How-To: Model Destination Choice

APRIL 2018

@ o

US. Department of Transportation

Federal Highway Administration .ngM D

Better Methods. Better Outcomes.

18/05/2008 Cione
0o




Notice
This document is disseminated under the sponsorship of the U.S. Department of Transportation
in the interest of information exchange. The U.S. Government assumes no liability for the use of
the information contained in this document.

The U.S. Government does not endorse products or manufacturers. Trademarks or
manufacturers’ names appear in this report only because they are considered essential to the
objective of the document.

Quality Assurance Statement
The Federal Highway Administration (FHWA) provides high-quality information to serve
Government, industry, and the public in a manner that promotes public understanding. Standards
and policies are used to ensure and maximize the quality, objectivity, utility, and integrity of its
information. The FHWA periodically reviews quality issues and adjusts its programs and
processes to ensure continuous quality improvement.




1. Report No. 2. Government Accession No. 3. Recipient’s Catalog No.
FHWA-HEP-18-080

4. Title and Subtitle 5. Report Date
How-To: Model Destination Choice April 30, 2018

6. Performing Organization Code

7. Authors 8. Performing Organization Report
Vince Bernardin, PhD; Clint Daniels; Jason Chen, PhD No.

9. Performing Organization Name and Address 10. Work Unit No. (TRAIS)

RSG

55 Railroad Row
White River Junction, VT 05001

11. Contract or Grant No.
DTFH61-12-D-00013, T-12002

12. Sponsoring Agency Name and Address 13. Type of Report and Period
United States Department of Transportation Covered

Federal Highway Administration September 2015 — April 2018
1200 New Jersey Ave. SE 14. Sponsoring Agency Code
Washington, DC 20590 HEPP-30

15. Supplementary Notes

The project was managed by Task Manager for Federal Highway Administration, Sarah Sun, who provided detailed
technical directions.

16. Abstract

This How-To guide walks the reader through the process of destination choice modeling. The guide describes the various
data sources used in destination choice modeling, how the set of potential destinations is defined, how the model is specified
and various factors are incorporated, how parameters are statistically estimated, how destination choice models are
implemented in the context of larger travel modeling frameworks, and ultimately how they are evaluated and calibrated for
use in travel forecasting.

17. Key Words 18. Distribution Statement

Destination Choice, How-to, Spatial Choice, Trip | No restrictions.
Distribution, Location Choice, Spatial Interaction, Travel
Model, Travel Forecasting

19. Security Classif. (of this report) 20. Security Classif. (of this page) 21. No. of Pages | 22. Price
Unclassified Unclassified 79 N/A




DDER R 0 0 A OR
APPROXIMATE CONVERSIONS TO SI UNITS
Symbol When You Know Multiply By To Find Symbol
LENGTH
in inches 254 millimeters mm
ft feet 0.305 meters m
yd yards 0.914 meters m
mi miles 1.61 kilometers km
AREA
in? square inches 645.2 square millimeters mm?
ft? square feet 0.093 square meters m’
yd? square yard 0.836 square meters m?
ac acres 0.405 hectares ha
mi” square miles 2.59 square kilometers km?®
VOLUME
fl oz fluid ounces 29.57 milliliters mL
gal gallons 3.785 liters L
ft® cubic feet 0.028 cubic meters m?
yd3 cubic yards 0.765 cubic meters m’
NOTE: volumes greater than 1000 L shall be shown in m*
MASS
oz ounces 28.35 grams g
b pounds 0.454 kilograms kg
T short tons (2000 Ib) 0.907 megagrams (or "metric ton") Mg (or "t")
TEMPERATURE (exact degrees)
°F Fahrenheit 5 (F-32)/9 Celsius €
or (F-32)/1.8
ILLUMINATION
fc foot-candles 10.76 lux Ix
fl foot-Lamberts 3.426 candela/m® cd/m?
FORCE and PRESSURE or STRESS
Ibf poundforce 4.45 newtons N
Ibf/in® poundforce per square inch 6.89 kilopascals kPa
APPROXIMATE CONVERSIONS FROM SI UNITS
Symbol When You Know Multiply By To Find Symbol
LENGTH
mm millimeters 0.039 inches in
m meters 3.28 feet ft
m meters 1.09 yards yd
km kilometers 0.621 miles mi
AREA
mm? square millimeters 0.0016 square inches in®
m? square meters 10.764 square feet t?
m? square meters 1.195 square yards yd?
ha hectares 2.47 acres ac
km? square kilometers 0.386 square miles mi*
VOLUME
mL milliliters 0.034 fluid ounces fl oz
L liters 0.264 gallons gal
m’ cubic meters 35.314 cubic feet ft®
m® cubic meters 1.307 cubic yards yd®
MASS
g grams 0.035 ounces oz
kg kilograms 2.202 pounds Ib
Mg (or "t") megagrams (or "metric ton") 1.103 short tons (2000 Ib) T
TEMPERATURE (exact degrees)
°C Celsius 1.8C+32 Fahrenheit °F
ILLUMINATION
Ix lux 0.0929 foot-candles fc
cd/m? candela/m? 0.2919 foot-Lamberts fl
FORCE and PRESSURE or STRESS
N newtons 0.225 poundforce Ibf
kPa kilopascals 0.145 poundforce per square inch Ibf/in®

*Sl is the symbol for the International System of Units. Appropriate rounding should be made to comply with Section 4 of ASTM E380.
(Revised March 2003)
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1.0 Preface

1.1 Disclaimer
The views expressed in this document do not represent the opinions of FHWA and do not
constitute an endorsement, recommendation or specification by FHWA. The document is based
solely on the work of RSG and the TRB Travel Forecasting Resource Destination Choice
Modeling Charrette.

