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ABSTRACT

Approximately one quarter of all U.S. air-passenger trips (involving US airlines only) are to and
from foreign destinations, accounting for around 4.5 percent of total US person miles in 2019 (1).
Few studies have investigated details of Americans' international travel, so this paper assesses
travel demand, patterns, and costs (in time and money) between major US airports and foreign
airports worldwide, as well as ground trips to Mexico and Canada using 2019 DB1B flight ticket
data, the 2016/17 National Household Travel Survey (NHTS), and border crossing data. A model
of trip distribution, from 334 US airports to 1028 foreign airports shows how trip flows fall about
41% with every 7-hour increase in flight start to end time . Destinations hosting tourist attractions
(like London, Barcelona, Milan, Paris, and Dubai etc.) are also practically significant, increasing
flows by 48%. Feasible generalized least-squares models quantify how flight fares (for one-way
itineraries) rises by $0.078 per mile for coach class and $0.163 per mile for business class or higher.
These fares are higher for English-speaking destinations as compared to other destinations (not
English speaking), as well as for trips during April to June as compared to January to March with
the similar distance, flight class, etc. Understanding international travel is important for local and
global economics, the evolution of transportation technology and social networks, and the future
of global climate and air quality. Keywords: International Travel, Demand Modeling, Air Fare,
Destination Choice
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MOTIVATION

According to the US Bureau of Transportation Statistics (BTS), person-miles travelled (PMT) in
2019 were 7.7 trillion, of which 4.5% were international person-miles involving US air carriers
(2). International travel handled by US air carriers constitutes 15.5% of Americans’ long-distance
person-miles travelled (PMT) (where trips are classified as “long distance” here if they exceed 75-
miles one-way) (1,3). BTS air passenger data suggest that the “average” American makes 0.37
international trips (inbound and outbound) per year by air, boat, road, and train. This implies an
international departure by air every 5.43 years (4,5). The major purposes of these trips (84% of the
total) were leisure or visiting friends and relatives (4). Air travel accounts for 60% of the
international travel from US, land travel accounts for more than 39% (to Mexico and Canada) and
travel through water (to Canada) is less than 1% (5,6). In addition to being a key source of
passenger-miles traveled, air travel is a significant source of travel-based emissions and household
expenditures. According to the US Travel Association, US international travel spending in 2019
was approximately $181 billion, which was reduced by 71.2% in 2021 owing to the COVID-19
pandemic (7). Although COVID-19 mutations may continue to impact international travel,
increased vaccination rates, controlled infection cases, and loosened travel restrictions are
projected to rebound the overseas journeys. The travel expenditure prediction indicates that
spending will exceed 2019 levels in 2025 and raise by 9.4% in 2026 (7). Thus, to better prepare
for future transportation requirements, it is necessary to estimate Americans’ foreign travel
demand and destination preferences.

Travel demand modeling studies and US travel surveys regularly miss international travel. Most
studies focus on domestic trips, and very few include questions on long-distance trips (from the
past month or year, rather than simply catching the few that happen on the survey day). However,
international trips are a notable source of travel cost and emissions, with 8% of global greenhouse
gas (GHG) emissions produced via tourism, and 40% of those emission coming via aviation (8).
American tourists spent $113B on international travels in 2015 (9), which averages to several
hundred dollars per year per capita. In an unusual but relatively recent example, Llorca et al. (8)
developed a model for generation, distribution, and mode choice in person-trips over 40 km (25
miles, one-way) — but only from Ontario province, in Canada. They observed that land use
attributes and trip purpose (or destination activities) are important for destination choice
probabilities. For international trip generation, they estimated only the total number of trips (not
destination or mode or timing), due to the lack of data. As noted earlier, international travel is a
relatively rare event for most people.

Transport planning heavily relies on forecasts of travelers’ trip decisions, including international
travel. Tourism flows and international trade volumes do show up in the literature, especially for
specific market pairs. For example, Qu and Lam (10) used ordinary least squares models to
estimate travel demand for mainland Chinese tourists to Hong Kong. They identified income and
visa requirements as key predictors. Keum (11) used a gravity model and Linder (economic)
hypothesis to predict trade patterns and tourism flows across Korea. The study confirmed the
robustness of the gravity model in estimating international flows. Wu et al. (12) explored tourism
flows between Chinese regions and offered suggestions for tourism improvements. Most studies
focus only on international flows between specific places (e.g., like US to Canada (13)) or all in-
coming flows (14). International business trips are regularly overlooked.
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Air is a major mode for trips over 500 miles, and international travel. Americans made 100 million
international trips to other nations in 2019 (including one-way and round trips from US by all
modes). BTS (2) reported that US airlines handled 115 million air passengers in the same year -
including both Americans and non-American passengers. Airfare and duration are expected to be
important indicators of international travel mode and destination choices. Flight price fluctuates
depending on purchase time, number of stops, flight date, and seat class. Recent studies have used
machine learning algorithms to predict flight fare using different datasets (e.g., 15,16). Ratnakanth
(17) analyzed different methods presented in the literature for flight price prediction and indicated
that random forest and gradient boosting techniques outperform other machine learning
approaches for flight fare prediction. The study stated airline company, travel time, number of
stops, and destination as effective factors in flight price. Flight fare prediction studies are mostly
used for defining prices in the future for various airlines. In this study, flight fare and duration are
inputs of the trip distribution model and its application.

