and is operated
by container shipping company Maersk. The ship path entering the port is highlighted in the figure and the redder color
indicates slower speed. The darker region of both figures indicate the port polygon for both ports as defined by the U.S. Army
Corps of Engineers.

B.1.5 Matching Rail Traffic Data to Metropolitan Statistical Area (MSAs)

Using 1999 Metropolitan Statistical Area (MSA) polygons from the Census Bureau, we match the rail stations from the
Waybill data to the 228 MSAs in Duranton and Turner (2011). By rail destination, we observe 224 MSAs and by origin we
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Figure A.1. U.S. Transport Mode Value Shares by Distance

I Multimodal [ Truck

Notes: This figure plots the observed value share of cargo transported by different modes across various distances in 2018. Multimodal indicates cargo
movement that involves more than one mode, including truck, rail, and waterways. Source: Freight Analysis Framework, U.S. Department of Transportation,
and authors’ calculations.

observe 223 MSAs. Since some of these unobserved MSAs overlap, we have 7 MSAs. We conduct our analysis on the remaining
221 MSAs, so that both the origin and destination results are comparable. The 7 MSAs that we do not have rail traffic for
Daytona Beach FL, Fort Myers-Cape Coral FL, Fort Walton Beach FL, New Haven-Bridgeport-Stamford-Waterbury-Danbury CT,
Providence-Warwick-Pawtucket RI, Punta Gorda FL, and Santa Fe NM.

To match the MSA-level truck vehicle-kilometers traveled (VKT) measure in Duranton and Turner (2011), we calculate
the rail equivalent in two ways. First, we utilize the number of rail carloads, transported in and out of MSAs, multiplied
by the weighted average of their distance traveled. We call this railcar-kilometers-traveled (rail VKT) and distinguish by
destination for rail shipments transported into these MSAs, and by origin for shipments transported out of these MSAs. We
also observe the weight of these rail shipments and can calculate rail weight VKT using the same method outlined previously.

B.1.6 Rail Dwell Times Data

We obtain weekly rail station dwell times from the Surface Transportation Board (STB). Railroads provide the STB with
the average time a railcar resides at a station, measured in hours, for their 10 largest stations in terms of railcars processed.
This dwell time measure excludes cars on through trains—trains that travels without stops en route. Since this dataset only
captures a subset of all rail stations (albeit the largest ones), we match the ports in the previous section to their local rail
stations. We do this by expanding the port polygon areas in 50km intervals. The rail stations that are captured in the buffer
areas of their closest port is be considered a rail station in the vicinity of this port and is likely to service traffic to and from
the port. Due to their proximity, The ports of Los Angeles and Long Beach and combined into one port for this exercise. We
use a buffer area of 150km which captures 7 ports and 12 rail stations. We test the robustness of this buffer area by increasing
the interval in our analysis to 200km where we capture 8 ports and 14 rail stations. Further increases to this interval result in
more muted responses of rail station dwell times to port traffic, as these rail stations are much further away.

Additionally, the rail dwell times dataset is reported at the weekly level. In order to match this to our daily port traffic
measure for analysis, we aggregate our port traffic measure up to the weekly level. We start our week on a Monday since we
observe in our data that most ships tend to enter a port on Mondays.

Summary Statistics Figure A.4 plots the average of rail station dwell times from June 2015 to December 2021. The
average dwell time over this period is around 25.5 hours per station with a standard deviation of 2.5 hours. However, there is
also a large decrease in dwell times around the start of the pandemic followed up a steep increase afterwards.
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Figure A.2. Intermodal Container Rail Traffic, 1984-2019
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Notes: This figure plots the observed levels of intermodal rail cargo from 1984 to 2019. Source: Confidential
Carload Wayhbill, Surface Transportation Board, and authors’ calculations.