1.2 Acknowledgments
Early draft materials for this document helped provide initial content which was then further
developed by the participants of the Travel Forecasting Resource Destination Choice Modeling
Charrette before being revised, edited, and developed into this document. The members of the
charrette participants included:

Julie Dunbar (Dunbar)

Eric Miller, PhD (University of Toronto)

Rolf Moeckel, PhD (Technical University of Munich)
Jeff Newman, PhD (Cambridge Systematics)

Ram Pendyala, PhD (Arizona State University)
Rosella Picado (WSP)

Jennifer Weeks (TRB)

These participants generously donated some of their time for this study to develop the charrette
materials which were also drawn upon in this document.
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2.0 Introduction

2.1 The Problem of Trip Distribution in Space

This How-to guide addresses one of the most challenging problems in travel modeling: trip
distribution. Both common experience in practice as well as academic research have found that
trip distribution models are the largest source of error in travel modeling systems. (Zhou and
Kockelman, 2002). The struggle to model the spatial distribution of trips is clearly understandable.
It results from two basic facts. The solution space of origin-destination (OD) flows is very large.
Most OD matrices in practice range from 500,000 to 25,000,000 cells, each representing an OD
pair. This huge set of dependent variables is modeled using only a very small number of
explanatory variables such as the travel time between zones and population and employees per
zone without any information about the quality or cost of goods and services provided by these
various destinations or the relationships between the individuals or communities living and
working in these areas. It is little wonder therefore that distribution models struggle to reproduce
the complex patterns observed in reality.

2.1.1 The Importance of the Problem

Reproducing and predicting where travelers are going to and from is of critical importance to travel
modeling and transportation planning. Without an accurate representation or prediction of these
spatial travel patterns it is impossible to accurately predict many important things including drivers’
willingness-to-pay tolls (which depends on the length of their trip) or travelers’ likelihood of
changing modes to take advantage of a new transit service. Looking to the future, accurate spatial
modeling will also be critical to answering new questions such as the likely effectiveness of various
types of restrictions on deadheading/zero occupant vehicle trips by autonomous vehicles. Thus,
while understanding the spatial patterns of travel is not always of paramount interest in itself, it
underlies and is foundational to the ability to understand and predict many issues of interest to
transportation.

2.2 Destination Choice Models

Destination choice models are a type of trip distribution or spatial interaction model which are
formulated as discrete choice models, typically logit models. This flexible and extensible
formulation allows destination choice models to provide a better behavioral basis for trip
distribution than the traditional gravity-based trip distribution models, by allowing for a wider range
of explanatory variables. Although technically gravity models can be considered a subset or
special case of destination choice models, the term “destination choice models” typically is used
to identify more general models that incorporate additional variables beyond size/attractions,
impedance/friction factors and constants.

Destination choice models consistently reproduce observed travel patterns better than gravity
models. Destination choice models perform better through the incorporation of additional
variables and reflecting more complex statistical assumptions like spatial autocorrelation.
(Bernardin et al., 2009) Logit-based destination choice models are therefore increasingly
replacing gravity models for modeling the spatial distribution of trips in order to improve the overall
travel model accuracy.

A
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2.2.1 Increasing Use in Practice

As recently as the beginning of 2014, a TMIP survey of transportation agencies around the country
confirmed that the majority of travel models still use gravity models for distributing trips in space.
However, the same survey also confirmed that the portion of agencies using destination choice
models in place of gravity models is increasing and had roughly tripled in less than nine years
since a previous survey. As of 2018, destination choice models are now used by almost all of the
top twenty-five largest metropolitan areas in the country and in just under half of statewide models
(e.g., Arizona, California, ldaho, lowa, Maryland, Michigan, New Hampshire, Ohio, Oregon,
Tennessee, Wisconsin) as well as an increasing humber of small and mid-sized metropolitan
areas (e.g., South Bend, Evansville, and Columbus, Indiana; Ann Arbor, Michigan; Burlington,
Vermont; Knoxville, Nashville, and Chattanooga, Tennessee; Charlottesville, Virginia; Charleston,
South Carolina; and Jacksonville, Florida).

2.2.2 Improved Sensitivity to More Factors
The gravity model often exhibits incorrect demand elasticities; in particular, the model may
respond illogically to changes in levels of service where improved accessibility to a given
destination may cause a disproportionate increase in total trips, and/or an increase in trips using
the mode(s) whose accessibility did not change. In both cases, the results are undesirable and
may lead to erroneous assessments of the impact of transit or highway improvements.