All above-mentioned studies either focused on tourism attractions or price predictions for airlines.
Furuichi and Koppelman (18) used a nested logit model to predict the departure and destination
airports of air travelers. They used a survey of international air travelers from Japan and indicated
that a joint departure airport and destination choice better predicts leisure and business
international travels than multinomial logit models. A major concern in modeling international
travel demand is data availability. Tourism studies mostly focus on aggregated data (e.g., number
of tourists departing from/arriving in a country). Data on disaggregated international trips made
by individuals were not available. Thus, this study uses the airline and border crossing data to
distribute trips from US airports. This study aims to increase the understanding of international
travel behavior, especially air travel, from the US. For this purpose, this study uses travel demand
models to predict airfare, travel time, and trip distribution among major US and international
airports across the world. This paper uses a 10% sample of the 2019 DB1B data (specifically
targeting a time that predates the COVID pandemic), containing 2.6 million itineraries for 3.9
million passengers. It is comprised of passenger airline ticket sale data collected by BTS. Feasible
generalized least square (FGLS) models are used to estimate flight fares per paid itinerary per
passenger and their variations for international round trips from US and one-way trips with US
origins. A binomial logit model is also employed to find Americans’ choice of having an
international trip relative to a domestic trip. A gravity model is estimated to distribute trips among
different origins in the US to destinations across the world.

The remainder of this paper is organized as follows. The next section summarizes background
studies on international travel demand modeling and flight price and duration estimation. Then,
the datasets used in this study to estimate international trip distribution, flight fare, and flight
duration models are explained. The fourth section elaborates on the estimated models and is
followed by the main observations from those models. The last section summarizes the
conclusions, limitations, and future applications of this study.

BACKGROUND

Tourism studies constitute the majority of existing literature on travel demand modeling of
international trips. Seddighi and Theocharous (19) investigated the impacts of different factors,
such as quality of service and political stability of a destination, on tourism attractiveness using
the data of tourists visiting Cyprus. Divisekera (20) estimated travel demand models for
international tourism in Australia from the US, the UK, Japan, and New Zealand. The study found
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a correlation between economic factors and international tourism. To find the tourists’ utility
function, the study used a consumer preferences model known as the Price Independent
Generalized Log-Linear model, which represents market demands as the outcome of rational
consumers’ decisions. Keum (11) used a gravity model, and an economic hypothesis called the
Linder hypothesis to analyze trade and tourism flows in Korea. The study confirmed the robustness
of the gravity model in estimating the international flows. Wu et al. (21) presented a multi-level
destination choice model for tourists in Japan. They indicated that travel time, diversity of
destination, and variety-seeking affect destination choice behavior. Wu et al. (12) explored the
spatial distribution of tourism flow in China and provided suggestions for tourism improvement.
Their study mentioned that tourism flow is deeply influenced by transportation mode
developments, regional economies, and quality of service at the destination. Most of the above-
mentioned studies focus on international leisure trips (not all trip purposes) or attracting more
tourists to specific destinations (aggregate trips to a city) and ignore the importance of international
trips by Americans in planning purposes.

Due to the fluctuation in flight fares, it is important to estimate fares based on the available
information. Wang et al. (22) used the Airline Origin and Destination Survey (DB1B), the Air
Carrier Statistics database (T-100), and machine learning algorithms to predict flight fares. They
indicated distance between origin and destination, seat class, passenger volume, quarter of the trip,
and crude oil price as important factors in flight fare. Boruah et al. (23) used the Kalman filter
technique to predict flight fare based on previous observations. They indicated day of week as the
most significant factor in flight fare fluctuations. Zhang et al. (24) presented a neural network
model for flight fare prediction as a function of flight start to end time, airline, and service. They
applied their model to three months of flight fare data. The above-mentioned studies focus either
on tourism or predict flight fares for airlines. Thus, there is a need to model international travel
demands to better plan for the future of transportation, as new technologies emerge and become
widely available.

