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Executive Summary

The Issue

According to the USDA’s Foreign Agricultural Service, U.S. farmers export more than 20 percent
of what they produce. Since 2000, exports have been rising virtually every year, increasing from
$58 billion in 2000 to over $133 billion in 2015. This growth has put pressure on U.S. ports which
are vital links to foreign entities and trade. Investment in ports can and do have a significant
influence on trade flows. However, there is little research that examines determinants of flows
from a port to a foreign country or from the production-rich U.S. interior to the ports en route to

foreign countries.

Study Approach

In this study, we provide a comprehensive examination of trade for selected agricultural
commodities, namely corn, soybeans, wheat, and grain sorghum. This examination includes a
description of the countries that import these commodities and the U.S. ports from which they
import, as well as a description of the domestic U.S. suppliers of these commodities and the U.S.
ports they use to export over time. A focus of the analysis is on the ports that importers and
exporters choose to use.

Two separate econometric analyses are presented: an “importer analysis” and an
“exporter analysis.” In both cases, the analyses focus on the ports used. In the importer analysis
(Section 1), we model decisions of 151 foreign countries from 96 U.S. ports from 2003 to 2017,
and explain which ports are used and the intensity of trade (quantity) between the foreign

country and the U.S. port. In the second, exporter analysis (Section 2), we examine the decisions



of 70 different origination points in the Upper Midwest! and their choice of ports (i.e., where
they send their product) from 2014 to 2018. In both cases, the decisions are framed in terms of

shipping rates, port identifiers, and port attributes.

Major Findings

In both the import demand and export supply analyses, we find that the cost of transportation
and port attributes are important variables. The results are then used to evaluate the changes
in trade to changes in the transportation costs and in port attributes. In the importer model, the
results are restricted to sea-going movements. In the exporter model, ports with a barge option
(from movements in the study area) are more likely to be chosen than ports without a barge
option, and West coast ports are more likely to be chosen than Northeast ports. The results are
also used to measure the responsiveness of decisions to changes in rates and port attributes.
Finally, we calculate “willingness to pay” for deeper channels and longer berthing lengths, which
are key to evaluating the benefits of investments.

In our analysis, the ranking of U.S. ports by total agricultural export tonnage has remained
relatively consistent from 2002 to 2017. However, the market share of the top ranked ports has
fallen, while the market share of lower ranked ports has grown. The decline in market shares for
the top ports and increase in market shares for lower ranked ports indicates that importing
countries have diversified the ports used when importing agricultural goods from the United
States. More specifically, we find:

e Importers of U.S. agricultural products are less likely to choose ports with high associated

shipping costs. As freight rates rise, the probability that a port is chosen falls, while the
probability that another port is chosen rises.

! These include shippers from lowa, Illinois, Indiana, Kansas, Minnesota, Missouri, North Dakota, Nebraska, South
Dakota, and Wisconsin.



On the other hand, importers of U.S. agricultural products are more likely to select ports
with deeper channels and longer total berthing lengths.

Exporters of U.S. agricultural products are also more likely to ship goods from ports with
deeper channels and longer total berthing lengths. Similarly, as freight rates rise, the
probability a port is chosen falls.

Competition in barge and rail shipping markets influence how exporters of U.S.
agricultural products choose to export. As barge rates rise, the probability of selecting to
ship goods by barge to U.S. ports falls and the probability of selecting to ship goods by rail
rises.



1. Importer Analysis: Port Choice and International Trade in
Agricultural Products

1.1 Introduction

Over the last several decades, global trade has grown tremendously. Between 1990 and today,
the value of global trade as a fraction of global domestic product has increased by 47 percent.
The growth in trade translates into growth in international transportation, which depends
critically on coastal ports. To accommodate increased trade levels, there has been massive
investment in larger vessels to obtain economies of vessel size (e.g., Fan et al., 2018) and in ports
to accommodate larger vessels (Brooks et al., 2014). Thus, analyzing how shippers respond to
changes in port attributes is crucial for informing policy decisions. In this section, we provide an
analysis of importing country port choices, and an analysis of the intensity of trade between that
country and the U.S. port.

We motivate the decisions of port choice using a theoretical framework based on the
probabilistic Ricardian model in Eaton and Kortum (2002). Their model is commonly used to
analyze country- or industry-level trade flows.2 In our adaptation of their model, choice
probabilities are based on differences in trade costs across U.S. ports instead of differences in
costs across countries. Global trade arises as individual buyers in import markets purchase
products from the port that offers the highest return.® The theoretical framework also allows an

analysis of how port-level trade costs influence the intensity of trade using a log-linear gravity

2 There are several port choice studies that specify a random utility model (Anderson et al. (2009); Veldman et al.
(2013); Moya and Feo Valero (2017); Stevens and Corsi (2012)), but these models are not typically developed in a
trade model.

3 As shown in Appendix A, our choice model comes directly from Eaton and Kortum with less aggregation.
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relationship. The gravity model is commonly used in the trade literature (e.g., Anderson and Van
Wincoop, 2004). It relates trade flows negatively to the distance between two countries and
positively to the combined size of the two economies; that is, as distance goes down, trade goes
up, and trade increases the larger the trading partners. One benefit of the gravity model is that
its structure can be used to calculate tariff equivalence of non-tariff trade barriers (Burlando,
Cristea, and Lee, 2015).

We apply the model to trade of agricultural products. In particular, port choice decisions
and the volume of trade at the port-level are estimated using data on 151 countries importing
from 96 ports in the U.S. between 2003 and 2017. We estimate the port choice model with a
fractional logit based on market shares and the intensity between the port and the importing
country with a gravity model. The results allow us to evaluate how the choice of port and the
level of trade change as prices and attributes (channel depth and berthing length) of the port
change.

We find evidence that higher shipping rates reduce the probability a port is chosen. In
contrast, deeper ports and ports with longer berthing lengths are more likely to be selected by
importers of U.S. agricultural goods. We find that the intensive margin of trade (quantity
imported from a port) responds similarly to port attributes and shipping costs. Using the
estimates from the log-linear model and the structure of the theoretical gravity model, we
estimate that a one-dollar increase in the shipping rate has an equivalent effect on trade intensity
as a 2.1 percent tariff. Using the estimation results, the willingness to pay for cost-reducing port

attributes suggests that an additional foot of channel depth is worth roughly $0.34 per ton. The



average annual cost of dredging between 2003 and 2017 is approximately $1.88 per cubic foot.*
Thus, the benefit to shippers is roughly 20 percent of the cost. When evaluated at the average
annual tonnage, the total willingness to pay for an additional foot of channel depth is equivalent
to roughly $1.2 million.> Similarly, the willingness to pay for berthing length is worth
approximately $10.36 million per 100,000 feet. Finally, the effects are calculated across different
commodities and found to be quite heterogenous. For example, we find one additional foot of
berthing length, and one additional foot of channel depth is twice as high for shipments of
soybeans than for other crops.

The willingness to pay figures shed light on the benefits of potential investments to
accommodate larger vessels. For example, the largest bulk vessels require channel depths of 60
feet (Bureau of Transportation Statistics, 2017). For the average port in the sample, with a
channel depth of 41 feet, shippers would be willing to pay approximately $22.8 million for
channel deepening to accommodate the largest bulk vessels. According to data on dredging costs
from the USACE, the total cost of deepening 500-foot-wide channel 19 feet for 1 mile is
approximately $94 million.®

Own- and cross-price elasticities are calculated to evaluate the responsiveness of
guantities across ports from an increase in the cost of shipping and an increase in port depth or
berthing length. These actions affect the benefit of using different ports and result in a

reallocation of where goods are exchanged. We find that a 1 percent increase in port-specific

4 These data are available from USACE Navigation Data Center, “Actual Dredging Cost Data for 1963-2018.” For
further information on the cost of dredging, see Frittelli (2019).

5 This is calculated by multiplying the $0.34 per foot per ton by the average annual port-level tonnage, which is
approximately 3.5 million tons per year.

6 This is calculated based on a dredging cost $1.88 per cubic foot from Frittelli (2019) and USACE.
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shipping costs is associated with a decrease in quantities at that same port of between 6 percent
and 8 percent, depending on the port. Cross-price elasticities, which measure the sensitivity of
one port’s quantity with respect to the rates attached to another port, range from 0.07 on the
low end to 1.4 on the high end.

The analysis provides insights into how shipping costs and port attributes influence the
extent (which port to use) and intensity (how much to procure from the chosen port) of trade at
U.S. ports. The results of the paper have several important policy implications. First, changes in
global trade policy shift where goods are traded, and as a result, which ports are used. Changes
in shipping costs influence which ports are the most competitive in serving global markets. As a
result, they have significant implications for regional economies that rely on the competitiveness
of local ports. For example, a 2014 study found that full- and part-time employment at deep-
water ports in Georgia contributed to 8.4 percent of total state-level employment (Humphreys,
2015). Understanding how changes in port attributes and shipping costs influence port use has
implications for the day-to-day operations at ports as well. Empirical evidence suggests that port-
level infrastructure plays an important role in determining port efficiency (Herrera and Pang,
2008; Munim et al., 2018). Thus, analyzing the trade-offs shippers face when choosing ports can

help inform policies aimed at improving efficiency through port-level infrastructure investment.

1.2 Conceptual Framework

We explain importers’ port choices and volumes (intensity of trade) with a model developed from
a seminal article by Eaton and Kortum (2002) in the international trade literature. In this
subsection, we provide a brief description of the empirical implications of the model, with formal

development included in Appendix A.



The empirical analysis consists of two elements. First, we estimate a model that explains
the choice of port from which the commodities are received. Naturally, this depends on the trade
costs from the port. Trade costs are represented by country to port rates, which vary across ports
owing to differences in shipping distances and port attributes (e.g., channel depth and berthing
length). Second, using the same framework (Appendix A), we estimate trade intensity or volumes
using these same factors (country to port rates and port attributes). That is, estimated port-
country-commodity shares can be developed to produce a log-linear specification of trade
volumes that is similar to the workhorse of international trade modeling, the gravity model
(Anderson and Van Wincoop, 2004). Further, this model can be used to calculate the tariff

equivalent of a non-trade barrier.

1.3 Data

The data used to estimate the models are readily available and include: (1) trade data from the
U.S. Census Trade Online Database, (2) port attributes compiled from the World Port Index, the
United States Army Corps of Engineers, and supplemental data from individual port websites,
and (3) freight rates provided by USDA from O’Neil Commodity Consulting.

1.3.1 Trade Data
The U.S. Census Trade Online Database is the primary source of data used in this project. The

data are the annual quantity of exports of the four agricultural commodities studied (wheat,
soybeans, corn, and sorghum) from all U.S. customs ports to all importing countries. We focus
specifically on vessel shipments, which account for 98.9 percent of the total shipment value over
the sample period. The result is a collection of 111 customs ports. We observe these ports for

the years 2003 to 2017.