B.2 Regression design for Modal Substitution (Subsection 4.1)

We are interested in deriving a regression that studies the impact of changes in the transport network on the modal mix in
order to identify the elasticity of substitution between modes. In Subsection 4.1 we examine the results of a regression that
examines location (i.e. MSA) specific outcomes as a function of local changes in the primary network. Conceptually, the
regression can be seen understood to be of the following form:

dlnYk=a+[5 xdlnfk,1+ekk’1 (Bl)

where Y, refers to a local outcome (primary network traffic, or the ratio between primary and non-primary traffic) in a MSA
located at node k and d In £, refers to changes in transportation cost of the localized primary network.In what follows we
motivate this regression by deriving a structural interpretation. In what follows, we will make an additional assumption
that there exists some localized primary network fully contained within the MSA that any unimodal route originating or
terminating in k needs to transition through before accessing the national primary road network. Let this localized network

be represented by the transportation cost t. In order to derive the regression we start by examining modal traffic (Equation
(3.9)), which we restate here for convenience,

[1]

_ N n—0 —6 -6
Kim = L X g X P XTI

where we can characterize total outgoing traffic on the primary and non-primary network as,

— 6 _
Exe1 =P xt"th"xt” x 11,7
leZ,(k)
= — p— - n—0 -0
Ekem = P’ XS Z (Trimsum) Xt XTI,
leZ,,(k)

Totally differentiating with respect to the change in local transport cost on the primary network,

dInEy, =—0dInP,—ndlnty, +din| > ) x " x 117 (B.2)
1€, (k)

where this capture the impact of highway changes on highway traffic, plus market access changes

dInEp=—0dInP+din| > (SumTrmsiun) Xt 0 x7°
1eZ, (k)
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Figure A.3. Illustration of AIS Mooring Paths
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Notes: Panel (a) shows the containership CMA CGM Christophe Colomb at the Port of Los Angeles while Panel (b) shows the
containership Guthorm Maersk at the Port of Newark. The path of each ship to and from the port shows its exact travel path.
The darker regions at each port shows the port polygons as defined by the U.S. Army Corps of Engineers.

which expresses changes in modal traffic as a function of the local price index (d In P, ), changes in local transport cost, either
for the primary mode (dInty ;), and a final summation term that captures changes in mode-specific market access. While
we could in principle regress directly on primary mode traffic as in Equation (B.2), the obvious challenge would be the
confounding impact of changes in the local price index which will be affected by the local network changes. Instead, we
propose to form the ratio between primary and non-primary modal traffic to difference out the local price index. Forming this
ratio and taking the total differential, we obtain,

= IV A s

dln =% = _pdint,, +d ln( > i " f _n’ . ) (B.3)
Skeke,m ’ 15700 2tez, 00 (Skem TrimSitm) Xty - x TI7°

where instead now the only confounder is the final summation term that summarizes changes in the relative mode-specific

market access. Lining this up with the initial motivating regression design (Equation (B.1)), we can see that the coefficient

identifies the modal elasticity of substitution (8 = 7)), while the identifying restriction is that the instrument needs to be

orthogonal to changes in the relative mode-specific market access.
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Figure A.4. Rail Station Dwell Times
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Notes: This figure plots the average time a railcar spends at a rail station from June 2015 to July 2022.
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B.3 Elasticity of Modal Substitution: Additional Results

Since we have a slightly smaller set of MSAs due to the matching process between MSAs and our rail traffic data (see Section
B.1.5 for more information), we first show that we are able to replicate the truck traffic use results from Duranton and Turner
(2011) in Table A.2 (first stage results are in Table A.3). Table A.4 presents the rail traffic use results while Table A.5 presents
the alternative weight-based measure of the relative truck to rail traffic use. Table A.6 presents additional robustness checks
on our baseline results.

Table. A.2. Elasticity of Truck Traffic Use with respect to Road Infrastructure Improvements

€3] (2) 3 4 )
Truck Traffic Use OLS OLS v v v
Interstate Highway Lane KM 1.606 1.616 1.746 2.083 2.099
(0.328) (0.338) (0.427) (0.483) (0.530)

Population 0.967 -0.278 -0.615 -0.484
(0.550) (0.303) (0.376) (0.393)
Geography v Vv
Census Divisions N Vv
Socioeconomic Characteristics Vv Vv
MSA FE N N
Year FE v N v v N
Observations 663 663 663 663 663
R-squared 0.77 0.78 0.49 0.49 0.51
KP F-stat 13.48 10.08 10.02

Notes: Robust standard errors clustered by MSAs in parentheses. All variables are in logs. Instruments are 1835 exploration
routes, 1898 railroad route kilometers, and 1947 planned interstate highways. 663 observations corresponding to 221 MSAs
for each regression. See Table A.3 for first-stage regressions. The results in this table are produced using data from Duranton
and Turner (2011) that is matched to rail traffic data.
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Table. A.3. First Stage