DATA SETS USED

Using international travel datasets, this research examines the overseas destination preferences of
Americans and models the international travel demand to better prepare for future transportation.
This study uses 2019 DB1B flight ticket data, the 2016/17 NHTS as well as publicly available
international travel data collected by the National Travel and Tourist Agency (NTTO), Survey of
International Air Travelers (SIAT), and Travel and Tourism Satellite Account (TTSA). According
to past annual passenger miles recorded by NTTO, international travel accounted for 40% of all
revenue passenger miles travelled by US airlines in 2019 wherein US flagged carriers handled
47% of total international air passenger to and from the United States (23, 11). The SIAT survey
on US residents visiting overseas countries revealed that European (19.1%) and Caribbean
countries (9.4%) accounted for a large proportion of overseas destinations from US, after Canada
and Mexico (54.9%) (12). Figure 1 show Americans’ rate of travel to different overseas regions in
2019 by air.
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Figure 1. Americans’ outbound travel by air in 2019 (SIAT, 2019)

The main data source in this study is the DB1B ticket data collected by the BTS Office of Airline
Information. This data is a 10% random sample of US airline passenger ticket itineraries reported
by US flag carriers only. It includes trip origin and destination data, yearly and quarterly indicators,
number of passengers, number of legs, and distance and fare information for each itinerary. The
dataset producers began publishing records in 1993, providing 28 years of available data. This
study uses a 10% sample of the 2019 data (before the COVID-19 pandemic), which contains 2.6
million itineraries for 3.9 million passengers. Table 1 and Table 2 summarizes one-way itineraries
to and from the US in the 2019 DB1B data.

Table 1. Summary statistics for the DB1B round-trip air ticket data - 2019

| Mean | Median | Stddev | Max | Min
Quarter 1, N =246,168
Flight Fare per Itinerary ($) 953 635 1175 16427 0
Distance Flown (miles) 6669 5232 4313 26051 196
Fare per mile ($) 0.171 0.127 0.16 2.918 0
Passengers 1.446 1 2.58 311 1
Segments 3.058 3 0.96 4 2
Quarter 2, N=1318,033
Flight Fare per Itinerary ($) 1022 702 1151 17177 0
Distance Flown (miles) 7150 7298 4244 25870 196
Fare per mile ($) 0.173 0.128 0.16 3.209 0
Passengers 1.414 1 2.57 427 1
Segments 3.041 3 0.96 4 2
Quarter 3, N = 309,842
Flight Fare per Itinerary ($) 1033 733 1100 18491 0
Distance Flown (miles) 7318 7662 4167 26950 196
Fare per mile ($) 0.171 0.128 0.15 2.883 0
Passengers 1.374 1 2.15 229 1
Segments 3.010 3 0.96 4 2
Quarter 4, N = 174,532
Flight Fare per Itinerary ($) 1055 724 1226 17272 0
Distance Flown (miles) 6921 5331 4504 27338 196
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Fare per mile ($) 0.186 0.144 0.16 2.617 0
Passengers 1.307 1 2.37 322 1
Segments 3.327 4 0.90 4 2

Table 2. Summary statistics for the DB1B one-way trip air ticket data - 2019

| Mean | Median | Min [ Max | Std Dev
Quarter 1, N=1371,334
Flight Fare per Itinerary ($) 494 304 0 11703 658.5
Distance Flown (miles) 3260 2129 98 21943 2621.6
Fare per mile ($) 0.191 0.138 0 3.795 0.196
Passengers 1.539 2 1 368 3.571
Segments 1.899 2 1 4 0.648
Quarter 2, N = 287,751
Flight Fare per Itinerary ($) 495 316 0 12743 637.7
Distance Flown (miles) 3329 2228 98 22833 2586.1
Fare per mile ($) 0.194 0.143 0 3.867 0.196
Passengers 1.595 2 1 335 4.179
Segments 1.900 2 1 4 0.644
Quarter 3, N= 221,507
Flight Fare per Itinerary ($) 534 342 0 11692 622.9
Distance Flown (miles) 3450 2306 98 20248 2656.4
Fare per mile ($) 0.201 0.153 0 3.5 0.193
Passengers 1.524 2 1 440 3.714
Segments 1.913 2 1 4 0.650
Quarter 4, N =167,983
Flight Fare per Itinerary ($) 500 318 0 11477 642.4
Distance Flown (miles) 3306 2165 98 20754 2639.1
Fare per mile ($) 0.197 0.144 0 3.469 0.191
Passengers 1.570 2 1 483 4.383
Segments 1.887 2 1 4 0.649