Destination choice models overcome these gravity model limitations with more appropriate and
sophisticated specifications of utility. Because the mathematical form of destination choice utility
is very flexible, accounting for the uniqueness in the trip distribution pattern can be accomplished
in intuitive ways. For example, modeling a natural barrier like a river in a gravity model usually
requires K-factor (or explicit declaration), but, in a destination choice model, a term can be added
to the utility equation, statistically estimated from observed data, and interpreted in terms of
equivalent minutes of travel time. This latter approach is much more data-based and intuitive
measure of the impact the river would have on a person's travel choice. In addition to
psychological barriers like this, destination choice models frequently make use of traveler
characteristics such as their income or their residence location as important explanatory variables.
Walkability, availability and price of parking, accessibility and other variables can further improve
the realism of destination choice models. Destination choice models can also incorporate effects
such as spatial autocorrelation that simply cannot be incorporated in gravity models.

2.2.3 Improved Explanatory Power and Limitations
While a key advantage offered by destination choice models when compared to the more
traditional gravity model is their ability to consider additional factors, at the same time it is also
important to recognize destination choice models in practice today still struggle to explain the
spatial distribution of personal travel. This is due in large measure to the importance of
unobserved attributes such as the price and quality of goods and services provided at
destinations.

It is surprisingly challenging to assess the state-of-the-practice in terms of how well (or poorly)
gravity models perform and destination choice models outperform them for several reasons. First,
from the early years of travel modeling it became frequent practice to only evaluate trip distribution
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models on the basis of how well they reproduce the observed trip length frequency distribution,
rather than the actual observed OD patterns. While this is understandable at some level, given
the limited observed OD data available at the time, it has led to the unfortunate situation that very
few agencies or consultants developing distribution models even check or report a true goodness-
of-fit statistic for spatial distribution models.

Moreover, there is a further technical difficulty that makes it difficult to compare spatial goodness-
of-fit statistics across models. The most common spatial goodness-of-fit statistics such as
pseudo-r-squared (or rho-squared) or squared error measures, all are dependent on the
number/size of zones used. If the whole region is considered as a single zone, any model can
perfectly predict the destination zone of internal trips. If the whole region is only represented by
two zones, any model should get at least half of the destinations correct. The more zones used
to represent the modeled region, the lower the goodness-of-fit measure should be expected.
However, this is misleading as a model with more zones may actually be much better at capturing
spatial patterns than one with less. This can be verified by comparing the goodness-of-fit of two
models of the same region using two different zone structures in which the more detailed one
nests within the less. If the goodness-of-fit is calculated for each model using its own zone system,
the more aggregate model may well have the higher goodness-of-fit statistic, but if both models
are compared using a goodness-of-fit statistic based on the more aggregate zone system, very
likely the more disaggregate model will demonstrate the better goodness-of-fit.

For both these reasons it is somewhat difficult to make generalizations about the accuracy of
spatial distribution models. However, some very rough generalizations can still be made based
on the limited professional experience of the authors, with the caveat that they are dependent on
the resolution of zone systems (so models with more zones should expect lower statistics than
those with fewer). Assessing goodness-of-fit with rho-squared against the null model of observed
household survey data, gravity models commonly explain only between ten and twenty percent
of the observed variation in destinations; conventional destination choice models (without
substantial fixed factors) often increase the explanatory power over gravity models of the same
region by fifty to a hundred percent so they explain fifteen to forty percent of the observed variation
in destinations. The struggle of destination choice models to explain observed OD patterns is still
not surprising, given the importance of unobserved attributes such as the price and quality of
goods and services provided at destinations. In many cases, a conventional destination choice
model may have double the explanatory power of a gravity model, but, in the end, still explain
less than half of the variation in the observed patterns.

2.2.4 Big Data and Destination Choice Modeling

Very recently, new data-driven modeling frameworks have allowed even more accurate
representations of OD travel patterns. These approaches leverage new sources of passively
collected, large sample location data (from mobile and in-vehicle devices). In one approach,
conventional destination choice models have been incorporated in a larger pivot-point model
framework. In another approach, this new information has been incorporated more directly within
destination choice models using a constant rich, fixed factor utility specification. This new
generation of destination choice models hold great promise for further improving the ability of
models to represent and predict travel patterns.
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2.3 Overview of this Guide

This guidebook is oriented to the travel modeling practitioner who wishes to develop a solid
understanding of destination choice models. Following this introductory section, the remainder of
the guide is organized in six sections:

o Data Sources for Destination Choice

e Destination Choice Set Formation

¢ Destination Choice Model Specification

o Destination Choice Model Estimation

e Destination Choice Model Implementation

e Destination Choice Model Calibration and Validation

Further theoretical discussions regarding destination choice modeling can be found in the
appendices.
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3.0 Data Sources

While it is possible to represent the selection of trip destinations more rigorously, destination
choice models tend to require more data and higher fidelity data than traditional gravity models.
Two types of data that are relevant for destination choice models: observed choice data and
explanatory data. Observed choice data describe origin-destination flows that have been
observed in a survey, by counting, or by passive data collection. Explanatory data, on the other
hand, refer to input data that describe either destinations or characteristics of the traveler who
chooses the destination.