(1) (2) (3)
1898 Railroads 0.0879 0.0939 0.119
(0.0460) (0.0499) (0.0474)
1947 Planned Interstates 0.156 0.127 0.114
(0.0332) (0.0322) (0.0284)
1835 Exploration Routes 0.0249 0.0268 0.0222
(0.0117) (0.0124) (0.0122)
Population 0.516 0.599 0.545
(0.0393) (0.0481) (0.0597)
Geography v N
Census Divisions v N
Socioeconomic Characteristics N
Year FE v v Vv
Observations 663 663 663
KP F-stat 13.48 10.08 10.02

Notes: See Equation (4.2) for more details. Robust standard errors clustered by MSAs in parentheses. All variables are in
logs. Instruments are 1835 exploration routes, 1898 railroad route kilometers, and 1947 planned interstate highways. 663
observations corresponding to 221 MSAs for each regression. The results in this table are produced using data from Duranton
and Turner (2011) that is matched to rail traffic data.

Table. A.4. Elasticity of Rail Traffic Use with respect to Road Infrastructure Improvements

€Y 2) 3) @ (5)
Rail Traffic Use OLS OLS v v v
Interstate Highway Lane KM -0.103 -0.0993 0.434 0.254 0.401
(0.173) (0.175) (0.314) (0.337) (0.315)

Population 0.346 0.695 0.878 0.757
(0.299) (0.245) (0.286) (0.273)
Geography e v
Census Divisions v N
Socioeconomic Characteristics N N
MSA FE N N
Year FE N N N N Vv
Observations 663 663 663 663 663
R-squared 0.94 0.94 0.39 0.55 0.57
KP F-stat 13.48 10.08 10.02

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Robust standard errors clustered by MSAs in parentheses. All variables are in
logs. Rail traffic use, measured in railcar-kilometers, is constructed using confidential rail waybill data. Truck traffic use (in
vehicle-kilometers) and other variables are from Duranton and Turner (2011). Instruments are 1835 exploration routes,
1898 railroad route kilometers, and 1947 planned interstate highways. 663 observations corresponding to 221 MSAs for
each regression. See Table A.3 for first stage regressions.
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Table. A.5. Elasticity of Modal Substitution using Weight-Based Measure: Ratio of Rail to Truck Traffic Use with
respect to Road Infrastructure Improvements

€3] (2) 3 4 ©)

OLS OLS v v v
Interstate Highway Lane KM -1.473  -1.472 -0.930 -1.373 -1.203
(0.171) (0.172) (0.392) (0.403) (0.382)

Population -0.101  0.524 1.012 0.774
(0.308) (0.297) (0.338) (0.316)
Geography N Vv
Census Divisions N Vv
Socioeconomic Characteristics N N
MSA FE Vv v
Year FE Vv Vv Vv N Vv
Observations 658 658 658 658 658
R-squared 0.89 0.89 -0.03 0.23 0.28
KP F-stat 14.48 10.76 10.04

Notes: Robust standard errors clustered by MSAs in parentheses. All variables are in logs. Rail traffic use, measured in
rail weight-kilometers, is constructed using confidential rail waybill data. Truck traffic use and all other variables are from
Duranton and Turner (2011). Instruments are 1835 exploration routes, 1898 railroad route kilometers, and 1947 planned
interstate highways. 663 observations corresponding to 221 MSAs for each regression. See Table A.3 for first stage regressions.
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Table. A.6. Elasticity of Modal Substitution: Robustness Checks

€)) (2) €)] 4 (5) (6) 7

Rail to Truck Traffic Use I\Y I\Y I\Y v v v v
Interstate Highway Lane KM -1.099 -0.999 -1.220 -1.019 -1.283 -1.593  -1.703
(0.364) (0.405) (0.444) (0.430) (0.462) (0.528) (0.543)