1.3.2 Port Attributes
We compiled port-level attribute data from a variety of sources. These sources include the World

Port Index, the Army Corps of Engineers, and supplemental information from port websites. Our
data includes information on the channel depth and total berthing length. The data corresponds
to the year 2016. Channel depth is measured in two ways, the minimum and maximum channel
depth. In the analysis, the minimum channel depth is used to measure the depth of the port
because the shallowest point of a port is a limiting factor in determining the size of vessels that
can access the port (Bureau of Transportation Statistics, 2017).” In the context of the choice
model, these variables influence the probability a port is chosen through the effect on trade costs
from a given port. Importers of agricultural products may not directly place importance on the
channel depth of a port, for example, but the channel depth factors into the port choice decision

through the effect on the port-level price.

1.3.3 Freight Rates
We use weekly data on freight rates between regions of the United States and destination

countries from O’Neil Commodity Consulting to predict annual port-level freight rates for all
possible origin-destination pairs. The data are for shipments from the Gulf Coast and Pacific
Northwest to several countries. The breadth of the data is displayed in Figure 1.1. We take
advantage of detailed distance data to create a measure of port-destination freight rates.
Specifically, we use variation in port-destination shipping distances, shipment value, and
variables controlling for annual fluctuations in freight rates to predict and impute freight rates at

the port-destination-year level.

7 The results of the empirical analysis are quantitatively and qualitatively similar if maximum channel depth is used.
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We measure external shipping distance using data on shipping distances between U.S.
ports and importing country ports, which accounts for geographic features, such as the Panama
Canal. The distance data come from a database on port-to-port nautical miles. Because our trade
data is at the port-country level, we use the average distance to ports in the importing country
as a measure of port-country distances.

Figure 1.1: Freight Rate Data Coverage
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Note: The figure displays the average annual freight rate from different U.S. regions (Gulf or North
Pacific) to importing countries (e.g., China, Egypt, Japan, etc.), 2008-18.

To impute freight rates, we use a log-linear model in which the natural log of the freight
rate is predicted based on the natural log of the shipping distance.? In Table 1.1 we display four

specifications, all of which include the log of the shipping distance between port k and country j.

8 We have also used a “random forest” regression model to predict freight rates. The random forest model can
flexibly allow for a high dimension of non-linearity in the regressors (or, “attributes of the forest”). The results are
qualitatively similar to the results when the OLS mode is used to predict and impute freight rates. Further, we have
also estimated rates using additional control variables, such as a port’s total annual tonnage. The results are
guantitatively very similar.
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Columns (2) and (3) of the table include a linear and quadratic time trend, while column (4)
includes year fixed effects. The adjusted R? of the model is highest when year fixed effects are
included, where the model captures 70 percent of the variation in freight rates. Based on fit, we

use the specification in column (4) of the table to predict and impute the missing freight rates.’

Table 1.1: OLS Model of Freight Rates
1 2 3 4
log Distance 0.292** 0.295** 0.296*** 0.296***
(0.015) 0.011) (0.01) (0.009)
Time Trend -0.092*** -128.602**
(0.002) (4.551)
Quadratic Time Trend 27.666***
(3.06)
Constant 0.921* 186.137**+ 1.248%*+ 1.001 %
(0.131) (4.172) (0.093) (0.079)
N 2086 2086 2086 2086
R2 0.155 0.566 0.582 0.702
Adjusted R? 0.155 0.566 0.582 0.701
Year Fixed Effects No No No Yes

Note: This table presents the results of estimating the OLS regression model used to predict
port-destination-year level freight rates. Errors allow for clustering at the importing country
level. *p<0.1; **p<0.05; ***p<0.01

In the top panel of Figure 1.2, we display the relationship between actual shipping rates
(on the y-axis) and the predicted rates from the model (on the x-axis). These two variables are

highly correlated. A regression of actual rates on predicted rates produces a coefficient of 1.09

with an R-squared of 0.79. In the bottom panel of Figure 1.2, we display the relationship between

° The empirical results are qualitatively and quantitatively similar if we use the other specifications in Table 1.1.
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the average annual predicted port-destination freight rates and the port-destination shipping

distances. Freight rates increase with distances at a decreasing rate.1°

Figure 1.2: Relationship between freight rate and shipping distances

o) “e
INRE -
i s o
o [T 4 L J -
; 50 =
£ 25 =’ AT
{ afeo, g o
0= : . :
0 25 50 75
Predicted Rate
9
Q
oY 40
i
5 30
go)
0 20
o , . . .
0 5000 10000 15000
Shipping Distance

Note: The top panel of the figure displays the relationship between the predicted rates and the
actual rates. The black line is a 45°line. The bottom panel of the figure displays the relationship
between shipping distances and the predicted rate. The line is calculated with a “lowess-
smoother” and represents the average rate at a given distance across years. Some shipping
distances are very long—for example shipping from Chicago to Vietnam requires a voyage of

16,000 miles.

10 The finding that rates increase at a decreasing rate is consistent with the so-called “tapering principle” (see,
Locklin, 1972). The concave ship is a result of the fixed costs associated with loading and unloading ships is spread
out over more miles shipped (Blonigen and Wilson, 2018).
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1.4 Results

1.4.1 Descriptive Statistics: Volumes between U.S. Ports and Importing Countries
Figure 1.3 displays the location of the ports as well as information on the total export quantity

(measured by weight) from each port in 2017. The top 10 ports, in terms of tonnage, are labeled
in the figure. This figure highlights several important aspects of the data. First, the Gulf Coast
and the Northwest are the two main regions where agricultural exports exit the United States.
Ports by the Great Lakes and on the East Coast export less agricultural commodities. Second, the
figure highlights how geographically close some of the major ports are to each other. For
example, New Orleans is the top-ranked port in terms of export tonnage, and Gramercy is the
second. These two ports are located 51 miles apart. We treat each customs port in the data
separately, rather than grouping ports into regions, because each port has unique attributes and
aggregating trade across ports would make it difficult to determine how these port-specific
attributes influence trade flows.

Figure 1.4 plots the quantity by commodity. Sorghum exports are heavily concentrated
in the Gulf, while other commodities are exported from a wider range of ports. The general
pattern across products remains the same. Ports in the Gulf and Northwest export at higher
values than ports on the East Coast and Great Lakes region.

When port-level exports by destination are plotted, several patterns emerge. Figure 1.5
displays tonnage imported across a range of countries. The countries chosen are the top
importers by volume in each continent or region of the world. While the Gulf remains a highly
used region for most countries, other port regions experience more variation across importers.

For example, Germany imports heavily from Gulf and East Coast ports, but very little from the
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West Coast. The patterns revealed in these figures highlight the importance of the distance

between ports and importing countries in port-choice decisions.

Figure 1.3
Ports by Total Export Quantity in 2017
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Note: This figure displays the total tonnage (in millions) shipped from each port in 2017. The top ten

ports, in terms of total tonnage, are labeled.
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Figure 1.4

Ports by Total Export Quantity
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Note: This figure displays the total tonnage (in millions) shipped from each port in 2017 for each
commodity. The top ten ports, in terms of total tonnage, are labeled.
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Figure 1.5

Ports by Total Export Quantity Ports by Total Export Quantity Ports by Total Export Quantity
China Germany Saudi Arabia
p . ; ; weight s :
; wint . e
D¢ ‘ df {122 ¢ 0 ; tiid
L 0] L[] Lt ) ° L[] 2
' oo oo EEEREER e
:
o o 50 4 b R 0.50
75 b 0.75
_4 Houston, TX _
. 1.00 2 New Orleans, LA
Ports by Total Export Quantity Ports by Total Export Quantity Ports by Total Export Quantity
Algeria Colombia Australia
weight
weight 13 ; » ’
{ ] .« 000 r " " el
Vi o [ LS .0 i 0 1eld
0.05 ] - -
' | e ° I Ty i g R
. ) 2 3e-04
0 ; e ‘ .
0: * Q u
@ oz ‘ 0 =

Note: This figure displays the total tonnage (in millions) shipped from each port in 2017 for several
large importers. The top five ports, in terms of total tonnage, are labeled.

Next, we analyze how the use of ports has changed over the sample period. Table 1.2
displays the top ten ports, in terms of total market share across all commodities and importing
countries, in the first and last year of the sample. New Orleans remains the largest source of
imports over the sample period. The decline in market shares for the top ports and increase in
market shares for lower ranked ports indicates that importing countries have diversified the ports
used when importing agricultural goods. Tables 1.3, 1.4, 1.5, and 1.6 display the top ranked ports

for soybeans, corn, wheat, and sorghum, respectively.
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Table 1.2: Total Market Shares

Rank 2003 2017

1 New Orleans, LA 37.65 New Orleans, LA 25.17
2 Gramercy, LA 24.95 Gramercy, LA 19.96
3 Kalama, WA 6.712 | Kalama, WA 10.74
4 Portland, OR 6.15 Longview, WA 5.891
5 Tacoma, WA 5.299 Baton Rouge, LA 5.473
6 Houston, TX 3.538 | Vancouver, WA 4,557
7 Seattle, WA 3.044 | Houston, TX 4,528
8 Vancouver, WA 2.838 | Tacoma, WA 4,298
9 Galveston, TX 1.564 | Portland, OR 4,11
10 Corpus Christi, TX 1.546 | Seattle, WA 3.879

Note: The table displays port-level market shares for 2003 (the first year of the study period)
and 2017 (the last year of the study period). Market shares are calculated as the fraction of
tonnage from a port across all commodities, relative to total tonnage. The top ten ports in each
year are shown.

Table 1.3: Soybeans Market Shares

Rank 2003 2017

Port share | Port share
1 New Orleans, LA 43.19 Gramercy, LA 27.33
2 Gramercy, LA 25.21 New Orleans, LA 25.94
3 Kalama, WA 9.578 | Kalama, WA 8.312
4 Seattle, WA 6.464 Baton Rouge, LA 7.279
5 Tacoma, WA 6.401 | Tacoma, WA 5.133
6 Mobile, AL 4.112 | Seattle, WA 5.011
7 Norfolk-Newport News, VA 1.485 | Norfolk-Newport News, VA 4.692
8 Brunswick, GA 0.864 Longview, WA 4.201
9 Baton Rouge, LA 0.832 | Los Angeles, CA 2.799
10 Superior, Wisconsin 0.584 | Vancouver, WA 2.718

Note: The table displays port-level market shares for 2003 (the first year of the study period)
and 2017 (the last year of the study period) for soybeans. Market shares are calculated as the
fraction of tonnage from a port, relative to total tonnage. The top ten ports in each year are
shown.
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Table 1.4: Corn Market Shares

Rank 2003 2017

Port share | Port share
1 New Orleans, LA 46.54 New Orleans, LA 35.44
2 Gramercy, LA 35.81 Gramercy, LA 24.88
3 Tacoma, WA 7.978 | Kalama, WA 8.321
4 Kalama, WA 4.625 Baton Rouge, LA 6.3
5 Seattle, WA 2.415 Tacoma, WA 6.288
6 Baton Rouge, LA 1.166 Longview, WA 6.098
7 Toledo-Sandusky, OH 0.316 | Seattle, WA 5.012
8 Lake Charles, LA 0.226 | Vancouver, WA 3.52
9 Albany, NY 0.18 Los Angeles, CA 1.036
10 Mobile, AL 0.107 Long Beach, CA 0.681

Note: The table displays port-level market shares for 2003 (the first year of the study period)
and 2017 (the last year of the study period) for corn. Market shares are calculated as the
fraction of tonnage from a port, relative to total tonnage. The top ten ports in each year are
shown.