This study also uses the 2016/17 NHTS dataset to model Americans’ international trip-making
choice versus a domestic long-distance trip. Trip frequency model for long-distance trips (over 75-
miles one-way) is estimated using this NHTS dataset leveraged in the study done by Fakhrmoosavi
(3). Having this model, travelers’ decision to make a long-distance international trip will be
modeled using the 2016/17 NHTS dataset. The 2016/17 NHTS data includes 923,572 trips records,
which sum to 371 billion trips using NHTS expansion factors. In this dataset, 134.46 million
expanded trips are reported as international trips, which account for only 1 percent of the total
long-distance trips (~7 billion weighted). The population of 2019 destination nations, as well as
information about the languages spoken in the destination countries, were collected from the
United Nations website (25). If English is one among major languages spoken, this study assumes
the nation is significantly English-speaking. Additionally, the major tourist attractions in 2019
were obtained from the 2019 edition of Euromonitor International's city tourist arrivals (26)
(Tourist is defined as an international tourist who visits another country for at least 24 hours and
resides in paid or unpaid, group or private lodging for a period not exceeding 12 months) research
report that covers over 400 cities worldwide. Mexico and Canada accounted for 40% (39.9 million)
and 15% (14.9 million) of total outbound travel in the United States (99.7 million) (5). The STATS
Canada and Banco de Mexico websites were used to obtain data on Americans' international visits
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to Canada and Mexico by land (staying 1 or more nights). Both records show that land travels to
Mexico and Canada (39.6 million) account for a significant portion of overall outbound travel to
these countries (54.9 million), representing 74.5 percent and 65.7 percent of total trips to respective
countries. Figure 2 show Americans’ rate of international travel in 2019 by land.

= Mexico = Canada
Figure 2. Americans' long-distance outbound trip share by land in 2019 (NTTO, 2019)

MODELS

Figure 3 illustrates the modeling framework for international trip distribution by Americans. The
2016/17 NHTS data is used to estimate Americans’ international trip-making. The trip frequency
model for long-distance trips (over 75-miles one-way) is estimated using this NHTS dataset in
Fakhrmoosavi et al. (3). A travelers’ decision to have a long-distance international trip is estimated
using a binomial logit model. Trips are then distributed between each US origin airport and other
countries’ international airports using an origin-constrained gravity model and DB1B data. Flight
duration and fare, English language country indicator, tourism attraction country indicator, and
population of the country are used as the inputs of this model. Flight duration is not provided in
the DB1B data. Thus, it is estimated here based on an average speed and average delay for each
stop. In addition, flight fares and their variation are estimated using FGLS models for US outbound
and round trips to be considered for model applications.

0/, 1
2016/17NHTS 10%random sample
data of DB1B

2019 data
v

Trip frequency model for
long-distance trips (>75
miles) (Fakhrmoosavi et v — v
al. (2022) Flight fare models for Finding ﬂ}ght feration
inbound and round by assuming the speed

. of 500 mph and 3hr

. ) . trips (FGLS models) delav for each st

International trip choice clay Tor each stop

(binomial logit model)

! !

International Trip distribution model
destination choice | from US to other countries
for each US D (origin-constrained gravity
individual model)

Figure 3. Modeling framework to predict destinations for international trips from US
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Flight Fare and Duration Models

International Round Trips - US Origin

Due to the large sample size and unknown nature of heteroscedasticity, we employed feasible
generalized least square models to predict the flight fare for international trips. FGLS models for
2019 round-trip itineraries (Table 3) indicate that the flight fare decreases whenever 1) an
intermediate stop is included in an otherwise uninterrupted trip, and 2) the number of passengers
on the itinerary increases. Trips taken from October to December are more expensive than those
taken during other months of the year. Traveling to an English-speaking nation is less expensive
than traveling to or from a non-English-speaking country if other variables are kept constant.
Shifting all samples towards business or higher class and towards United Airlines increases the
flight fare by 150% and 7.5%, respectively. Table 4 presents the model estimates when the log of
linear model residuals is regressed on all dependent variables. The results show that the flight
prices of the itineraries with more than 1 stop vary significantly in price compared to those without
stops.