Population 0.891 1.145 1.000 0.973 0.789 1.267 1.155
(0.306) (0.336) (0.367) (0.352) (0.376) (0.434) (0.443)
Geography Vv Vv N N N v N
Census Divisions N N N N N N Vv
Socioeconomic Characteristics N Vv N N v v N
MSA FE
Year FE N Vv N N v v N
Rail Measure Carload Carload Carload  Weight Weight Carload Weight
Without 1898 Rail IV v v
Data Total Incoming Outgoing Incoming Outgoing  Total Total
Observations 658 658 658 658 658 658 658
R-squared 0.27 0.24 0.31 0.21 0.34 0.20 0.20
KP F-stat 10.04 10.04 10.04 10.04 10.04 14.25 14.25

Notes: Robust standard errors clustered by MSAs in parentheses. All variables are in logs. Rail traffic use, measured in rail
weight-kilometers, is constructed using confidential rail waybill data. Truck traffic use (in vehicle-kilometers) and other
variables are from Duranton and Turner (2011). Instruments are 1835 exploration routes, 1898 railroad route kilometers,
and 1947 planned interstate highways. These observations correspond to 221 MSAs for each regression. See Table A.3 for
first stage regressions. Column (1) reproduces the baseline results from Column (5) in Table 1 for comparison. Column
(2) restricts the results from Column (1) to just incoming rail traffic use while Column (3) restricts the results to outgoing
rail traffic use. For detailed results for weight-based measure of total rail traffic use, see Table A.5. Column (4) uses this
weight-based measure of rail traffic use but restricts the results to just incoming traffic while Column (5) restricts the results
to outgoing traffic. Columns (6) and (7) reruns the 2SLS regression without the 1898 railroad instrument, for the carload-
and weight-based rail traffic use measures respectively.
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B.4 Estimation of Intermodal Terminal Congestion: Additional Results

Figure A.5 presents a scatter plot between our residualized port trade exposure instrument and a proxy for unobserved
determinants of ship dwell times—the annual number of container cranes at ports. The noisy relationship supports the
validity of our identification strategy, suggesting that our instrument is unlikely to be systematically related to endogenous,
time-varying port investments aimed at particular ships.

Figure A.5. Residualized Plot of Container Cranes and Port Trade Exposure Instrument
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Notes: This figure plots the binned scatter plot and correlation between the residualized annual number of container cranes
and port trade exposure instrument. The binned scatter plot is at the port-year level with 708 observations. Robust standard
errors are clustered at the port-level.

Table A.7 presents robustness checks on our baseline results in Table 2.

Table. A.7. Congestion Elasticity of Port Traffic with respect to Ship Dwell Times: Robustness Checks

€)) @ 3) @ 5)

OLS OLS v v v
Port Traffic 0.229 1.111 0.208 0.272
(0.023) (0.511) (0.114) (0.163)
Port Traffic x Before Mar 2020 0.091
(0.011)
Port Traffic x After Mar 2020 0.120
(0.012)
Day-Month-Year FE N v v v v
Port-Year FE N v N N v
Ship-Port FE N N v N v
March 2020 Period Before After
West Coast Ports N N
Observations 22367 90516 22367 69917 20084
First Stage KP-F 10.01 143.42 176.34

Notes: Robust standard errors in parentheses are two-way clustered at the ship and port level. All variables are in logs.
Port traffic is the 28-day moving average of total daily net tonnage at the port. Weighted by ship net tonnage. Column (1)
produces results using the OLS regression from Equation (4.3) when restricted to only west coast ports while Column (2)
produces results using the OLS regression from Equation (4.3) with indicator variables for pre- and post-March 2020 to
highlight the pandemic period. Column (3) produces the 2SLS regression using the IV from Equation (4.4) when restricted
to only west coast ports. Column (4) produces the 2SLS regression using the IV from Equation (4.4) when restricted to the
period before March 2020 while Column (5) is restricted to the period after March 2020. The estimates in Columns (4) and
(5) are statistically significant at the 90% confidence level.
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Table A.8 presents the OLS regression from Equation (4.3) using shorter periods of moving averages for port traffic. With
shorter periods of moving averages, the ship dwell times is still positively correlated with the average tonnage at the port but
the magnitudes of the coefficients are smaller.