Table 1.5: Wheat Market Shares
Rank 2003 2017

Port share | Port share
1 Portland, OR 23.95 Kalama, WA 20.01
2 New Orleans, LA 15.69 Portland, OR 18.63
3 Houston, TX 13.25 Houston, TX 13.66
4 Vancouver, WA 10.89 New Orleans, LA 12.42
5 Kalama, WA 7.097 Vancouver, WA 11.17
6 Gramercy, LA 6.971 Longview, WA 10.59
7 Galveston, TX 5.875 | Corpus Christi, TX 5.346
8 Corpus Christi, TX 4.758 | Duluth, MN - Superior, WI 2.612
9 Superior, Wisconsin 4,298 Beaumont, TX 1.552
10 Beaumont, TX 3.902 Baton Rouge, LA 1.437

Note: The table displays port-level market shares for 2003 (the first year of the study period)
and 2017 (the last year of the study period) for wheat. Market shares are calculated as the
fraction of tonnage from a port, relative to total tonnage. The top ten ports in each year are
shown.
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Table 1.6: Sorghum Market Share

Rank 2003 2017

Port share | Port share
1 New Orleans, LA 47.71 Corpus Christi, TX 47.19
2 Gramercy, LA 27.83 Houston, TX 35.19
3 Corpus Christi, TX 12.97 Kalama, WA 10.34
4 Houston, TX 5.622 Galveston, TX 2.906
5 Tacoma, WA 1.521 Seattle, WA 1.189
6 Seattle, WA 1.256 New Orleans, LA 0.991
7 Kalama, WA 0.843 | Long Beach, CA 0.542
8 Baton Rouge, LA 0.807 | Vancouver, WA 0.504
9 Galveston, TX 0.76 Los Angeles, CA 0.454
10 Los Angeles, CA 0.311 Gramercy, LA 0.384

Note: The table displays port-level market shares for 2003 (the first year of the study period)
and 2017 (the last year of the study period) for sorghum. Market shares are calculated as the
fraction of tonnage from a port, relative to total tonnage. The top ten ports in each year are
shown.

In general, the rank ordering across ports remains relatively constant. However, by 2017,
Longview and Baton Rouge replaced Galveston and Corpus Christi in the top ten. In general, the
top ports are consistent across commodities. Port competition is stronger in some commodities
than in others. For example, the top port in wheat has a market share of roughly 20 percent,
while the top port in sorghum has a market share of nearly 50 percent. In general, the top-ranked
ports remain constant over the sample period, but there is more movement lower in port
rankings. Across commodities, the ports that climb in the rankings tend to be located on the
West Coast, while East and Gulf Coast ports tend to fall out of the top ten. The rise of West Coast

ports can be attributed to the shift in U.S. trade partners and is consistent with the results in

Blonigen and Wilson (2013).
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1.4.2 Summary Statistics

Table 1.7 presents the summary statistics of the main variables, along with information on the

data source. Inthe average year, port-level shipping weights are roughly 36,376 tons, and freight

rates are roughly $35 per ton. The number of observations falls for the port-attributes—berthing

length and channel depth—because information is not available for all ports in the dataset.

However, the ports for which we do have data on port attributes cover 97 percent of the total

export tonnage. Thus, we analyze how these characteristics influence shipments from the major

U.S. agricultural ports.

Table 1.7: Summary Statistics

Variable Description Source Mean Std. Dev.
Weight Tons U.S. Census 36,376 272,270 44,579
Distance Shl'ppmg Distances Army Corps 6944.9 3636.2 44,579
(miles)
O’Neil
Rate Freight Rate (per ton) Commodity $34.74 $11.99 44,579
Consulting
Total Berthing L h
Berthing (iﬁtioo,ec;ct)olptg) engt Multiple Sources 1.05 1.07| 38,941
Mini h I
Depth inimum Channe Multiple Sources 41 148 | 39,150

Depth (ft)

Note: N is the number of observations.

Table 1.8 breaks down the data by crop. Average annual shipments of soybeans are larger

than the other commodities, travel further, and have higher average freight rates. Sorghum

shipments, while the smallest in terms of weight, tend to exit through ports with deeper channels

and longer total berthing lengths.
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Table 1.8: Summary Statistics by Crop

Commodity Tons Rate (S/ton) | Berthing (100,000 ft) | Depth (ft) | Dist (mi)

Wheat 33,730 34.84 1.00 41 6818.1
Corn 26,041 34.21 1.05 41 6642.8
Sorghum 15,211 34.64 1.15 43 6751.2
Soybeans 57,540 35.70 1.05 41 7755.4

1.4.3 Empirical Results
The results of multiple empirical models are presented in the first three columns of Table 1.9. All

columns include destination commodity-year fixed effects. In columns (2) and (3) we include
dummy variables that account for the region in which a given port lies (the omitted category is
Great Lakes). In the column labeled Trade Intensity, we estimate a log-linear model with the log
of export quantity as the dependent variable.

The results in Table 1.9 highlight the relevant trade-offs importing countries make when
choosing a port. Higher freight rates reduce the probability a port is selected across all models,
while deeper ports and ports with longer berthing lengths are more likely to be chosen. From
the model in column (4), we estimate that a one dollar increases in the freight rate (an additional
dollar per ton) reduces the intensity of trade from the port by 8.5 percent.

As noted earlier, one benefit of the gravity trade model is its structure can be used to
convert marginal effects of non-tariff barriers into tariff equivalents (Burlando, Cristea, and Lee
(2015)). In our context, the marginal effect of a one dollar increase in the freight rate can be
translated into a tariff equivalent by scaling it by the trade elasticity from Eaton and Kortum

(2002). More detail on how this parameter enters the empirical specifications can be found in
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Appendix A. Following Simonovska and Waugh (2014), we use a scaling value of 4.12. The tariff-

equivalent of a one-dollar increase in the freight rates is roughly 2.1 percent.!

Table 1.9: Estimation Results

Variable Port Choice Trade Intensity
(1) (2) (3) (4)
Rate —0.11xxx —0.18xxx —0.20%xx* —0.085%***
(0.007) (0.010) (0.012) (0.008)
Depth 0.068*x** 0.026x***
(0.005) (0.006)
Berthing 0.591#x*x 0.062xx
(0.030) (0.030)
Gulf 1.15%xx% 0.49*x*x 2.38%*x
(0.082) (0.12) (0.15)
North Atlantic 0.02 —1.58xx —0.75%x%x
(0.084) (0.144) (0.167)
North Pacific 0.45%x%* 0.38*x** 1.17 %%
(0.095) (0.121) (0.152)
South Atlantic —1.15%%x* -0.96**x* =1.37%%x%
(0.110) (0.129) (0.150)
South Pacific -0.051 -0.039 -0.209
(0.098) (0.121) (0.152)
Observations 44473 44473 37871 13321

Note: This table presents the results of estimating the fractional logit model. All columns include
destination-commodity-year fixed effects. Columns (1) through (3) display the results of the
choice model. The column labeled Trade Intensity presents the results of a gravity model
specification, with the log of port level export value as the dependent variable. To account for
the fact that our freight rate variable is generated, errors in the table are calculated using a
bootstrap over both the imputation of freight rates and the estimation of the fractional logit or
the intensity equation (see Appendix A). This is known as a two-stage bootstrap procedure.
*p<0.1; **p<0.05; ***p<0.01.

11 The tariff equivalent is calculated from Z?I=—9*a1, where these parameters come from the theoretical model. In
the context of the model, a1 is the tariff equivalent. Thus, with 8 =4.12, and B;=8.5%, the tariff equivalent is roughly
2.1%.
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Choice models allow the calculation of a “willingness to pay" of importers for a change in
an attribute.'? To calculate willingness to pay, we divide the marginal effect on utility associated
with deepening or widening the port by the coefficient on rates, which is the marginal effect of
a higher price on utility. For example, using the results in column (3), the shipper’s willingness to
pay for an additional foot of channel depth at a port is $S0.34 per ton (0.068/50.20 per ton = $0.34
per ton). Given that the average shipment weighs roughly 36,400 tons (from Table 1.3), this
comes to a total of $12,376 per foot. We use a similar method to calculate the willingness to pay
for added berthing length, and we produce an estimate of roughly $2.96 per ton (0.591/50.20
per ton) per 100,000 feet of total berthing feet. When evaluated at the average total port-level
tonnage, the willingness to pay in total for an additional foot of channel depth comes to $1.2
million (0.34*3.5 million tons), and the willingness to pay for an additional foot of berthing length
comes to $10.36 million per 100,000 feet (2.96*3.5 million tons).

We also simulate choice probabilities to graphically display demand for ports. For
example, Figure 1.6 displays the likelihood that the port of New Orleans is chosen at different
freight rates. The predicted probabilities are generated based on the estimates from column (3)
of Table 1.9. The x-axis plots freight rates from the port of New Orleans, and the y-axis plots the
choice probability based on the estimated parameters. The solid line corresponds to the choice
probability of New Orleans, and the dashed line corresponds to the choice probability for any

port other than New Orleans. As the freight rates from New Orleans increases, the probability

12 The willingness to pay is generated from the parameter estimates. Technically, if depth increases by one unit, it
is the amount price can rise to keep utility the same as before the depth was increased. Details can be found in
McCarthy (2001).
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that New Orleans is chosen falls while the probability that an importer chooses a different port

rises.

Figure 1.6: Choice Probability for New Orleans
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Note: The figure displays the simulated choice probabilities for the port of New Orleans based on
the results in column (3) of Table 1.9. The choice probabilities are simulated over different freight

rates from New Orleans, which are displayed on the x-axis. Choice probabilities for other ports
are shown with the dashed lines.

1.4.4 Differences Among Commaodities
To consider heterogeneity—or differences across commodities—we run the fractional logit

model for each crop separately. Table 1.10 presents the results. The results are generally similar
to the pooled results in Table 1.9. However, it is clear the marginal effects differ across
commodities. Sorghum is the least price-sensitive of all commodities, while corn is the most price
sensitive. We also find that channel depth does not have a statistically significant effect on port

choice for wheat shipments.
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Table 1.10: Results by Crop
Wheat Corn Sorghum Soybeans
Rate -0.222%** -0.378%** -0.189*** -0.201***
(0.034) (0.0400) (0.027) (0.026)
Berthing 0.689*** 0.749*** 0.982*** 0.480***
(0.049) (0.042) (0.103) (0.085)
Depth -0.011 0.106*** 0.151%** 0.095***
(0.009) (0.008) (0.020) (0.011)
Gulf 1.610*** -0.443%*x* 2.209 -0.892%**
(0.594) (0.143) (2.276) (0.248)
North Atlantic -1.062 -2.377*** -2.278 -1.439%**
(0.671) (0.187) (2.357) (0.374)
North Pacific 2.834%*x* -1.552%** 0.592 -0.451
(0.593) (0.220) (2.308) (0.314)
South Atlantic -0.860 -1.765%** 1.142 -0.373
(0.702) (0.174) (2.285) (0.276)
South Pacific 0.585 -0.840*** 1.619 0.163
(0.638) (0.185) (2.285) (0.280)
Observations 9889 16399 3177 8406

Note: This table presents the results of estimating the fractional logit model for each crop
separately. All columns include destination-year fixed effects. Errors in the table are
bootstrapped. *p<0.1; **p<0.05; ***p<0.01.