3.1 Observed Choice Data

Observed choice data describe actual chosen origin-destination pairs. At minimum, these data
provide a tally of observed trips at the level of zone-to-zone, origin-destination pairs. In some
cases, to support more complex model specifications, surveys provide entire tours or trip-chains
together with information on the traveler and specifics of the destination, such as an observation
of a high-income worker going from home to work, from work to a restaurant and the restaurant
back home. Often, such data are stratified by trip purpose, mode, time of day and various socio-
demographic characteristics of the traveler.

For more information on observed choice data, the reader may want to refer to another recent
TMIP publication: Bridging Data Gaps: A TMIP Series on Understanding Origin-Destination Data.
This four-volume series provides a valuable resource with more in-depth information on the
various different sources of observed choice or OD data and issues related to their collection,
processing, and use for modeling and analysis.

3.1.1 Household Travel Surveys

Up until now the most common source for observed choice data have been household travel
surveys. Origins and destinations are collected at the address or latitude-longitude level and
translated into TAZ for data analysis and modeling. Long-distance data commonly are provided
at a coarser geography like counties or metropolitan areas. Surveys have the benefit that they
tend to provide rich information on the socio-demographic characteristics of the traveler as well
as the purpose of the trip, mode of travel, and other contextual information. In addition to individual
trips, surveys also commonly allow the analyst to identify entire tours. However, due to cost and
respondent burden, rich survey data only covers a small sample of all OD pairs constituting OD
space.

In larger regions, the sample size for a regional household travel survey is often between 0.4% to
0.6% of the region’s households (e.g., 4,000 to 6,000 households for a region with 1 million
households). Smaller regions are more likely to have modestly higher sample sizes as a
percentage of the region’s households. Participating households often report all travel for an
assigned period, typically one weekday—usually in the spring or the fall to avoid the “atypical”
summer and winter vacation/holiday periods. More recently, surveys conducted by smartphone
have typically been

By way of example, a survey using traditional methods that obtains 5,000 households, with 2.5
people per household and 4 trips per person-day, will result in around 50,000 individual trip
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records. A typical MPO might have 2,000 traffic analysis zones (TAZs) in its travel demand model,
producing 2,000 x 2,000, or 4 million possible origin-destination (OD) pairs. So, even if every
survey trip was between a new OD pair, the survey would only cover 50,000/4,000,000, or 1.25%
of all possible OD pairs. In reality, many MPOs include more than 2,000 TAZs and many survey
trips are between the same OD pairs. As a result, the OD data from a household travel survey
may often cover well below 1% of all possible OD pairs in a region.
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Figure 1. Cumulative number of unique trips as a multiple of Day 1 trips, based on SANDAG smartphone-based
GPS travel survey data.

Source: FHWA

Additional days of data from smartphone surveys can help provide greater coverage to some
extent, but it is still limited compared to fully passive data collection methods. Smartphone
surveys, however, provide several other advantages as well. Use of smartphone apps for data
collection improves accuracy of trip-end locations and time, provides data on routes used,
increases willingness of younger travelers to participate, reduces respondent burden, and
decreases trip under-reporting and other recall related problems. However, survey collection by
smartphone must often be augmented by other response options such as online or phone since
roughly two in ten adults (and a higher percentage of seniors) do not own smartphones.
Smartphone apps can also be limited by different smartphone features, operating systems, and
marketplaces.
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Figure 2. Trip rates by age from Raleigh-Durham, NC, showing under-reporting in traditional surveys.

Source: FHWA

3.1.2 U.S. Census Bureau Data
The U.S. Census bureau provides two data products with information on observed choice data,
but only for work commute trips. These products are often used as supplementary or secondary
data sources used for validating and sometimes calibrating, but not estimating, destination choice
models.
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Figure 3. Comparison of work trip-length frequencies from LEHD and CTPP (source: Green et al., 2007).

The Census Transportation Planning Products Program (CTPP) collects data on work trips as
part of the Census’ American Communities Survey (ACS). CTPP is co-sponsored and hosted by
the American Association of State Highway and Transportation Officials (AASHTO) in cooperation
with the states. The dataset includes OD flows for various geographies from states and counties
to block groups (or Census TAZs although these are being discontinued). The dataset also
provides information on commuters like age, household structure, and income as well as the time
of their commute and usual mode. Every year the ACS samples slightly over 1.5% of households,
hence five-year ACS estimates are based on roughly a 7-8% sample. This number is much larger
than any household survey, but still a modest sample compared the universe of administrative
records used for the Census’s LEHD data product.
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Figure 4. Screenshot of LEHD OnTheMap website visualization.