Table 3. FGLS model Estimates for international round trips to and from US (DB1B, 2019)

Y: Fare (3) per paid Itinerary per passenger, N = 1,048,268, Adj. R: 0.3026

Variable Name Estimate t-stat P-value
(Intercept) 337.60 105.136 0.000
Distance Flown (miles) 0.058 208.72 0.000
Distance Flown (miles)*Business class or higher 0.281 108.32 0.000
Trip made during April to June 20.41 12.529 0.000
Trip made during July to September 18.54 11.364 0.000
Trip made during October to December 69.04 54.304 0.000
Restricted Coach Class 56.69 35.829 0.000
Business class or higher -118.2 -5.649 0.000
#Passengers on the Itinerary -8.388 -63.497 0.000
In(Population of Destination Country) -8.204 -36.758 0.000
Itinerary with 1 stop -99.16 -59.481 0.000
Itinerary with 2 stops -69.97 -67.127 0.000
Outbound Trip 125.0 124.255 0.000
Destination is English Speaking -8.798 -5.588 0.000
Alaska Airlines -53.25 -9.542 0.000
JetBlue Airlines -15.52 -5.375 0.000
Delta Airlines 51.71 23.759 0.000
United Airlines 88.66 63.178 0.000
SkyWest Airlines 76.96 17.412 0.000
Endeavor Air 37.65 8.713 0.000
Canadian Pacific Airlines 14.90 2.92 0.004
Hawaiian Airlines 775.3 26.819 0.000
Golet Airlines -41.06 -11.981 0.000
Southwest Airlines -159.9 -43.468 0.000
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Spirit Airlines 143.6 47.993 0.000
Mesa Airlines -17.45 -4.173 0.000
Republic Airlines 110.3 17.973 0.000
Eva Airlines 39.46 6.438 0.000
PSA (American Eagle) Airlines 148.3 13.788 0.000
Frontier Airlines -215.3 -10.231 0.000
Sun Country Airlines -227.8 -3.188 0.001
Horizon Air -5.249 -0.67 0.503
Distance Flown (miles)*Destination is English Speaking -0.002 -6.894 0.000
Distance Flown (miles)*Trip made during April to June 0.004 12.322 0.000
Distance Flown (miles)*Trip made during July to September 0.006 18.248 0.000
Business class or higher*Destination is English Speaking 131.2 6.995 0.000
Trip made during April to June*Business class or higher -83.24 -4.228 0.000
Trip made during July to September*Business class or higher -157.5 -7.571 0.000
Business class or higher*Alaska Airlines -209.9 -3.888 0.000
Business class or higher*JetBlue Airlines -524.0 -3.506 0.000
Business class or higher*Delta Airlines -858.6 -38.11 0.000
Business class or higher*United Airlines 225.0 9.995 0.000
Business class or higher*SkyWest Airlines -276.1 -4.241 0.000
Business class or higher*Endeavor Air -578.5 -6.903 0.000
Business class or higher*Canadian Pacific Airlines -393.6 -3.367 0.001
Business class or higher*Hawaiian Airlines -588.2 -7.498 0.000
Business class or higher*Itinerary with 1 stop -143.9 -4.367 0.000
Business class or higher*Itinerary with 2 stops -318.5 -17.82 0.000
Distance Flown (miles)*Alaska Airlines -0.008 -5.609 0.000
Distance Flown (miles)*JetBlue Airlines 0.009 13.158 0.000
Distance Flown (miles)*Delta Airlines 0.014 39.903 0.000
Distance Flown (miles)*Southwest Airlines -0.011 -10.395 0.000
Distance Flown (miles)*Spirit Airlines -0.031 -28.813 0.000
Distance Flown (miles)*SkyWest Airlines 0.017 15.968 0.000
Distance Flown (miles)*Republic Airlines 0.027 26.092 0.000
Distance Flown (miles)*Endeavor Air 0.029 25.92 0.000
Distance Flown (miles)*Eva Airlines 0.027 15.114 0.000
Distance Flown (miles)*PSA Airlines 0.013 7.713 0.000
Distance Flown (miles)*Horizon Air -0.010 -3.433 0.001
Distance Flown (miles)*Hawaiian Airlines -0.066 -18.948 0.000
Distance Flown (miles)*GolJet Airlines 0.007 2.596 0.009
Distance Flown (miles)*Frontier Airlines -0.015 -2.116 0.034
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Distance Flown (miles)*Sun Country Airlines 0.047 2.255 0.024

Table 4. Variance model estimates for international round trips to and from US (DB1B,2019)