To consider the effects of rates on the probability a specific port is chosen, Figure 1.7 plots
the probability New Orleans is selected against various freight rate levels for each crop. The
figure highlights the differences in price sensitivity across crops shown in Table 1.10. As freight

rates rise, the probability the port is chosen falls quickly for shipments of corn. The probability

the port is chosen for sorghum shipments declines more slowly with freight rates.
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Figure 1.7: Choice Probability for New Orleans for Each Commodity
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Note: The figure displays the simulated choice probabilities for the port of New Orleans for each
crop. The choice probabilities are based on estimates from Table 6 and are simulated over freight
rates from New Orleans, shown on the x-axis.

As noted earlier, willingness to pay for changes in attributes can be made using the
results. Using data on the average tonnage from Table 1.10, we calculate the total willingness to
pay for a change in port attributes across commodities. Soybean shippers have the highest
willingness to pay for cost-reducing port attributes. For example, shippers would be willing to
pay roughly $2.38 for an additional foot of berthing length for soybean shipments, but only $1.98
for an additional foot of berthing length for corn shipments. Soybean shipments also have the
highest willingness to pay (0.4723) for an additional foot of channel depth at roughly $29,000 per

foot.

1.4.5 Elasticities
Elasticities measure how responsive a given variable is to another variable. Here, we define

elasticities for the responsiveness of shippers to changes in the rates to a specific port and for
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changes in a port’s attributes. This allows us to analyze substitution across ports under
counterfactual scenarios. We begin by analyzing the response to a 1 percent increase in freight
rate for a given port. This increase in port-specific freight rates makes the given port less
attractive to shippers and may result in shippers substituting to another port to mitigate the
increased trade costs. To estimate the own- and cross-price elasticities with respect to the
increase in freight rates, we first use the estimated model to predict port choices based on the
baseline data. Then, we increase the freight rate for a single port by 1 percent, leaving the freight
rates of other ports unchanged, and then we predict port choices using the new data and the
estimates of the model parameters. Elasticities are then calculated based on the differences
from the baseline and simulated port-level shipment quantities.

Given the large number of ports in the data, we present the results for the top ten largest
ports and the results for the largest market—soybean shipments to China. The results are
presented in Table 1.11. Each port’s own-price elasticity shows the percent decline in predicted
use after a 1 percent increase in port-specific freight rates. The cross-price elasticity is the
percent increase in the use of other ports. The results are relatively consistent across ports. A1
percent increase in the port-specific freight rate results in the port losing roughly 6 percent of
their business, while other ports gain approximately 0.3 percent in market share. The second
and third part of Table 1.11 displays the own- and cross-price elasticities with respect to a 1
percent increase in port-specific channel depth or berthing length. We find own- and cross-price
elasticities are smaller in magnitude. For example, a 1 percent increase in channel depth results
in a port gaining roughly 1 percent more business, while other ports lose roughly 0.05 percent of

their market share.
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Table 1.11: Elasticities

1% increase in rate

1% increase in Depth

1% increase in

Berthing

Port Own Price Cross- Own Price Cross- Own Price Cross-

Price Price Price
New Orleans -8.15 0.256 1.10 -0.04 1.56 -0.05
Kalama -6.73 0.316 1.10 -0.05 0.03 -0.001
Longview -6.71 0.344 1.10 -0.05 0.11 -0.006
Portland, OR -6.59 0.484 1.05 -0.07 0.43 -0.03
Vancouver -6.68 0.380 1.21 -0.07 0.07 -0.004
Houston -8.18 0.260 1.38 -0.05 1.31 -0.04
Tacoma -5.71 1.40 1.92 -0.05 0.21 -0.05
Baton Rouge -8.27 0.14 1.30 -0.02 0.88 -0.02
Seattle -6.44 0.62 0.88 -0.08 0.80 -0.07
Gramercy -8.19 0.22 2.50 -0.07 0.02 -5.7e®

Note: This table presents the own and cross-price elasticities from a one percent change in either
the port-destination specific freight rates, port channel depth, or total berthing length. The
results for the top ten ports, in terms of average annual export quantity, are displayed in the

table.

Figure 1.8 summarizes the choice probability at different rates for the port of New Orleans. As
the freight rate at the port increases, the choice probability falls. The blue line displays the results
for New Orleans using the actual channel depth of the port (36 feet), while the red line displays

the choice probabilities for New Orleans as if it were 60 feet deep. The demand for the port of

New Orleans does not change dramatically with channel depth.
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Figure 1.8: Channel Depth at Port of New Orleans
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1.5 Summary of Importer Analysis

In summary, this section provides an analysis of the decisions importers make on the ports that
they use to procure commodities and the level of trade between the country and a port. These
decisions are framed in terms of shipping costs and port attributes. We provide estimates of the
probability a port is used and the level of trade between a country and the port chosen. The
models also provide a mechanism to estimate of willingness to pay for cost-reducing port
attributes as well as elasticities with respect to changes in the characteristics of a port or of the
costs of shipping from a port.

Understanding how port attributes and shipping costs influence port choice is highly
relevant for policymakers. Specifically, the results can be used to estimate the effects of
alternative port projects—for example, how demand changes as a port is deepened as well as
the effect of how demand changes for one port as the attributes of another port change.

Relatedly, the results of the study offer insights into how much shippers would be willing to pay
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for such infrastructure investments. Finally, the results of this study offer insights into how the
demand for ports change as shipping costs vary. Changes to global trade policy may influence
shipping costs between trading partners, and as a result, influence demand for ports. Given the
importance of ports to regional economies, changes in demand driven by trade policy are

relevant at a local level as well.
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2. Exporter Analysis: Agricultural Supply to Ports

2.1 Introduction

Most of the production of agricultural commodities occurs in the interior of the U.S. and then
flows through ports to foreign countries. In Section 1, we provided an analysis of importing
countries’ choice of ports. In this section, we examine the supply of commodities from locations
in the interior U.S. to U.S. ports. The amount of commodities sent to a port is an economic
decision made by suppliers (e.g., interior grain elevators). Shippers consider the prices of the
goods offered at different locations, the availability and cost of transport by different modes,
distance, and other factors when determining where and how to ship goods to ports. This section
provides an analysis of shipper port choices using summaries of volumes, transportation costs,
and significant destinations and origins.

We consider movements of agricultural commodities from 10 states in the Upper
Midwest and shipments of corn, wheat, and soybeans to different exporting U.S. ports. Two
primary but different separate sources of data are used—waybill data from the Surface
Transportation Board and waterborne commerce data from the U.S. Army Corps of Engineers.
The waybill statistics contain the location of both the origin and destination of rail movements
within the United States. The waterborne commerce data includes the location of origin and
destination for barge movements along major waterways. We use these two data sources to
frame the analysis. Rail and barge are quite sufficient for studying these flows; trucks are not

typically used due to the long distances over which they cannot effectively compete.!3

3 For grain shipments destined to export markets (ports), truck handles only about 10 percent of traffic, while barge
and rail dominate. See https://agtransport.usda.gov/stories/s/n6ag-hd3y and Anderson and Wilson (2008).
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There is a long history of research that examines transport demand. This literature uses
a wide array of different techniques, and there have been a number of significant innovations
over the past several decades.'* Conventional techniques used to model shipper choice behavior
range from the use of aggregated data with classical techniques—both with and without
behavioral underpinnings—to methods involving the application of McFadden’s (1973) random
utility model to disaggregate models of shipper choices. The latter is particularly important
because the choice is typically made based on rates, shipper attributes, and shipment attributes.

The application of choice models to freight transport is complicated because information
must be obtained on individual shipments, which typically involves survey data. Survey-based
approaches have been used by Train and Wilson (2006, 2007, 2008, 2019) to empirically analyze
the shipment of agricultural commodities. Other approaches must be used when survey data is
unavailable. Modern methods allow for the use of aggregated data based on a choice modeling
framework (e.g., see Berry et al. (1995), Nevo (2000)). However, a difficulty in applying this
approach is that it requires a well-defined market (e.g., automobile purchases in the U.S.). In
transportation sectors, most markets are relatively local, overlap, and depend critically on prices.
This complicates the use of modern empirical methods to estimate choices in transportation
markets.

In this analysis, we develop and apply an approach that defines market shares from
aggregated shipping data, which are then used to estimate a model of shipper demands. Further,
unlike the bulk of the literature, we model not only the mode choice but also the choice of where

to travel. Specifically, we model the shares with a logit specification that reflects shipper

1 Winston (1981, 1983, 1985) and Chris Clark et al. (2005) provide reviews of this extensive literature.
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decisions. These decisions are taken as a function of the rates, port attributes, and/or port fixed
effects. The final data considers 10 origination zones and 12 termination zones, and we consider
an array of different catchment areas.

In the next section, we provide an overview of the standard choice model, which we use
to frame the empirical results. In Section 2.3 and Appendix C, we provide a discussion of the data
and its development. This discussion includes our definitions of port zones, origination zones,
and shipment characteristics including rates and port attributes. In Section 2.4, we provide the
estimation results for three different commodities including corn, wheat, and soybeans, while

Section 2.5 summarizes the primary findings.

2.2 Modeling Shipper Decisions

The random utility model offers a useful framework to view how shippers choose ports. Given a
set of alternatives, individuals select the option that provides them with the highest utility (or
payoff). In the context of this study, the set of alternatives are the port zones (for a visual of
these zones, see Figure C.2 in Appendix C). The individuals are shippers (grouped into origination
zones), and utility corresponds to expected profit attached to each port zone. More specifically,
we model each shipper’s choice as a function of observable (measurable) attributes and
unobservable attributes.® The shipper makes choices over port zones and mode, and associated
with each port zone and mode is a random utility for each shipper.

The random utility function consists of a deterministic component and a random

component. The deterministic component is a function of known variables and a set of unknown

15 More technically, unobservable attributes are unobservable to the analyst or econometrician; they are observable
to the shipper.
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parameters that are estimated. We assume the unobservable terms are drawn from an
independent and identically distributed extreme value distribution which yields the well-known
logit model wherein the probability shipper i chooses port p (Ppi) can be estimated with a logit

model:

e"pi

P, =
pt LoV
Yje’

where Vp; is the measurable component of shipper utility. We express the measurable
component as a function of freight rates and port attributes and estimate multiple versions of
the following:
Voie = B1Barge, + ByRatey; + 6, + I}

Where:

Bargepis a dummy variable that corresponds to port p providing a barge option;

Rateypit is the rate to port p from port origination zone in time period t,

8, is a set of port zone fixed effects, which control for berthing length and channel depth,

and [ includes other time-invariant factors that may influence shipper decisions.
In the estimation, we provide specifications without the fixed effects but include measures of

berthing length and channel depth.

2.3 Data Sources and Zone Development

The primary sources of data used in this study are the U.S. Army Corps of Engineers’ Waterborne
Commerce Statistics (WBC) and the Surface Transportation Board’s confidential Carload Wayhbill
Sample (CWS). The WBC data includes dock to dock movements by commodity. The CWS

includes data from shipper origin to shipper destination by product. We use these data to
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examine export flows of corn, wheat, and soybeans from the interior to U.S. ports from 2004 to
2018.