Source: US Census Bureau

The Longitudinal Employer-Household Dynamics (LEHD) is a joint project of the U.S. Census
Bureau, the U.S. Bureau of Labor Statistics, and state employment security agencies, published
and hosted by the Census Bureau. LEHD additionally offers the LEHD Origin-Destination
Employment Statistics (LODES). These data provide commuter flows at the resolution of census
blocks. Flow data are available segmented by three age groups, three income groups, and
multiple industrial classifications.

The program uses administrative records from payroll taxes used for unemployment insurance
and the quarterly census of employment and wages. Thus, the data is far more complete than
any other dataset on commute flows. However, the data does not cover all workers; sole
proprietors, railroad workers, and other special groups not covered by unemployment insurance
are not included in the data. These exempt groups account from 5 to 20% of all workers in different
regions and may be one reason for the under-representation of short commute trips in the LEHD
data. The data also suffers from the “headquartering problem” where employers with multiple
work sites may report all workers in one location. While the data is processed in attempt to
address this, current methods have not been able to fully address this issue. This may also
partially account for the under-estimation of short commute trips.

A process of disclosure proofing is also applied in which noise is intentionally introduced in the
data at low levels of geography in order to protect the confidentiality of workers and firms. While
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the method is believed to protect data integrity at higher, more aggregate levels of geography, it
introduces some error that can be difficult to correct for in some cases.

3.1.3 Passively Collected Location Data
In contrast to survey data, passively collected data do not ask people about their travel behavior
explicitly but rather collect data passively through cellular phones, GPS devices, or other location-
revealing technologies. While these data in themselves do not provide traveler characteristics or
contextual information on trips (e.g., mode, purpose), these data have proven to be powerful
because of their magnitude of coverage.
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Figure 5. Passively collected truck GPS flows to/from Florida.

Source: ATRI

While traditional surveys often cover roughly one percent of the population for one to seven days,
it is not uncommon for passively collected data to cover ten percent of the population for a month
or more. These larger samples result in more comprehensive coverage of origin-destination pairs.
Whereas surveys often provide observations on 1% or less of OD pairs, passive data often
provides observations on a quarter or a third of possible OD pairs. In a Tennessee household
travel survey, for example, the survey covered over 10,000 households generating approximately
40,000 origin-destination pairs in the statewide zone system, which is only 0.3 percent of all

A
April 2018 12 e TMIP



Q

. . . US.Department of Tansporiation
How-To: Model Destination Choice Federal Highway Administration

possible origin-destination zone pairs in Tennessee. Cell phone data, on the other hand, was able
to capture 26 percent of all origin-destination zone pairs. Many origin-destination pairs particularly
between rural areas have no actual travel to observe. Hence, it is believed that cell phone data
was able to capture the majority of origin-destination pairs that are actually traveled. The almost
complete coverage has important benefits for the estimation of destination choice models.
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Figure 6. Systematic age bias in passive app data in Columbus, OH.

Source: FHWA

The two main disadvantages of passive OD data are the lack of choice-maker/traveler
characteristics and other contextual information and systematic bias in the way the convenience
sample represents the actual universe of all travel. The lack of mode and purpose information are
particularly problematic for most modeling. Also, although passive data provides large sample
data, often including millions of trips, it is still only a sample, and because it is not a controlled
random sample, it is not representative of all travelers or trips. Commercially available datasets
include only travelers with certain devices, carriers, and/or apps installed. Seniors and low-income
populations are known to be under-represented in many datasets. Moreover, short-distance trips
or short-duration activities are often under-represented in the data because they require more
frequent observations of position which are not always available due to several factors including
battery management, device and app usage. Passive OD data must be expanded to correct for
these biases in order to properly and accurately represent OD patterns for destination choice
modeling, and due to the lack of explanatory variables, the data must be used together with other
datasets to support destination choice model estimation.

3.1.4 Traffic Counts
Traffic counts also provide valuable, albeit incomplete, information on origin-destination flows.
Traffic counts commonly are provided by the local transportation engineer or Metropolitan
Planning Organization. For instance, traffic counts along screenlines can provide information on
aggregate district-to-district flows and are commonly used for this reason in destination choice
model validation.
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Traffic counts can also be used directly in model estimation to estimate model parameters
simultaneously with survey data. Traffic counts may be used to impute origin-destination flows. In
origin-destination matrix estimation (ODME), sometimes also called synthetic matrix estimation
(SME), a trip matrix is synthesized that matches traffic count data.

ODME is a method to create a synthetic trip tables that resembles count data after assignment.
(Willumsen, 1981) Such models often suffer from unexpectedly large differences in outcomes due
to small changes in inputs (Aerde, 2003) as well as their inability to reconcile inconsistent or
erroneous traffic counts. (Hazelton, 2003) As traffic counts do not distinguish trip purposes or user
classes, ODME cannot provide trip tables by purpose or trip tables that distinguish travelers by
socio-economic characteristics. Moreover, proper and responsible application of ODME reflects
the importance of the initial seed distribution of OD patterns required by ODME and limits its
distortion either through the formulation of the objective function for the optimization or the
imposition of constraints. While in the past trip matrices generated with ODME flows were often
only used if no other origin-destination data sources are available, the availability of good seed
OD patterns from passive big data may now present a better foundation for ODME.