Table. A.8. Ship Dwell Times and Port Traffic by Time Aggregations

1) (2) (3 4

Port Traffic 0.0995 0.0800 0.0540 0.0246
(0.0104) (0.00850) (0.0151) (0.00692)

Day-Month-Year FE N N N Vv
Port-Year FE v v v N
Ship-PortFE N N Vv Vv
Moving Average (Days) 28 21 14 7
Observations 90516 90516 90515 90492
R? 0.77 0.77 0.77 0.77
F 92.19 88.54 12.82 12.68

Notes: Robust standard errors in parentheses are two-way clustered by ship and port. All variables are in logs. Column (1)
estimates the elasticity using the 28-day moving average of total daily net tonnage at the port and is replicated from the
baseline results in Column (2) Table 2. Column (2) presents the 21-day moving average, Column (3) presents the 14-day
moving average, and Column (4) presents the 7-day moving average. Weighted by ship net tonnage.

B.5 Rail Intermodal Terminal Congestion and Port Traffic

In this subsection, we study how port congestion can impact the multimodal network. In particular, we focus on how port
traffic affects the amount of time a rail car spends at the rail station that is local to that port. We estimate the following
regression (Columns (3) and (4), Table A.9):

InRail Dwell Time = B, InPort Traffic,,,, + Yy + Prp + Erpwy (B.4)

rpwy
where Rail Dwell Time,,,,, is the average number of hours a rail car spends at a rail station r that is in the vicinity of port p
during week w in year y, Port Traffic,,,, is the average amount of port traffic at port p for that same week w in year y,% Port
traffic is measured in both net tons of ships as in our congestion elasticity approach, as well as the number of ships. r,,,, is
week-year fixed effects, and ¢,,, is rail station-port fixed effects. The key parameter of interest, 3,, captures the link between
rail dwell times and its nearest port traffic. Standard errors are clustered at the port level.

The week-year fixed effects control for aggregate events that affects all rail stations. The rail-port fixed effects control for
fixed characteristics at the rail-port level. These include time-invariant comparative advantage differences across ports that
result in larger capacity trains servicing the rail stations close to these ports which mechanically take longer time to unload. It
also includes fixed rail station characteristics and fixed port characteristics that take into account their geography. In order to
match the local rail stations in our rail dwell times dataset to ports, we extend the port areas in order to capture nearby rail
stations. The buffer area we used in our baseline result is 150km which captures 6 ports and 11 rail stations. This small set of
stations and ports is due to data restrictions from the rail dwell times dataset. The rail companies are only required to report
the dwell times for the top 10 largest of their rail stations, and these rail stations sometimes overlap in geographic location.

We find that a one percent increase in port traffic, measured in average net tonnage, is correlated with a statistically
significant increase in rail dwell times by 0.05 percent (Column (3), Table A.9). This elasticity is robust to specifications
with rail station fixed effects and port fixed effects separately (Column (1), Table A.9). This elasticity is also robust to an
alternative measures of port traffic by using the average number of ships (Columns (4) and (2), Table A.9).

As a robustness check, we extend the buffer area around the ports to 200km which captures 9 ports and 16 rail stations.
We find that our estimate has the same sign and is within one standard error of our baseline estimate (Column (5), Table
A.9). However, the magnitude of this estimate is smaller and noisy, due to the impact of port traffic being more muted on rail
stations that are further away. Subsequent increases to the buffer area correspondingly result in even smaller estimates. Due
to the small sample size, we are unable causally identify the multimodal impact of port traffic on rail dwell times, but we are
able to show that there are statistically significant and positive correlations between the two.

3This measure, as mentioned from the previous subsection, is at the daily level. In order to match the rail dwell time
dataset, we aggregate it up to the weekly level. We start our week on a Monday since we observe in our data that most ships
tend to enter a port on Mondays.

A54



Table. A.9. Link between Rail Dwell Times and Nearest Port Traffic

(1) (2) (3) 4 (5)

Nearest Port Traffic (Net Tons)  0.0457 0.0457 0.0282
(0.0152) (0.0152) (0.0196)
Nearest Port Traffic (Ships) 0.0372 0.0372
(0.0143) (0.0143)

Port Buffer Area 150km 150km 150km 150km 200km
Week-Month-Year FE N N N N N
Rail Station-Port FE N4
Rail Station FE N N
Observations 3327 3327 3327 3327 4316
R? 0.80 0.80 0.80 0.80 0.79
F 9.08 6.80 9.08 6.80 2.06

Notes: Robust standard errors in parentheses are two way clustered by port and rail station. All variables
are in logs. Local rail stations are determined by a 150km or 200km buffer area around the ports as
described in Appendix Section B.1.6.
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B.6 Model Fit: Additional Results

This section presents further results that evaluate our model’s ability in representing actual observed trade flows in the
data across various transport modes. Table A.10 reports the univariate regressions between residualized observed trade
flows and residualized model-predicted trade flows at both the aggregate and mode-specific levels (Columns (1) and (2)
respectively). Columns (3) and (4) in Table A.10 demonstrates the gravity model implications our model by comparing
the negative relationship between residualized observed trade and distance versus residualized model-predicted trade and
distance.