We take several steps to process the data. First, we identify all barge and rail shipments
that originate within primary agriculture-producing states and terminate around major US ports.
We create “origin zones” by aggregating shipments that originate in specific geographic regions.
These regions are defined vertically by segments of the Mississippi, Illinois, and Ohio rivers, and
horizontally by the distance from the shipment origin to the river. We define “port zones” by
aggregating shipments that terminate in the vicinity of major ports. Port zones differ across
commodities. The result is a panel data set that captures freight movements by origin zone to

each port zone by year and commodity. The data work is extensive and detailed in Appendix C.

2.4 Results

Tables 2.1, 2.2, and 2.3 display the empirical results for corn, soybean, and wheat shipments,
respectively. In our preferred specifications, shown in columns 4 and 5 of each table, the results
are broadly similar across commodities. For corn and soybeans, a barge option increases the
conditional log-odds that a port zone is chosen, but for wheat shipments a barge option does not
have a statistically significant effect on the conditional log-odds a port zone is selected.!®
Essentially this means, if barge is present, the probability a given port is chosen goes up for corn
and soybeans. This result makes sense, because the inland waterways are only available in

limited regions, and grain shipments by barge are primarily corn and soybeans. Whether port

16 That is, the interpretation of the coefficients is the effect on the change in the log odds ratio. The relative odds
are the probability of an event occurs divided by the probability the event does not occur: ﬁ. Thus, logged odds

are of the form: Iog(lf;p).
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zone attributes or port zone fixed effects are used, higher shipping rates reduce the log odds a
port zone is chosen across all commodities. We also find relatively consistent effects of channel
depth. That is, port zones with deeper channels have higher conditional log-odds of being
selected. We find mixed evidence of the effect of berthing lengths. The results are similar if
other distance bands are used. For example, Table B.1 of Appendix B displays the results using a
200-mile and 300-mile distance band rather than the 100-mile distance band used in Tables 2.1,

2.2, and 2.3.
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Table 2.1: Corn Model Estimates

(1)

(2)

(3)

(4)

(5)

Barge 4.234%*** 4.564*** 3.589*** 4.383*** 3.670***
(0.763) (0.943) (0.520) (0.557) (0.551)
Rate 0.151%** 0.164%*** -0.097*** -0.077*** -0.290%***
(0.026) (0.036) (0.025) (0.026) (0.036)
Berthing 0.005 0.023***
(0.005) (0.005)
Channel Depth 0.321*** 0.315***
(0.033) (0.023)
East -11.128***
(0.882)
LA -8.623***
(0.636)
Lakes -11.369%**
(1.051)
PNW-2 -1.962%**
(0.288)
TX-1 -7.574%**
(0.513)
TX-2 -9.571%**
(0.672)
Constant -7.761%** | -8.409*** | -17.027*** | -18.224%*** 9.054***
(1.655) (2.044) (1.568) (2.299) (1.287)
Log-Likelihood -797 -795 -616 -595 -495

Note: This table displays the results for corn shipments. The omitted port zone is PNW1.
See Appendix C (Table C.1) for variable definitions.
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Table 2.2: Soybean Model Estimates

(1)

(2)

(3)

(4)

(5)

Barge 9.645%** 9.996%*** 6.848%** 7.331%** 4.956%**
(0.599) (0.620) (0.411) (0.457) (0.410)
Rate 0.215%** 0.210*** -0.012 -0.039** -0.172%**
(0.012) (0.011) (0.018) (0.015) (0.020)
Berthing -0.003** -0.006
(0.001) (0.004)
Channel Depth 0.208*** 0.224***
(0.015) (0.013)
AL -8.025%**
(0.544)
LA -4.443%%*
(0.268)
Lakes-1 -11.120%**
(0.867)
Lakes-2 -11.819%**
(0.717)
PNW-1 -0.376**
(0.148)
TX-1 -7.319%***
(0.507)
TX-2 -5.973***
(0.398)
Constant -13.738*** -13.173%** -16.036*** -15.172%** 2.646%**
(3.013) (2.910) (0.915) (0.824) (0.849)
Log-Likelihood -693 -689 -603 -594 -523

Note: This table displays the results for corn shipments. The omitted port zone is PNW2.
See Appendix C (Table C.1) for variable definitions. There were no observations on the
Florida destinations.
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Table 2.3: Wheat Model Estimates

(1) (2) (3) (4) (5)
Barge -2.860*** -1.882*** -2.944%** -2.342%** -0.465
(0.431) (0.458) (0.430) (0.464) (0.566)
Rate -0.066*** -0.027*** -0.071%*** -0.071%*** -0.073***
(0.006) (0.007) (0.010) (0.013) (0.017)
Berthing 0.015%** 0.020%***
(0.001) (0.001)
Channel Depth 0.008 0.094***
(0.012) (0.015)
FL-1 -0.637
(0.520)
FL-2 -0.846
(0.645)
LA -3.686%**
(0.384)
Lakes-1 -2.385%**
(0.210)
Lakes-2 -3.468***
(0.347)
PNW-2 -0.612**
(0.282)
TX-1 -2.117%**
(0.311)
TX-2 -3.486***
(0.377)
Constant -0.339 -2.458%** -0.511 -5.269*** 1.073
(0.955) (0.755) (0.983) (0.809) (0.734)
Log-Likelihood -629 -560 -628 -536 -485

Note: This table displays the results for wheat shipments. The omitted port zone is Lakes.

See Appendix C (Table C.1) for variable definitions.

Across commodities, we find consistent evidence that shippers have a strong preference

for ports with deeper channels. Using the estimates in Tables 2.1, 2.2, and 2.3, we calculate the
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willingness to pay for channel depth.!” Table 2.4 summarizes the results. The second column of
the table displays the willingness to pay for one foot of channel depth in USD per foot per ton.
The last column of the table converts the second column to USD per foot by multiplying by the
average annual tonnage.'® Across all commodities, shippers would be willing to pay millions of
dollars for additional channel depth. Such information can be used by planners to assess the

benefits of port investments.

Table 2.4: Willingness to Pay for Channel Depth

Commodity WTP (S per foot per ton) | Total WTP ($ per foot)
Corn (for PNW1) 4.1 41 million
Wheat (for Lakes) 1.3 6.7 million
Soybeans (for PNW2) 5.6 15.8 million

Note: This table displays the willingness to pay (WTP) for additional feet of channel
depth. The first column displays the WTP in USD per foot per ton. This is calculated
as the marginal effect of channel depth divided by the marginal effect of rates (given
in column 4 of Tables 2.1, 2.22, 2.3). The second column evaluates the WTP at the
average annual tonnage for each commodity. The average annual tonnage is
calculated across all shippers to each port zone. It represents the annual benefit of
an added change in depth. As noted earlier in Footnote 12, the willingness to pay is
generated from the parameter estimates. Technically, if depth increases by one
unit, it is the amount price can rise to keep utility the same as before the depth was
increased. Details can be found in McCarthy (2001).

The results in Tables 2.1, 2.2, and 2.3 can also be used to calculate conditional choice
probabilities, which are easier to interpret than log-odds. For example, Figure 2.1 displays the

probability a shipper chooses barge, conditional on selecting the LA (Louisiana) port zone in 2017.

17 This is calculated as the marginal effect of channel depth relative to the marginal effect of rates.

8 For example, for Corn, the average annual tonnage is approximately 1 million. Thus, the total WTP is given by $4.1
per foot per ton *1 million tons=$41 million per foot.
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The y-axis displays that predicted choice probability, and the x-axis displays the barge shipping
rate. Rail shipping rates are held constant at the commodity-specific average for the LA port
zone. The figure shows that as the barge shipping rate rises, the probability of choosing to ship
to the LA port zone by barge falls, while the probability of choosing to ship to the LA port zone by

rail rises. The response to changes in the barge rate is consistent across commodities.

Figure 2.1: Mode Choice Probabilities
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Note: This figure displays the conditional mode choice probabilities for the LA port zone. The
blue line represents the probability of choosing to ship by barge, and the red line displays the
probability of choosing to ship by rail. The barge rate varies along the x-axis and the rail rate is
held constant at the commodity specific average.

We can also use the results in Tables 2.1, 2.2, and 2.3 to display the conditional choice
probabilities for each destination. For example, Figures 2.2, 2.3, and 2.4 show how the

conditional choice probabilities change for each port zone in 2017 for corn, soybeans, and wheat,
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respectively. In these figures, the y-axis displays that port zone choice probability, conditional
on choosing to ship by rail, and the x-axis displays the rail shipping rate for that port (given the
rates in other ports). In each panel of the graph, we present how an increase in the cost of
shipping to a port zone impacts the probability the port zone is selected, as well as the probability
other port zones are chosen. For example, the top left panel of Figure 2.2 shows that as the cost
of shipping corn (by rail) to the LA port zone rises, the probability that a shipper selects the LA
port zone falls (as expected). As the cost of shipping to the LA port zone increases, the probability
that the shipper picks another port zone rises, which bears directly on the substitutability
between ports. The amount of switching from one port to anther depends on prices. For
example, in Figure 2.2, the share of corn that flows through the PNW2 port falls dramatically as
rates increase from $25 to $45 per ton, and the alternative port—PNW1—has dramatic increases.
This points to considerable substitution when the rate changes between $25 and $45 per ton and
suggests significant switching from PNW2 to PNW1 as the rate in PNW?2 increases. Of course, it
depends on the level of rates in each port, but the probabilities can easily accommodate a wide
range of different rates.

Finally, the Pacific Northwest port zones are dominant for corn and soybeans, while the
Lakes port zone is dominant for wheat.'® The lakes region has milling locations and is also a major
transshipment point. As illustrated in Figures 2.2, 2.3, and 2.4, the dominance of these locations
does depend on the rates attached and, over some ranges of rates, further increases can and do
affect the dominance of the port. For example, the Lakes zone receives about one-half of the

wheat tonnages in the study frame. However, the tonnages received depend critically on the

19 See Figure C.9 in Appendix C.
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rates to the Lakes zone as well as the rates to alternative zones, which, together, point to the

importance of rates in the destination choice of shippers.
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Figure 2.2: Destination Choice for Corn
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Note: This figure displays the probability of choosing each port zone, conditional on choosing to
ship by rail, for corn shipments. Each panel corresponds to one port zone, with the rail rate to
the port zone varying on the x-axis.
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Figure 2.3: Destination Choice for Soybeans
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Note: This figure displays the probability of choosing each port zone, conditional on choosing to
ship by rail, for soybean shipments. Each panel corresponds to one port zone, with the rail rate
to the port zone varying on the x-axis.
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Figure 2.4: Destination Choice for Wheat

FL1 Demand FL2 Demand LA Demand
06

06 06

pzone pzone

FL1 FL1

°

4 FL2

°

FL2 FL2

-A - A
Lakes. Lakes.
Lakes1 Lakes1
Lakes2

PNW2

Lakes2
PNW2

o
°
N

> TX1

@2 T>2

Dest choice probability conditional on rail

Dest choice probability conditional on rail
E

Dest choice probability conditional on rail

N

0 20 40 60 80 0 80 0

20 4 60
Rail Rate (per ton) to FL1-Zone Rail Rate (per ton) to FL2-Zone
Lakes Demand Lakes1 Demand Lakes2 Demand

2 0
Rail Rate (per ton) to LA-Zone

°

pzone pzone

FL1 FL1

FL2 FL2

°

- A & - A - A

o

Lakes Lakes.