3.1.5 Other Sources of OD Data

The foregoing data sources are most commonly used for the estimation, calibration, and validation
of destination choice models. However, OD data can occasionally also be provided by other data
sources and used to support destination choice modeling in some contexts. Special surveys such
as external cordon line surveys, visitor surveys, on-board transit ridership surveys, and roadside
intercept surveys all can provide OD information that can be particularly valuable for special
market segments in some areas. Establishment surveys can also provide valuable information
although they typically only capture revealed choices of destinations without information on trips
origins.
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3.1.6 Visualization
While OD data does not necessarily have to be visualized to support destination choice model
estimation, visualizations can be helpful in cleaning and validating the data itself as well as
calibrating and validating models based on it. While matrices can convey OD patterns for the
technically or numerically oriented, visualizations are often helpful.
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Figure 7. Desire lines for Northeast Indiana.
Source: FHWA
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Desire lines are perhaps the most common visualizations of OD patterns, particularly at more
aggregate levels; however, they are still often not easy to understand for those who are not
familiar with them. Chord diagrams are another helpful way for visualizing OD patterns which
have been becoming more popular recently.
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Figure 8. Chord diagram illustrating OD patterns in Northeast Indiana.
Source: FHWA
3.2 Explanatory Data

In addition to observed choice data, destination choice models also need information on potential
destinations, such as retail facilities, parks or hotels, and the corresponding impedance to or
difficulty of getting there. Similarly, information about the travelers, such as age, sex or income,
are relevant when estimating destination choice models. These data often are called explanatory
data.

3.2.1 Impedance Measures: Travel Time and Cost Data
Destination choice model requires information on the impedances or difficulty getting between
zones. The impedance is commonly calculated as travel time, travel distance, or travel costs. A
weighted combination of these three variables called generalized cost is also often used as
impedance in models. The relative weight on time and cost imply a value of time (VOT). Matrices
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of shortest paths based on one of these impedance variables are a key input to destination choice
models. In many cases, the variable used for finding shortest paths is the same as used in the
destination choice model, but in some cases, a “skimmed” variable is used in the model, for
instance, the travel time along the least generalized cost path.

Travel time, itself, is often comprised of several components. Although in-vehicle travel time is
often dominant, terminal times for automobile trips and access, wait, and transfer times for transit
are often important. Especially for transit impedances, these variables are often weighted up in
relation to in-vehicle time.

Travel costs may include roadway tolls, parking, fuel costs, maintenance costs, and/or transit fare.

Trip distance is usually measured along the least generalized cost path (rather than point-to-
point). In some cases, distance on higher and lower-class facilities is weighted differently to
account for limited knowledge of lower class facilities or driver preference for design
characteristics (e.g., wider lanes, faster speeds) of higher class facilities.

Mode Choice Logsums

The logsum or expected disutility of a mode choice model is sometimes also used as an
impedance variable in destination choice models. This is done in order to make the models
sensitive to impedances across several modes (as an alternative to weighted average
impedances across modes or other “composite impedance” mechanisms). When this is done,
under certain circumstances (which rarely actually obtain) the result is equivalent to a nested logit
model of destination and mode choice. However, because mode choice is usually modeled after
and conditional on destination choice when the data does not support this (Newman and
Bernardin, 2010), the nesting parameter or coefficient on the mode choice logsum variable in the
destination choice utility often must be asserted and constrained, and a second impedance
variable such as distance used in order to produce a model that can replicate trip length
frequencies. Given both the collinearity of these variables and since distance is often a component
of the mode choice logsum, this is a potentially problematic utility specification that may result in
unrealistic model sensitivity and responses to changes in travel time.

Transformations and Other Non-linear Techniques

Logarithmic and sometimes other transformations (polynomial expansions) are often used to
transform travel time, distance or generalized cost as an impedance variable. Using the log puts
more emphasis on differences between destinations that are close. For example, if one grocery
store is 6 minutes away and another one is 10 minutes away, the difference of 4 minutes may be
important for the trip maker. On the other hand, a grocery store that is 30 minutes away is not
perceived as being as much further away than another one that is 26 minutes away. Even though,
the difference is the same, a difference of 4 minutes is perceived to be more relevant for short-
distance trips than for longer distance trips. The log-transformation nicely accounts for this
perception.

Spline variables are also sometimes used in which different (decreasing) marginal impedance is
applied to increasing ranges of an impedance variable. While this captures and can also reflect
the same effect of decreasing sensitivity to impedance at greater impedances, the discontinuities
it introduces in the utility and log-likelihood functions are reason to prefer log-transformations.
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Figure 9. Real-time travel time data.

Source: Indianapolis Traffic Report

Online Sources for Impedances

Most commonly, impedances are skimmed from the network of a travel demand model. In some
cases, however, such data are not available from the model, particularly when the model is still
under development. Alternatively, these data may be acquired from data vendors and/or online
(although users should be careful to observed terms of use for online resources). More commonly,
online data sources are used for limited validation of travel times from model networks.