Table. A.10. Model Fit

) 2) 3) )
Residualized Observed Trade Residualized Observed Trade Residualized Observed Trade Residualized Predicted Trade
Residualized Predicted Trade 1.22"

(0.03)

Residualized Predicted Trade for Truck 1.20"

(0.03)
Residualized Predicted Trade for Rail 1.34%

(0.07)
Residualized Predicted Trade for Barges 1.02

(0.26)
Residualized Route Distance -1.15"* -0.61"

0.07) (0.02)

Conditional on origin and destination FE N v N v
Observations 14514 14514 14467 14467
R? 0.62 0.62 0.60 0.41
F 1524.65 521.92 314.11 671.98

Notes: This table compares the observed bilateral origin to destination mode-specific trade flows with the mode-specific
trade flows predicted by the multimodal economic geography model based on observed traffic data along the transport
network. Both the observed and predicted trade flow measures are in logs and residualized using origin and destination fixed
effects, allowing for the comparison to come from similarities at the origin-destination pair-level. Column (1) compares the
aggregated observed and predicted trade flows while Column (2) compares the mode-specific observed and predicted trade
flows for all three transport modes (truck, rail, and barges). Columns (3) and (4) examine the gravity model implications of
the model by comparing the relationship between the observed trade flows and distance (Column (3)) to the relationship
between the predicted trade flows and distance (Column (4)). The route distance measure is also in logs and residualized
using origin and destination fixed effects. Robust standard errors in parentheses are clustered by origin and destination cities.
Weighted by trade weight in tons.
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B.7 Gains from Improving Intermodal Terminals Counterfactuals: Additional
Results

Table A.11 presents the top 30 list of intermodal terminals with the highest welfare impacts from lowering the transshipment
cost in each terminal by 1 percent. Figure A.6 is a scatter plot comparing the welfare impacts from a 1 percent transshipment
cost decrease at each terminal with and without congestion effects.

Table. A.11. Top 30 Ranking: Welfare Benefits of Improving Intermodal Terminals

(1) CBSA Name (2) Population (3) Terminals (4) Throughput (5) ROI (6) Benefit ($m) (7) Cost ($m)

1 Chicago-Joliet-Naperville, IL-IN-WI 9368268 88 10368684 3.730 3851 814
2 Los Angeles-Long Beach-Santa Ana, CA 9639715 38 6836640 3.039 2168 537
3 Houston-Sugar Land-Baytown, TX 3133212 27 630300 24.782 1086 42
4 Riverside-San Bernardino-Ontario, CA 2173638 14 761760 10.999 942 79
5 Atlanta-Sandy Springs-Marietta, GA 1627623 28 1830840 4.643 811 144
6 Lebanon, PA 655561 1 793920 10.194 698 62
7 Jacksonville, FL 936317 18 797880 17.252 689 38
8 Kansas City, MO-KS 1767872 55 1088760 5.335 510 81
9 Portland-Vancouver-Hillsboro, OR-WA 1641801 30 424296 16.349 492 28
10 Detroit-Warren-Livonia, MI 2732964 31 557760 11.799 463 36
11 Memphis, TN-MS-AR 997862 28 1416120 3.722 457 97
12 Charlotte-Gastonia-Rock Hill, NC-SC 1502267 20 352440 13.404 399 28
13 Denver-Aurora-Broomfield, CO 2252276 19 248964 18.907 389 20
14 New York-Northern New Jersey-Long Island, NY-NJ-PA 14745610 29 1493556 2.160 371 117
15 Savannah, GA 250934 9 381840 10.908 357 30
16 Dallas-Fort Worth-Arlington, TX 4513776 13 1692480 1.608 347 133
17 Cincinnati-Middletown, OH-KY-IN 1744673 23 257160 15.447 332 20
18 Shreveport-Bossier City, LA 282413 4 390120 11.469 325 26
19 Birmingham-Hoover, AL 702669 23 395880 9.277 319 31
20 Allentown-Bethlehem-Easton, PA-NJ 891373 2 161760 21.166 282 13
21 St. Louis, MO-IL 1901086 38 592320 5.287 249 40
22 Charleston-North Charleston-Summerville, SC 480101 9 143400 26.965 233 8
23 Buffalo-Niagara Falls, NY 1150833 17 126600 15.004 221 14
24 San Francisco-Oakland-Fremont, CA 3863536 14 312936 1.233 215 96
25 Cleveland-Elyria-Mentor, OH 2175988 23 430440 5.305 213 34
26 Baltimore-Towson, MD 684543 16 145776 16.236 197 11
27 Syracuse, NY 664647 2 107040 29.231 196 6
28 Louisville/Jefferson County, KY-IN 1308587 20 185760 11.877 188 15
29 Laredo, TX 265111 3 130920 17.008 185 10
30 Stockton, CA 901910 11 864960 1.574 175 68