Lakes1 Lakes1
Lakes2

PNW2

Lakes2
PNW2

°
9

> TX1

°

2 X2

Dest choice probability conditional on rail

Dest choice probability conditional on rail
b

Dest choice probability conditional on rail

00— 0,0 00

80 0 80

20 40 60 20 40 60 20 40 60
Rail Rate (per ton) to Lakes-Zone Rail Rate (per ton) to Lakes1-Zone Rail Rate (per ton) to Lakes2-Zone

PNW2 Demand TX1 Demand TX2 Demand

°

pzone pzone

FL1 FL1

°
%

FL2 4 FL2 FL2

- A - A

°
=

Lakes. Lakes.

Lakes1 Lakes1
Lakes2

PNW2

Lakes2
PNW2

°
9

°

1 TX1

™2 X2

Dest choice probability conditional on rail

Dest choice probability conditional on rail
"

Dest choice probability conditional on rail

00 —_— 00 e — — 00

[ 80 0 80 0 80

2 o 60 20 0 20 0 60
Rail Rate (per ton) to PNW2-Zone Rail Rate (per ton) to TX1-Zone Ralil Rate (per ton) to TX1-Zone

Note: This figure displays the probability of choosing each port zone, conditional on choosing to
ship by rail, for wheat shipments. Each panel corresponds to one port zone, with the rail rate to
the port zone varying on the x-axis.

Finally, the results in Tables 2.1, 2.2, and 2.3 can be used to calculate elasticities with
respect to rail rates. Table 2.5 displays the percent change in each port zone’s choice probability
given a 1 percent increase in the rail shipping rate to the port zone, with all rail rates to other

port zones held constant. These elasticities are calculated from the model in column 5, our

preferred specification with port zone fixed effects. We find that demand for port zones is highly
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elastic with respect to rail rates. However, there is variance across crops. Corn and soybeans
have particularly high own-price elasticities, while wheat elasticities are relatively smaller in
magnitude. This implies corn and soybean shipments are more responsive to changes in rail
rates, likely due to the presence of other transportation options (e.g., barge). The Northwest
port zones have the highest elasticities for corn and soybeans. The Florida port zones have the
highest elasticities for wheat. The two Texas port zones also have relatively high elasticities

across all three commodities.

Table 2.5: Elasticities w.r.t Rail Rates

Corn Soybeans | Wheat
AL -4.3
East -7
LA -6 -54 -3.5
Lakes -3.4 -1.7
Lakes-1 -2.7 -1.4
Lakes-2 -4.5 -2.1
PNW-1 -8.2 -7.3
PNW-2 -9.2 -7.4 -2.9
TX-1 -7.1 -4.6 -2.9
TX-2 -7 -54 -3.4
FL-1 -4
FL-2 -4

Note: This table displays the own-price elasticity’s with respect to
rail rates. These elasticities correspond to a 1 percent increase in
rail rates.

2.5 Summary of Exporter Analysis

International trade involves many different decisions by suppliers. In this section, we developed

and estimated a model of the choices made by suppliers of agricultural products (corn, soybeans,
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and wheat) as they decide which port to ship goods to and the mode used (if multiple modes are
available). The model itself is based on a standard random utility framework, and shipper
choices are based on transportation costs, port attributes, and modal dummies. The results
illustrate the impact of each of these variables on the port choice and the modal choice.

Our approach uses the Surface Transportation Board’s Carload Wayhbill Statistics and the
Army Corps of Engineers’ Waterborne Commerce data to estimate the parameters in a random
utility model. The waybill data provide highly precise location identifiers for the rail shipments,
while the waterborne commerce data provide very precise location identifiers for barge
shipments. These data are used to define port zones and origination zones, as well as the share
that is shipped from each zone. These shares are the dependent variable in our analysis, which
we explain with measures of rail and barge rates, port attributes, or port zone dummy variables.

The construction of origination zones depends on distances to the water, and there is not
a well-defined distance to use in this context. We, therefore, examined a variety of distances in
defining the origination zones. The results are remarkably stable across different distances. In
all cases, we find rates have a strong effect on port/mode choices, as do the port attributes or
port fixed effects.

The results allow choice probabilities and elasticities to be calculated and used to
illustrate the shippers' response to rates and port attributes. The effects of changes in rail rates
can and do have impacts on both mode choice and on port choice. The estimated elasticities
point to highly elastic substitutions as rates change.

This section provides a unique approach to modeling freight transportation and allows

modern approaches to be used to estimate supplier demands. The empirical techniques in this
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study are highly flexible in several critical ways. First, it allows suppliers of agricultural goods to
choose the mode and the destination of shipments. Allowing for choices over multiple
dimensions helps provide a more detailed analysis of shipper decisions. Second, the methods
used in this study allow for different market definitions and catchment areas, both of which are
needed to model demand for barge and rail services. These methods are broadly applicable to
other industries characterized by markets that are relatively local, overlap, and depend critically
on prices. Finally, the results in this section can be used to analyze a broad range of economic
and policy changes. For example, the model can be used to study how port infrastructure
projects influence demand for ports among suppliers of agricultural products, or how freight

rates influence how and where products are shipped within the United States.
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3. Summary and Conclusions

In this study, we provide a comprehensive examination of trade for selected agricultural
commodities. The analysis includes a description of the domestic U.S. suppliers of exported
agricultural commodities, the ports used to export, and the foreign countries that import these
products. The descriptive analysis is conducted by commodity, and describes primary importers,
ports used, and supply locations using summaries of volumes, transportation costs, and major
destinations and origins.

The focus of the analysis is on the ports that importers and exporters choose to use and
the mode used (if applicable). Specifically, we study how port attributes and shipping route
characteristics influence how ports are selected from the perspective of foreign importers of U.S.
goods and domestic suppliers of U.S. goods. The results of both the importer and the exporter
models indicate that ports with deeper channels and longer total berthing lengths are more likely
to be selected by importers and exporters. We also find that port choice decisions are influenced
by shipping costs. For example, as the cost of importing goods from a particular U.S. port
increases, the probability that a foreign consumer selects the port to facilitate a transaction
declines. Similarly, as the cost of shipping agricultural products from the U.S. interior to a coastal
port increases, U.S. shippers are less likely to use the port to facilitate export shipments. The
results of the study have several important policy implications. First, competition among U.S.
ports for agricultural exports depends strongly on shipping costs. We estimate that demand for
ports by foreign consumers and domestic producers are highly elastic with respect to shipping
costs. For example, a 1 percent increase in the freight rate associated with shipping goods from

a U.S. port to a foreign country reduces the probability the port is chosen by between 6 percent
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and 8 percent. We find a similar response among domestic shippers: a 1 percent increase in the
shipping rate to U.S. ports from domestic production markets reduces the probability a port is
chosen by between 6 percent and 9 percent. Intermodal competition also impacts shipper
decisions. As barge rates rise, the probability of using barge to ship goods from the interior of
the U.S. to a port falls, and the likelihood of using rail to ship goods rises. The results also have
important policy implications for investments in port infrastructure. Increased vessel size
requires deeper channels and larger berthing lengths at ports, and these investments can be
costly. For example, according to data from the USACE, the cost of dredging the average U.S.
port, with a 41-foot-deep channel, to the 60-foot depth needed to accommodate large bulk
vessels amounts to approximately $94 million.?° Using the estimates from the empirical models
in this paper, we find that importers of U.S. agricultural products would be willing to pay $22.8
million for this type of project. In comparison, domestic suppliers of U.S. agriculture would be
willing to pay between $6.7 million to $41 million for this type of project, depending on the
commodity. Given the importance of ports to local economies, additional stakeholders would

benefit from this type of port investment.

20 This is based on dredging a 500-foot-wide channel 19 feet for 1 mile at a rate of $1.88 per cubic foot.

50



References

Anderson, Christopher M., James J. Opaluch, and Thomas A. Grigalunas. “The demand for import
services at US container ports.” Maritime Economics Logistics 11.2 (2009): 156-185.

Anderson, James E., and Eric Van Wincoop. “Gravity with gravitas: a solution to the border
puzzle.” American economic review 93.1 (2003): 170-192.

Anderson, James E., and Eric Van Wincoop. “Trade costs.” Journal of Economic literature 42.3
(2004): 691-751.

Anderson, Simon, and Wesley W. Wilson, “Anderson, S.P. and Wilson, W.W., 2008. Spatial
competition, pricing, and market power in transportation: A dominant firm model. Journal of
Regional science, 48(2), pp.367-397.

Baumol, William J, and Hrishikesh D Vinod. 1970. “An inventory theoretic model of freight
transport demand”. Management science 16 (7): 413-421.

Berry, Steven, James Levinsohn, and Ariel Pakes. "Automobile prices in market equilibrium."
Econometrica: Journal of the Econometric Society (1995): 841-890.

Blauwens, Gust, Peter De Baere, and Eddy Van de Voorde. 2002. Transport economics.

Boyer, KD, and W Wilson. 2005. “Estimation of Demands at the Pool Level”. US Army Corps of
Engineers.

Blonigen, Bruce A., and Wesley W. Wilson, eds. Handbook of International Trade and
Transportation. Edward Elgar Publishing, 2018.

Boyer, Kenneth D. 1977. “Minimum rate regulation, modal split sensitivities, and the railroad
problem”. Journal of Political Economy 85 (3): 493-512.

Brooks, Mary R., Thanos Pallis, and Stephen Perkins. “Port investment and container shipping
markets.” (2014).

Bureau of Transportation Statistics. 2017. “3 Measures of Throughput and Capacity | Bureau of
Transportation Statistics.” 2017

Burlando, Alfredo, Anca D. Cristea, and Logan M. Lee. “The Trade Consequences of Maritime
Insecurity: Evidence from Somali Piracy.” Review of International Economics 23.3 (2015): 525-
557.

Clark, Chris, Helen T. Naughton, Bruce Proulx, and Paul Thoma 2005. “A survey of the freight
transportation demand literature and a comparison of elasticity estimates”. Institute for Water
Resources US Army Corps of Engineers, IWR Report 05-NETS-R-01, Alexandria, Virginia.

51



Eaton, Jonathan, and Samuel Kortum. “Technology, geography, and trade.” Econometrica 70.5
(2002): 1741-1779.

Fan, Lixian Xinlu Li Sijie Zhang Zimeng Zhang, 2018. “Vessel size, investments and trade,”
Chapters, in: Bruce A. Blonigen Wesley W. Wilson (ed.), Handbook of International Trade and
Transportation, chapter 18, pages 518538, Edward Elgar Publishing.

Feenstra, Robert C. Advanced international trade: theory and evidence. Princeton university
press, 2015.

Frittelli, John. 2019. “Harbor Dredging: Issues and Historical Funding,” 6. Congressional Research
Service.

Heerman, Kari ER. “Technology, ecology and agricultural trade.” Journal of International
Economics 123 (2020): 103280.

Henrickson, Kevin E. and Wesley W. Wilson, “Model of Spatial Market Areas and Transportation
Demand,” Transportation Research Record, 2005, 1909 (1), 31-38.