3.2.2 Land Use, Employment, and Demographic Data

Candidate destination zones are most commonly characterized using land use or socio-economic
data such as the population and employment of the zones. Employment often is distinguished by
industry sector like manufacturing, retail, and office. For example, shopping trips are mostly
attracted by retail employment, while trips for visiting friends and family most frequently are
attracted by population. An important limitation of these data is that categories tend to be relatively
broad, part of necessity given the limited ability to forecast land use by detailed categories. Retail
employment, for example, includes destinations as diverse as bakeries and car dealers, two very
different retail facilities that in reality would attract very different trips. Further, is has been shown
that larger facilities tend to attract more trips per employees than smaller facilities. Nevertheless,
zonal land use data are the most common data source for modeling trip destinations.

Zonal population data usually are derived from Census Data that are provided at the block group
level. Population forecasts for future years are either developed manually (e.g., scenario planning)
or forecasted using land use models.

Zonal employment data commonly are developed from business registration data like the
Quarterly Census of Employment and Wages (QCEW) or LODES. Clean-ups are necessary,
because firms are commonly registered at their main site (or headquarters), and different
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branches are not coded explicitly. Alternatively, commercial databases like InfoUSA, Dun &
Bradstreet, or Woods & Poole have been used, but suffer from many similar problems as public
employment registries. Using both a public and a proprietary dataset together, however, has been
shown to result in much more complete and accurate estimate of employment since their errors
are not highly correlated.

3.2.3 Accessibility
Accessibilities describe the ease of travel between a zone to all other destination zones. Rather
than an additional independent source of data, they are generally computed by combining travel
time/impedance data and employment/land use or POI data. Accessibilities can be used in the
utility functions of destination choice models to capture many important phenomena including
spatial auto-correlation, trip-chaining efficiencies, and differential willingness-to-travel.

A special form of accessibilities is destination-mode choice logsums that combine travel times by
various modes across destinations. Other multi-modal accessibilities can be produced by
weighting mode-specific impedances by the share they are used by a particular user class, which
allows to better represent the relevance of transit access for low-income households.
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Figure 10. Transit accessibility to Hospitals in Durham, NC.

Source: FHWA
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3.2.4 Passively-Collected Point-of-Interest (POI) Data

While land use data usually are based on census and business registration data, passively-
collected data are gathered from online data sources, such as Cuebiq, Facebook, Foursquare,
Google or Twitter. Often, these data are called Location-Based/Social Network (LBSN) data.
These companies provide Application Programming Interfaces (API) to download the location,
type and size of various trip attractors. Trip attractors include, for example:

Restaurants and Bars
Hotels

Parks

Ski Resorts

Outdoor

Medical facilities

Grocery Stores

The availability of categories depends on the LBSN site. Most LBSN websites allow downloading
a small sample for free, while larger samples require a fee.
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Figure 11. Car charging station POI data.

3.2.5 Choice-Maker Data
Choice makers often are stratified in different user groups. This classification may be done by
income, household size, number of workers, number of cars, car sufficiency (usually defined as
cars per worker), age of head of household, or any combination thereof. In essentially all cases,
trip purposes further stratify destination choice modeling.

In traditional aggregate trip-based models, the stratification in destination choice is constrained
by the stratification defined in trip generation. Activity-based models, on the other hand, commonly
work with synthetic populations, and therefore, allow defining any stratification of user groups that
works best in destination choice.

For estimation of destination choice models, choice-maker data generally is part of the observed
choice data. Choice-maker data must be available from other sources for model applications but
is generally available from Census data sources.
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4.0 Destination Choice Set Formation

Destination choice models often take the form of multinomial logit (MNL) discrete choice models.
Discrete choice models predict the probability that a choice-maker will choose a particular
alternative from among a set of discrete alternatives. This list of alternatives is known as a choice
set. Choice set formation or definition is a critical step in the specification, estimation, and
application of all discrete choice models, including destination choice. The misspecification of
choice sets can have adverse effects on parameter estimates and resultant computations of
predicted choice probabilities. (Thill, 1992) The accurate definition of the destination choice set
has been an issue of much interest to the profession and a variety of approaches have been
developed and adopted in research and practice. With many travel demand model systems
comprising thousands of zones, destination choice sets can prove to be extremely large, posing
challenges for computational efficiency. On the one hand, methodological and computational
advances now allow the use of the universe of locations (all zones) as the destination choice set.
On the other hand, it has been speculated that the use of universal set of destinations as the
choice set may compromise the behavioral representativeness of destination choice models such
that the impedance measure captures not only willingness-to-travel but also the perception or
consideration of alternatives, which could potentially bias the model's sensitivity. The analyst
therefore needs to consider the pros and cons of alternative approaches when defining
destination choice sets.

4.1 Using the Universe of Alternatives
Methodological and computational advances make it feasible to estimate discrete choice models
with thousands of alternatives. In general, some consider it advisable to use the universe of
destination choices when applying destination choice models in forecasting mode. For model
estimation, sampling remains a popular approach for choice set formation, but the ability to use
the universe of alternatives as the estimation choice set has proven increasingly appealing.