Notes: The table shows the thirty terminals where a one percent reduction of the switching cost generates the highest
benefit. Column (1) indicates the core based statistical areas (CBSA) name of the node, which includes both metropolitan and
micropolitan areas. The terminal’s population, number of terminals, and rail throughput in TEUs are reported in Columns
(2), (3), and (4) respectively. Column (5) shows the imputed return on investment (ROI), Column (6) calculates how much
2012 U.S. GDP would need to increase in order to match the overall welfare gain, while Column (7) presents the required
cost of making this one percent cost decrease.
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Figure A.6. Welfare Benefits with and without Congestion
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Notes: This figure presents a comparison of the welfare impacts from a 1 percent transshipment cost decrease at each
terminal with and without congestion effects. See Figure 9 for the same comparison for the top 20 most impactful terminals.
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B.8 Channel Decomposition Using Highway System Improvements: Additional
Results

Figure A.7 shows the welfare effects of a one percent reduction in transport costs on each U.S. highway link and decomposes
the underlying mechanisms by comparing the full multimodal model to counterfactual specifications that sequentially shut
down road and terminal congestion (yellow), modal substitution (purple), terminal congestion only (green), endogenous
routing (brown), and externalities (blue).

Figure A.7. Joint Decomposition of Main Channels: Welfare Effects of Highway Improvements
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Notes: This figure reports the welfare effects of a 1% reduction in transport costs on each link of the U.S. highway segment
and decomposes the main mechanisms in the model. The red line represents the full multimodal model, which includes road
and terminal congestion, productivity and amenity spillovers (Hulten effects), multiple transport modes, and endogenous
routing. Each of the other 5 lines shuts down one channel at a time: road and terminal congestion (yellow), modal substitution
(unimodal road-only network, purple), terminal congestion only (green), endogenous routing (fixed routing, brown), and
externalities (blue). The legend in each panel reports the weighted average welfare effect for each specification, with weights
given by the GDP of origin and destination nodes of each link). The percentage in parentheses indicates the difference relative
to the full multimodal model. For example, abstracting from congestion increases the average estimated welfare gain by
85.1% relative to the full model.
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Figure A.8. Decomposition of Main Channels: Welfare Effects of Highway Improvements with and without
Terminal Congestion
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Notes: This figure reports the welfare effects of a 1% reduction in transport costs on each link of the U.S. highway segment
and decomposes the main mechanisms in the model. The highway system consists of 704 links in total, each corresponding
to a separate counterfactual. Each model specification evaluates the same set of 704 link-level counterfactuals. The red line
represents the full multimodal model, which includes road and terminal congestion, productivity and amenity spillovers
(Hulten effects), multiple transport modes, and endogenous routing. The green line represents a specification that shuts
down terminal congestion. The legend in each panel reports the weighted average welfare effect for each specification, with
weights given by the GDP of origin and destination nodes of each link). The percentage in parentheses indicates the difference
relative to the full multimodal model: abstracting from terminal congestion increases the average estimated welfare gain by
12% relative to the full model. Figure A.7 presents all decomposition results jointly in a single figure.
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