Y = log(Residuals™2) , N =1,048,268, Adj. R*: 0.2947

Variable Name Estimate t-stat P-value
(Intercept) 9.371 513.9 0.000
Distance Flown (miles) 0.000 3253 0.000
Trip made during April to June -0.018 -2.97 0.003
Trip made during July to September -0.023 -3.76 0.000
Trip made during October to November 0.253 34.45 0.000
Alaska Airlines 0.073 3.90 0.000
JetBlue Airlines -1.017 -76.26 0.000
Delta Airlines 0.211 34.25 0.000
Southwest Airlines -0.609 -48.24 0.000
United Airlines 0.116 17.41 0.000
Spirit Airlines -0.970 -61.27 0.000
Mesa Airlines 0.110 5.89 0.000
SkyWest Airlines 0.156 9.90 0.000
Republic Airways -0.081 -4.58 0.000
Endeavor Air 0.187 10.30 0.000
Canadian Pacific Air Lines 0.136 4.46 0.000
Eva Air 0.166 6.50 0.000
PSA (American Eagle) Airlines -0.056 -2.31 0.021
Horizon Air 0.428 11.37 0.000
Hawaiian Airlines -0.129 -6.64 0.000
Golet Airlines 0.262 6.05 0.000
Frontier Airlines -0.993 -18.90 0.000
Sun Country Airline 1.336 21.93 0.000
Itinerary with 2 stops -0.207 -23.03 0.000
Itinerary with 3 stops -0.307 -53.60 0.000
Restricted Coach Class -0.503 -63.38 0.000
Business class or higher 2.840 270.69 0.000
Outbound Trip 0.351 62.39 0.000
Destination is English Speaking 0.217 41.89 0.000
In (Population of Destination Country) 0.010 7.06 0.000
#Passengers on the Itinerary 0.006 6.11 0.000

11
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International One-way Trips - to and from US

The FGLS model results for air fares of international one-way trips to and from US is shown in
Table 5 and variance model estimates are shown in Table 6. The estimated model coefficients
reveal that a flight price cost $0.078 per mile flown for coach class and $0.163 per mile flown for
business class or higher. The flight fare decreases as number of passengers, numbers of stops on
the itinerary increases. Trip made during April to June shows high variation as compared to other
days of the year. Shifting the sample towards business or higher class increases the flight fare by
125% while same shift towards Southwest Airlines decreases the cost by 58.5%.

Table 5. FGLS model estimates for international one-way trips - to and from US (DB1B,2019)

Y: Fare (8) per paid Itinerary per passenger, N = 1,048,575, Adj. R*: 0.2446

Variable Name Estimate t-stat  P-value
(Intercept) 320.0 154.7 0.000
Distance Flown (miles) 0.078 179.0 0.000
Distance Flown (miles)*Business class or higher 0.163 61.53 0.000
#Passengers on the Itinerary -3.602 -70.87 0.000
Outbound Trip? -34.20 -58.49 0.000
Restricted Coach Class -7.743 -7.78 0.000
Business class or higher -66.53 -2.40 0.016
Trip made during April to June 8.645 8.72 0.000
Trip made during July to September 1.907 1.76 0.079
Trip made during October to December 4.992 4.24 0.000
Itinerary with 1 stop -40.23 -76.41 0.000
Itinerary with 2 stops -23.69 -21.29 0.000
Itinerary with 3 stops 117.5 24.43 0.000
Destination is English Speaking -24.75 -27.51 0.000
Ln (Population of Destination Country) -7.668 -53.18 0.000
Alaska Airlines -29.55 -13.63 0.000
JetBlue Airlines -42.76 -24.86 0.000
Delta Airlines -11.08 -7.54 0.000
United Airlines -16.53 -11.23 0.000
SkyWest Airlines 24.71 11.15 0.000
Canadian Pacific Airlines -18.48 -13.53 0.000
Horizon Air -4.890 -1.98 0.048
Hawaiian Air 253.2 16.08 0.000
SunCountry Airline -72.60 -12.45 0.000
Southwest Airlines -7.897 -3.21 0.001
Spirit Airlines -92.82 -53.99 0.000
Mesa Airlines 56.18 36.24 0.000
Republic Airline 1.783 0.75 0.453
Endeavor Airline 15.17 6.92 0.000
Eva Airline 21.46 6.29 0.000
PSA Airline 23.54 6.84 0.000
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Golet Airline 60.15 12.90 0.000
Frontier Airline -118.5 -18.18 0.000
Distance Flown (miles)*Trip made during April to June -0.004 -7.81 0.000
Distance Flown (miles)*Trip made during July to September 0.008 16.50 0.000
g;sct:rr;c;eflown (miles)*Trip made during October to -0.004 6.92 0.000
Distance Flown (miles)*Alaska Airlines -0.008 -8.38 0.000
Distance Flown (miles)*JetBlue 0.014 21.68 0.000
Distance Flown (miles)*Delta Airlines 0.015 24.10 0.000
Distance Flown (miles)*Southwest Airlines -0.031 -21.67 0.000
Distance Flown (miles)*United Airlines 0.018 35.57 0.000
Distance Flown (miles)*Spirit Airlines -0.032 -35.40 0.000
Distance Flown (miles)*SkyWest Airlines 0.008 7.46 0.000
Distance Flown (miles)*Republic Airline 0.017 12.07 0.000
Distance Flown (miles)*Endeavor Airline 0.007 5.47 0.000
Distance Flown (miles)*Eva Airline 0.032 15.65 0.000
Distance Flown (miles)*PSA Airline -0.009 -3.74 0.000
Distance Flown (miles)*Horizon Air -0.004 -2.54 0.011
Distance Flown (miles)*Hawaiian Air -0.039 -12.92 0.000
Distance Flown (miles)*Golet Airline -0.005 -1.72 0.085
Distance Flown (miles)*Frontier Airline -0.012 -3.09 0.002
Business class or higher*Alaska Airlines -123.4 -7.23 0.000
Business class or higher*JetBlue Airlines 505.0 12.18 0.000
Business class or higher*Delta Airlines 53.82 3.13 0.002
Business class or higher*United Airlines -45.94 -4.17 0.000
Business class or higher*SkyWest Airlines -43.62 -1.80 0.071
Business class or higher*Canadian Pacific Airlines -95.83 -3.32 0.001
Business class or higher*Horizon Air -68.84 -2.46 0.014
Business class or higher*Hawaiian Air 262.1 3.22 0.001
Business class or higher*SunCountry Airline -360.0 -6.10 0.000
Business class or higher*Itinerary with 1 stop -105.5 -11.57 0.000
Business class or higher*Itinerary with 2 stops -353.4 -18.70 0.000
Business class or higher*Itinerary with 3 stops -520.1 -7.41 0.000
Business class or higher* Destination is English Speaking 5291 5.56 0.000
Distance Flown (miles)* Destination is English Speaking -0.010 -25.76 0.000
ggiﬁi;sj class or higher* Ln (Population of Destination 11.86 473 0.000
Trip made during April to June*Business class or higher -50.15 -4.93 0.000
Trip made during July to September*Business class or higher -126.1 -9.99 0.000