Herrera, Santiago, and Gaobo Pang. “Efficiency of infrastructure: the case of container ports.”
Revista Economia 9.1 (2008): 165-194.

Humphreys, J. M. (2015, May). The Economic Impact of Georgia’s Deepwater Ports On Georgia’s
Economy in FY 2014. Retrieved March 26, 2020, from
https://www.terry.uga.edu/media/documents/ga ports 2014 study.pdf.

Langley, C John. 1979. The inclusion of transportation costs in inventory models: some
considerations. College of Business Administration, University of Tennessee.

Locklin, Philip D.(1972), Economics of Transportation, Homewood, IL; Richard D. Irwin.

Martinez Moya, Julidn, and Maria Feo Valero. “Port choice in container market: a literature
review.” Transport Reviews 37.3 (2017): 300-321.

McCarthy, Patrick S., Transportation Economics: Theory and Practice: A Case Study Approach
(Blackwell: Oxford, 2001).

McFadden, Daniel. "The measurement of urban travel demand." Journal of public economics 3,
no. 4 (1974): 303-328.

D.L. McFadden (1973). Conditional Logit Analysis of Qualitative Choice Behavior. In: Frontiers in
Econometrics, ed. by P. Zarembka, Wiley, New York.

52



Munim, Ziaul Haque, and Hans-Joachim Schramm. “The impacts of port infrastructure and
logistics performance on economic growth: the mediating role of seaborne trade.” Journal of
Shipping and Trade 3.1 (2018): 1.

Nevo, Aviv. "A practitioner's guide to estimation of random-coefficients logit models of demand."
Journal of economics & management strategy 9, no. 4 (2000): 513-548.

Perle, Eugene D. 1964. The demand for transportation: regional and commodity studies in the
United States. 96-98. Dept. of Geography, University of Chicago.

Quandt, Richard E, and William J Baumol. 1966. “The demand for abstract transport modes:
theory and measurement”. Journal of Regional Science 6 (2): 13-26.

Steven, Adams B., and Thomas M. Corsi. “Choosing a port: An analysis of containerized imports
into the US.” Transportation Research Part E: Logistics and Transportation Review 48.4 (2012):
881-895.

Train, Kenneth and Wesley W. Wilson, “Spatial Demand Decisions in the Pacific Northwest: Mode
Choices and Market Areas,” Transportation Research Record, 2006, 1963 (1), 9-14.

Train, Kenneth and Wesley W. Wilson, “Spatially Generated Transportation Demands,” Research
in Transportation Economics, January 2007, 20 (1), 97-118.

Train, Kenneth and Wesley W Wilson, “Transportation demand and volume sensitivity: a study
of grain shippers in the Upper Mississippi River Valley,” Transportation Research Record, 2008,
2062 (1), 66-73.

Train, Kenneth, and Wesley W. Wilson, “Demand for the Transportation of Agricultural Products:
An Application to Shippers in the Upper Mississippi and lllinois River Basins. Report submitted to
the Institute for Water Resources, Army Corps of Engineers, Alexandria, Virginia, 2019.

Veldman, Simme, Lorena Garcia-Alonso, and José Angel Vallejo-Pinto. “A port choice model with
logit models: a case study for the Spanish container trade.” International Journal of Shipping and
Transport Logistics 5.4-5 (2013): 373-389.

Waugh, Michael E. “International trade and income differences.” American Economic Review
100.5 (2010): 2093-2124.

Winston, Clifford, “A disaggregate model of the demand for intercity freight trans- portation,”
Econometrica: Journal of the Econometric Society, 1981, pp. 981— 1006.

Winston, Clifford, “The demand for freight transportation: models and applications,” Transporta-
tion Research Part A: General, 1983, 17 (6), 419-427.

Winston, Clifford, “Conceptual developments in the economics of transportation: an interpretive
survey,” Journal of Economic Literature, 1985, 23 (1), 57-94.

53



Appendix A: Trade Model Development

In Eaton and Kortum (2002), products are produced in a perfectly competitive market. Countries
are differentiated by their productivity. For example, country i’s productivity at producing good

w is denoted by z{(w). Given perfect competition, the cost of producing one unit of good w in

country j is given by ﬁ, where c; is the cost of inputs. Following Eaton and Kortum, country
- i

i’s productivity is drawn from a Type |l extreme value distribution:
F(z) = Pr{z; < z} = e Tiz™?

where T; > 0 represents the aggregate productivity (stock of technology), and ¢ is a shape

parameter that is common across all countries, and corresponds to the elasticity of trade.

Next, in terms of prices, the price of shipping good w from country i to country j, through

port k (which is located in country j) is given by the following relationship:

k — l k
pl](w) - Z_i((l)) Tij

In this equation, t*> 1 represents trade costs associated with this trade flow. These trade costs
include factors like the internal shipping costs, external shipping costs, and port infrastructure,
as well as international policy variables like the tariff rates applied to commodity w by destination
j. As in Eaton and Kortum, consumers purchase goods from the lowest priced supplier. More
specifically, consumers in country j purchase good w from country i using the port with the lowest
trade costs. This means that, conditional on purchasing w from country i, the price for the good
is:

— min nk
Pij(w) = r}}é{l Pij(w)-
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Furthermore, country j only purchases good w from country i if country i can offer the lowest

price. Thus, the price of good w paid by country j is given by:

. . . — . . k' —
P IR (6) = min(pinpf @) = minCpin s

) (A1)

Equation (A.1) is the basis for a model of port choice. Country j will be more likely to purchase a
good from country i if i has a low cost of producing the good (c;) or high productivity (z{w)). Trade
costs vary by port, based on factors like shipping distances and port attributes. Thus, conditional
on j offering the lowest price, country j is more likely to choose port k if port k offers the lowest
trade costs.

The distribution of productivity implies prices also have a distribution and, conditional on
country i being chosen by country j, the probability that port k € i can offer a price less than p is
given by:

Gi(p) = Pripi;(w) < p} (A.2)
and, using the pricing equation, and the Fréchet distribution, equation (A.2) can be rewritten as:
Gli(p) =1 — F(Srh)
p
The distribution of port-level prices faced by country j when importing good w from country i can
be expressed as:
Gij(p) =1 — e TGk (A.3)
Finally, the distribution of prices faced by country j across all exporters is can be shown to be:

S TS0, (7R) 0 Ty (40, (rk )0
Gj(p) = (1= e > GV (1 — TRy g
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We use the distribution of prices across ports (equation A.3) and the distribution of prices
across exporters (equation A.4), to define the overall probability of choosing port k, which is the
joint probability of choosing country i and port k within i. This is is given by:

k _ k . m N
sij = Prip;(w) < min pii(w)}* Prip;(w) < min pn;(w)}

(A.5)
where the first probability is the probability of choosing port k out of all potential ports

conditional on choosing country i, and the second is the probability of choosing country i out of

all potential exporters. This equation can be rearranged into:

/O L (1 — G2 (p)dGh (p) / TIL(1 - Gy (0)dGoy(p) e

and, after substituting in for the price distributions given by equations (A.3) and (A.4), equation

(A.6) yields the following expression:

k T;( iTi};)_o

v ik Tilerf)=0 (A.7)

S

Equation (A.7) is the fraction of goods country j purchases from port k located in country
i. Eaton and Kortum show that given the properties of the Fréchet Distribution, the fraction of
goods purchased is equivalent to the fraction of country j’s expenditures on goods from port k in
country i. We interpret this market share as the probability that a port is chosen.

Given the focus of this project is on exports from the United States, the i subscript
corresponds only to one country. Thus, equation (A.7) can be simplified as:
(TJk:)—O

k_ o
s; = Probji, =

> () ~? (A.1.8)

56



where technological stock and unit production costs (which are both specific to i) have canceled
out. The left-hand side is the share of exports to country j through port k, given that the U.S. has
been chosen as the exporting country. This share depends solely on port-level trade costs.

We also use an alternative approach, which also is derived from Eaton and Kortum.
Specifically, following Waugh (2010), and Heerman (2018), we model trade costs as a function of
bilateral factors, exporter specific factors, and importer specific factors. In particular, our
specification is:

In(7}

) = aqrate;, + asDepthy, + az Berthingy, + v,

where, ratej is the shipping rate between port k and importer j. The variables Depthy and
Berthinggare the channel depth and total berthing length of port k, and y;is a destination-specific
fixed effect that accounts for factors like GDP.2! Substitution of trade costs into equation (8)

yields:

. exp|firatej,, + BoDepthy, + (3 Berthingy + il
ik = -
J > explfriratej, + BoDepthy, + [z Berthing, + %]’ (A.1.9)

which forms the basis for our fractional logit model. The parameters on these variables are a
composite of the marginal response and the structural parameter &, which is constant.
Following the empirical international trade literature, we also estimate how the intensity
of trade responds to port and route attributes. To do this, we take the natural log of both sides
of the share equation, above, to produce a log-linear gravity-like specification. This results in
equation that models the volume of trade (x;) ) as a function of port and route attributes. In the

log-linear specification, the coefficients on port freight rates correspond to the percentage

21 The actual empirical specification includes time subscripts as well. Thus we can flexibly control for time-varying
destination-specific factors with a destination-commodity-year fixed effect.

57



change in trade intensity from the port, rather than the probability that the port is selected by

the shipper. Specifically, the log-linear model of trade intensity is given by:

In(xj;.) = Birate;y + B,Depthy + PsBerthing, + v, + €

where importer fixed effects account for the multi-lateral resistance term in the denominator as
in Anderson and Van Wincoop (2003), as well as the total volume of imports in country j (i.e., the
denominator of the share). Given the context of the empirical analysis, which only focuses on
the United States; exporter fixed effects are not needed. Further, port-level fixed effects are
collinear with port attributes. Thus, port-level fixed effects are excluded from the intensive

margin specification as well.
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Appendix B: Exporter Results for Alternative Distance Bands

Table B. 1: Other Distance Bands

Rate

Barge

AL

East

LA

Lakes1

Lakes2

PNW1

PNW2

X1

TX2

FL1

FL2

Constant

Corn Soybeans Wheat
200 miles 300 miles 200 miles 300 miles 200 miles 300 miles
-0.150***  -0.321***  -0.157***  -0.121*** (0.0798*** -0.0788***
(0.0296) (0.0378) (0.0165) (0.0222)  (0.0206) (0.0209)
3.399%** 3 949%** 1.634%*** 1.503***  -0.375 -0.720
(0.484) (0.752) (0.319) (0.436) (0.564) (0.553)
NA NA -7.285*%*%*  _7.661*** NA NA
(0.426) (0.626)
-8.867***  -11.49*** NA NA NA NA
(0.601) (0.954)
-8.464***  _11.82***  -4.640*** -5.961*** -3.636*** -3,588%**
(0.733) (1.015) (0.282) (0.638) (0.456) (0.500)
-8.785%**  _12.75%**  _10.79***  -10.62*** -2.345%** ) 238%**
(1.074) (1.192) (0.849) (0.994) (0.203) (0.192)
NA NA -11.57***  -11.55*** _3,500*** -3 538%**
(0.704) (0.809) (0.361) (0.373)
NA NA -0.381** -0.689*** NA NA
(0.159) (0.195)
-1.481***  -1.872*** NA NA -0.538* -0.475
(0.306) (0.358) (0.324) (0.309)
-6.113*** .7, 955%** 6 889***  .7.388%** -1.972%** .2.046%**
(0.503) (0.647) (0.467) (0.633) (0.365) (0.346)
-8.579***  -10.20*%**  -5,959%** g 359%** .3248*** .3 436***
(0.662) (0.730) (0.433) (0.567) (0.458) (0.449)
NA NA NA NA -0.456 -0.496
(0.605) (0.633)
NA NA NA NA -0.629 -0.649
(0.745) (0.763)
5.389%** 10.74%**  4.413%**  4291%** 1. 471*** 1.689***
(1.092) (1.314) (0.721) (0.981) (0.473) (0.513)
1,771 1,526 1,924 1,540 1,802 1,502

Note: This table displays the results from estimating equation (4) using either a 200-mile or

300-mile distance band to define shippers.
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Appendix C: Exporter Analysis — Port Zones and Data Summaries

In this appendix, we discuss the data in detail, using corn shipments as an example. The process

is similar for other commodities, and any significant differences are noted.