Trip made during October to December*Business class or

higher -35.60 -2.69 0.007
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Table 6. Variance model estimates for international one-way trips - to and from US (DB1B, 2019)

Y = log(Residuals"2) , N = 1,048,575, Adj. R*: 0.2896

Variable Name Estimate  t-stat  P-value
(Intercept) 9.880 628.2 0.000
Distance Flown (miles) 0.000 364.8 0.000
#Passengers on the Itinerary 0.006 9.6 0.000
Itinerary with 2 stops -0.203 -26.8 0.000
Itinerary with 3 stops 0.088 3.80 0.000
Restricted Coach Class -1.037 -153.0 0.000
Business class or higher 1.959 192.8 0.000
Destination is English Speaking? -0.214 -41.1 0.000
Ln (Population of Destination Country) -0.046 -34.7 0.000
Trip made during April to June -0.066 -13.0 0.000
Alaska Airlines -0.174 -12.9 0.000
JetBlue Airlines -1.324 -124.6 0.000
Delta Airlines 0.113 16.1 0.000
Southwest Airlines -0.642 -48.4 0.000
United Airlines -0.126 -18.7 0.000
Spirit Airlines -1.351 -112.3 0.000
Mesa Airlines -0.219 -13.4 0.000
SkyWest Airlines -0.094 -6.9 0.000
Republic Airways -0.119 -6.8 0.000
Endeavor Air 0.040 2.5 0.014
Canadian Pacific Air Lines -0.446 -24.7 0.000
PSA Airlines -0.162 -5.9 0.000
Horizon Air -0.158 -7.5 0.000
Hawaiian Airlines -0.228 -8.3 0.000
Golet Airlines 0.164 5.1 0.000
Frontier Airlines -1.145 -32.3 0.000

International Trip Choice

The specifications of the logistic regression model to estimate international trip choice for
Americans are shown in Table 7. The model indicates that international trip frequency (per person)
rises by about 16% with a 1 standard deviation increase in the respondent’s household income (i.e.,
$62,000). Increasing the summer trip and spring trip indicators by 1 standard deviation also
increases the frequency of international trips by 19% and 14%, respectively. International trips fall
23% when the female indicator increases by 1 standard deviation and 31% when the full-time
employed indicator increases by 1 standard deviation. Religious and personal business trips are
also less likely to be international.
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Table 7. Specifications of the logistic regression model for international versus domestic trips using

the 2016/17 NHTS data
Coefficient Estimates t-Stat P-Value Practical Significance

(Intercept) -5.594 -7.14 0.000 -

Household income (1000$) 0.006 1.63 0.103 0.161
Female -1.067 -2.42 0.016 -0.228
Hispanic 1.424 2.67 0.008 0.148
White 1.114 2.27 0.023 0.159
Full-time employed -1.501 -3.65 0.000 -0.315
Summer trip 0.988 1.78 0.075 0.193
Spring trip 0.907 1.68 0.094 0.140
Personal business trip -1.066 -1.44 0.150 -0.104
Religious community trip -14.232 -47.88 0.000 -0.869