C.1 Port Zone Definitions

Figure C.1 displays the point of termination for all rail and barge shipments of corn. Asillustrated,
rail shipments are sent to many destinations throughout the U.S., while barge shipments mainly
terminate in Louisiana. It is not possible to directly ship corn by barge to ports other than those
at the mouth of the Mississippi in Louisiana. Thus, barge shipments reported at ports in the

Pacific Northwest or East coast require multi-modal transportation.
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Figure C.1: Shipment Destinations by Rail and Barge for Corn

Barge Tonnage Rail Tonnage
1-1500 3000 - 175000
1500 - 3000 175000 - 600000
3000 - 1000 600000 - 1.75m
1000 - 50000 1.75m - 4m
50000 - 5m 4m - 6m

Note: This figure shows the total tonnage shipped by barge or rail to all termination
points in the US.
We define US port zones based on the shipment termination points in Figure C.1. These port
zones are based on geographical clusters of shipments around primary coastal ports. Port zones
vary by commodity, which arises due to differences in where each commodity is typically

exported. Figure C.2 displays the port zones for corn, wheat, and soybeans.
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Figure C.2: Port Zones for each commodity

Corn
E
)
Port Zones Barge Tonnage Rail Tonnage
[ east < 1-2000 3000 - 200000
[Jiakes © 2000 -5000 ® 200000 - 600000
Clia @ 5000-15000 @ 600000 - 1.5m

Oz @ 15000-100000 @ 1.5m-3m

g;’:wz @ 100000-5m (@) 3m-5m

pnw1
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Wheat
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There is a significant amount of overlap in port zones across commodities. For example, the port

zone "PNW 2," which contains shipments to Oregon and Washington ports on the Columbia River,

is present for all commodities.

New Orleans is also a major port for all commodities. Table C.1

shows the major ports within each port zone. These port zones are taken to represent the

options available to shippers in the Upper Midwest.

Table C.1: Ports within Port Zones

Port Zone Individual Ports

PNW 1 Seattle, Tacoma

PNW 2 Portland, Kalama, Longview

LA New Orleans, Southern Louisiana, Baton Rouge
X1 Houston, Galveston

TX 2 Corpus Christi

Lakes Chicago

Lakes 1 Duluth, Superior

Lakes 2 Cleveland, Sandusky, Toledo

East Norfolk, Elizabeth River, Baltimore
AL Mobile

FL1 Miami, Port Everglades
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FL 2 Tampa, St Petersburg, Port Manatee

Note: This table displays the individual ports included within each port zone.

C.2 Origination Zone Definitions

As shown, barge origins are limited to the waterways (Mississippi, Illinois, and Ohio Rivers), while
sources for rail shipments exist throughout the study region. Figure C.3 summarizes tonnages by
origin for corn (for both rail and barge). Shipment origins for wheat and soybeans are not

included but are quite similar in terms of geographic location as shipments of corn.

Figure C.3: Shipment Origins by Rail and Barge

One limitation of the WBC data is that the original origin of the waterway movements is not
observable. Instead, only the origin of the waterway leg is observed in the data. As is evident
from Figure C.3, there is little rail traffic that originates near the waterways. As the distance to
the waterway increases, the frequency and size of rail shipments are higher. If the “original”
origin of waterway traffic were observed, each movement could be modeled. We overcome this

limitation by creating origin zones based on segments of the waterway. We then aggregate rail
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and water movements into these zones based on the distance to the waterway. The origin zones
are the same for each commodity.

Origin zones are defined based on two factors: (1) distance from a major river, and (2)
natural breaks in the location of shipments on the river.?? With the latter factor, we define river
pools or catchment areas for water shipments. Figure C.4, below, displays the river pools. We

define ten unique pools along the major rivers.

Figure C.4: River Pools

@ Pool 10 s Pool 5
@ Pool 9 Pool 4
@sm== Poo| 8 @ Pool 3
Pool 7 e Pool 2
Pool 6 ess=s Pool 1

Note: This figure displays the river pools defined based on natural breaks in the
geographic clusters of barge shipments, USACE district zones, and major
geographic landmarks.

22 The natural breaks are determined by inspection of the barge origins. USACE districts and significant landmarks
(i.e., major cities and river tributaries) are also taken into account when defining the breaks along the river.
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Within each river pool, rail shipment locations are classified into distance bands based on the
miles to the nearest barge facility. We then aggregate movements to a port zone for each origin
zone based on a given distance buffer around each river pool. For example, shippers within 100
miles of the waterway have the option of shipping by rail or barge. In contrast, shippers outside
the 100-mile band only have rail as an option. In the empirical analysis, we vary the distance
band from 100 to 300 miles by increments of 50 miles. Figure C.5, displays the distance to the
river for each rail origin broken down into 100-mile segments for corn.?®> Thus, an individual
shipper in the analysis consists of a river pool-distance band group. With 100-mile distance

bands, there are 700 different shippers (10 river pools by seven distance bands).

Figure C.5: Distance to River Bands

DistanceBand @ 300 -400
® 0-100 ® 400-500
100-200 @ 500-600

® 200-300 600 - 800

Note: This figure displays the river pools defined based on natural breaks in the geographic
clusters of barge shipments, USACE district zones, and major geographic landmarks.

23 We do not have data on the distance to the nearest barge location for several rail shipment locations. The missing
origins account for approximately 10% of total tonnage.
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C.3 Volumes, Rates, and Port Attributes

Figure C-6 displays the average annual tonnage by distance band for each commodity. The same
general pattern holds across all commodities. However, the distribution of tonnage is more left-
skewed for corn shipments. Shipments originating over 600 miles from the river have relatively
low average annual tonnages, while shipments that originate between 100 and 500 miles from
the river have the highest yearly tonnages.

Figure C.6: Average annual tonnage by distance band for corn, wheat, and soybeans

Wheat Soybeans

Com

Note: This figure displays the average annual tonnage by commodity and distance band from the
river.

Shipments that originate within 100 miles of the waterway are defined as a barge or rail
catchment area. Meaning, shippers in the distance band “[0,100)” (inclusive of 0 but not inclusive
of 100) have the option to ship by rail or barge. Figure C.7 displays the average annual share of
total tonnage shipped by each mode for this catchment area over the sample period. For corn
and soybean shipments, barge and rail are utilized relatively evenly. For wheat shipments, barge
shipments comprise a larger share to total tonnage.

We estimate how shipping route and port zone specific characteristics influence port
choice using data on shipping rates and port attributes. For barge rates, we use data from the

USDA on pool-specific barge rates per ton-mile. For each river pool, we calculate the barge rate
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for shipments to New Orleans. Rail rates come from the CWS data. We aggregate to the origin
zone-port zone level using a weighted mean that takes into account how frequently shippers are

surveyed in the CWS data.

Figure C.7: Average annual share of tonnage by mode
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Note: This figure displays the average annual share of tonnage by mode.

Figure C.8 displays the average annual freight rate by mode from 2004 to 2018. Rail rates
increased from 2004 to 2012 and then declined from 2012 to 2018. Barge rates remained
relatively constant for all commodities over the sample period. On the other hand, rail rates
increase for all commodities; however, for corn and soybeans, there was a sharp decline in rail

rates after 2014.
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Figure C.8: Average annual freight rates by commodity and mode

Corn Wheat

g
rate

year year

Soybeans

mode

year

Note: This figure displays the average annual freight rates by mode for each commodity.

Data on port attributes come from the U.S. Army Corps of Engineers. We collect information on

the total berthing length and channel depth for each port within each port zone. We aggregate

to the port zone level using the maximum berthing length and channel depth across the individual

ports. Table C.2 shows that the LA and TX2 port zones have the largest berthing lengths, while

the Pacific Northwest port zones have the deepest channels.

Table C.2: Port Attributes by Port

Port Zone Berthing Length (in 1,000 ft) Depth (in ft)
East 117.7 50
LA 266.3 45
Lakes 180.6 27
Lakes1 66.2 27
Lakes2 44.6 28
PNW1 138.5 60
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PNW2 77.7 55

X1 222.5 40

X2 64.6 45

AL 120.1 40

FL1 41.4 43

FL2 25.4 32
Overall Average 113.8 41

Figure C.9 displays the market share for each port zone for rail shipments. Market shares
are determined based on the total tonnage over the sample period. Only rail shipments are
displayed as the LA port zone (Louisiana) is the only port zone with a barge option, which implies
that the LA port zone has 100 percent of the barge market share. For rail shipments of corn and
soybeans, the Northwest port zones have the largest market shares. For corn shipments, the
PNW1 port zone is particularly dominant with a 60 percent market share. Wheat shipments are

predominately shipped to the Lakes port zone.
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Figure C.9: Port zone market share
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Note: This figure displays the market share for each port zone across commodities.

Figure C.10 displays the average annual rail rates for shipments to each port zone by commodity.

For corn and soybean shipments, the Northwest port zones have the highest average annual

rates. The lakes port zones have the lowest average annual rail rates, due in part to their

proximity to major agricultural producing regions. The highest average annual rail rates are those

corresponding to the Florida port zones for wheat.
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Figure C.10: Average rail rates by port zone
Wheat

Corn

Soy

404 40

)
S

Average annual rail rate
o
8

Average annual rail rate

east a lake

al

Average annual rail rate

40

s pwl  pnw2  tx1 x2
Port zone

Note: This figure displays the average annual rail rates to each port zone by commodity.

Table C.3 displays the overall summary statistics for the variables in the data. The table
is broken down by transport mode and commodity. Across all commodities, freight rates for rail
shipments are higher than freight rates for barge shipments. The average share of tonnage
shipped by barge varies considerably by commodity. For shippers with a barge option, barge

shipments make up 50 percent of total tonnage for soybeans, 70 percent for wheat, and 36

percent for corn.

a  lakes1 lakes2 pnwl pnw2 i1 tx2
Port zone
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Table C.3: Summary Statistics

Tons Rate per ton ($)
Corn
Barge 65,655.7 19.8
Rail 781,416.9 33.6
Barge Share 0.363
Wheat
Barge 12,768.7 18.6
Rail 443,126.1 39.9
Barge Share 0.68
Soybeans

Barge 167,242.2 18.2
Rail 102,499.7 33.9
Barge Share 0.5
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