R-squared: 0.1344, n= 13,966

Trip Distribution Model

An origin-constrained gravity model was used to distribute trips among different origins and
destinations. Gravity models in their traditional form consist of the production, attraction (e.g.,
tourism attractions, population, and language of the destination), friction (i.e., travel time and/or
fare), and a gravity constant term. A logarithmic operator was applied to form a log-linear gravity
model and an ordinary-least-squares (OLS) model was estimated to find the number of trips
distributed between each origin and destination pair. Friction factor here is a function of impedance
incorporating auto and air travel times and cost (i.e., flight fare, highway toll) normalized by value
of time. Value of travel time for air travelers is assumed to be $30 per hour and $20 per hour for
auto users. Table 8 shows the specifications of this log-linear model as well as the practical
significance of different statistically significant variables. This model was estimated using data
from multiple sources indicating trip production for 334 major US airports and attractions of
country locations for 1028 international airports in countries other than the US. Due to the lack of
data for origins and destinations of land travelers to Canada and Mexico, major airports in most
touristic cities in Canadian provinces that are accessible with from US (e.g., Ontario, Quebec,
British Columbia, Alberta, Nova Scotia) are considered as the destination locations. Origins are
also assumed to be the major airport of the closest state in the US. For Mexico, all trips are
aggregated in one origin and destination pair from Texas to the Sinaloa state in Mexico. The trip
distribution model indicated that trips headed to a foreign destination from an American origin fall
41% when the travel start to end time raises by 7 hours or air ticket increases by $210. Destinations
hosting tourist attractions increase origin-destination flow by 48%. when this indicator variable
goes from 0 to 1. The population and English-speaking indicator at the destination country are
neither practically nor statistically significant.
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Table 8. Specifications of the log-linear gravity model to estimate the number of trips between US
major airports and other countries’ airports

Estimate t-stat P-Value Sil;;?tcitciz?llce

(Intercept) 9.796 104.65 0.000

Trip Production in Origin Airport 0.238 81.62 0.000 0.969
Travel Time & Cost -1.578 124.11 0.000 0.409
Population of Destination Country 0.0013 0.50 0.616 0.0012
Tourism Indicator in Destination Country 0.907 51.60 0.000 0.136
English Speaking Country (Destination) 0.0024 0.17 0.864 0.0004

CONCLUSIONS

This research contributes to a better knowledge of Americans’ overseas travel by estimating travel
demand and expenses (in time and money) between major US airports and international airports
globally, as well as land trips to Mexico and Canada. The study uses 2019 DB1B aircraft ticket
data, the 2016/17 NHTS, US outbound passenger travel aggregate estimates of 2019 NTTO,
destination country characteristics from UN world information and major attraction cities data for
tourists in 2019 from Euromonitor international report. The main data source of this study, 2019
DBI1B provided by BTS, revealed that the flight fare for international travel falls as the number of
passengers on the itinerary rises. Round trips made in October to December are more expensive
than those taken during the other months of the year while one-way trips made during April to
June show high variation as compared to other times of the year. A round trip to an English-
speaking nation is less expensive than traveling to or from a non-English-speaking country if other
variables are kept constant. The international round-trip air fares cost $0.058 per mile flown for
coach class and $0.281 per mile flown for business class or higher. Shifting the sample towards
business or higher class increases the one-way flight fare by 125% and the round-trip fare by 151%.

The international trip choice model reveals that the probability of taking international trips rises
16% when household income is increased by 1 standard deviation (i.e., $62,000). Employment
status, race, female indicator, trip season, and trip purpose are other significant variables affecting
international trip choice by Americans. A log-linear model was used to distribute international
trips among various major airports in the US and other countries. The trip distribution model
indicated that travel time and cost, and tourism attraction in the destination are the statistically
significant variables affecting the number of trips going to an international location. This model
also suggested that trips headed to a foreign destination from an American airport fall 41% when
the friction factor (i.e., travel time and normalized cost by value of time for different modes) raises
by 7 hours and increases 48% when all destination shift to a tourist attraction from not being an
attraction.

This study has some limitations that should be considered, prompting areas for future research. To
the knowledge of the authors, there is no public data that thoroughly reports upon international
ground trip counts from US cities to cities in Canada or Mexico. Data used in this study were
comprised of aggregated border crossing travel counts; these were then used for distributing trips
among different destinations based on their tourism attraction. Further work is required to more
precisely account for ground trips for use in international travel demand models.
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