Using the entire universe of alternatives eliminates pitfalls associated with sampling approaches.
Sampling approaches involve the use of Monte Carlo drawing procedures, thus rendering the
formation of the choice set dependent on and susceptible to the choice set sampling process. In
turn, model parameters and standard errors are also susceptible to the choice set sampling
process. The gains from a statistical perspective should be weighed against the behavioral
representativeness of such an approach when making decisions regarding the specification and
estimation of destination choice models.

Theoretical behavioral basis for the use of the universe of alternatives together with psychological
boundary terms and/or accessibility variables is grounded in both theory and research. These
studies show how the availability/perception of alternatives in the choice set can be reflected
implicitly by terms in the systematic utility function. (Cascetta and Papola, 2001) Psychological
boundary terms and/or accessibility variables may play this role in destination choice models.
(Fotheringham, 1991).

4.2 Sampling Approaches

In some cases, the multinomial logit (MNL) formulation for discrete models of destination choice
makes it feasible to adopt sampling approaches without adversely affecting properties of

A
April 2018 22 e TMIP




Q

. . . US.Department of Tansporiation
How-To: Model Destination Choice Federal Highway Administration

parameter estimates. Generalized extreme value (GEV) based discrete choice models possess
the desirable feature of accommodating sampling of alternatives without any deleterious effects
due to their Independence of Irrelevant Alternatives (lIA) property. However, many destination
choice models are not strictly GEV and do not observe the Il1A property due to the use of attraction
constraints and/or accessibility variables and in this case, sampling of alternatives can lead to
biased parameters. Even so, considering that individuals are unlikely to consider thousands of
alternatives when making location choices, it is appealing to adopt sampling approaches that may
be more behaviorally realistic (from the standpoint that individuals can possibly gather and
process information only for a subset of alternatives when making location decisions). In sampling
approaches, samples of 30, 50, or 100 locations are commonly chosen from the universe of
(feasible) choices — together with the chosen alternative. Multinomial logit models of destination
choice are estimated on these sampled subsets of destination choices.

Two sampling approaches are commonly employed: random sampling and importance sampling.
In random sampling approaches, the analyst selects a random sample of locations from the
universe of (feasible) choices to constitute the consideration choice set. In this scheme, each
alternative in the universe of (feasible) choices has an equal probability of being drawn into the
consideration choice set.

In importance sampling approaches, the choice set composition method recognizes that some
destinations are likely to be considered more highly (and thus considered more important or
desirable) than others. An importance function is defined for each zone based on size and
distance variables (its probability in a gravity model). Using Monte Carlo simulation procedures, a
number of destinations are sampled with replacement from the importance probability distribution.
Appropriate sampling correction factors then need to be applied in estimation to retain desirable
properties of the maximum likelihood estimator.

4.3 Rule-Based Approaches

Rule-based approaches are largely based on assumptions that the analyst makes about criteria
that define the inclusion or exclusion of an elemental alternative in a destination choice set. This
approach to location choice set formation has been used in location choice model estimation for
the Puget Sound Regional Council activity-based travel demand model. (Bowman et al., 2015)
When setting rules for destination choice set formation, the following specific criteria should be
considered.

4.3.1 Feasibility

Based on information contained in observed choice data, the analyst may establish feasibility
criteria for inclusion of an element in a choice set. For example, based on a cumulative trip length
distribution for shopping trips in a travel survey data set, the analyst may specify a distance
threshold beyond which shopping locations would be considered infeasible and therefore
excluded from the ‘feasible’ choice set. For example, Bowman et al. adopted a distance threshold
equal to 125% of the longest trip distance (for a specific trip purpose) reported in the travel survey
used for model estimation. While such feasibility criteria are often data-driven, they ignore
heterogeneity in choice set formation and assume that a one-size-fits-all rule can be applied to
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the entire population. While a feasibility criterion may appear reasonable in the aggregate, it is
unlikely to hold true in individual circumstances.

4.3.2 Awareness

As mentioned earlier, the universe of possible destinations can be very large. Individuals are not
realistically able to consider and gather complete information on all possible destinations in the
region. Given limited information gathering and processing capabilities of humans, and the
possibility that individuals search until they are satisfied (satisficing rule), it is likely that individuals
are aware of only a subset of alternatives as possible destinations and evaluate (in detail) only
those alternatives that comprise the subset. Also, in many choice contexts, individuals may
deliberately choose to narrow their search to a subset of alternatives, thus leading to the formation
of an awareness set. It should be noted that awareness criteria can be combined with feasibility
criteria to form a smaller subset of alternatives that constitute the intersection of these two sets of
criteria. This smaller subset would then only include those alternatives that the individual
considers feasible and is able to obtain full information to make an informed choice. In the
absence of data about alternatives that individuals are aware of, it is difficult to establish robust
awareness criteria for inclusion of alternatives in a choice set.

4.3.3 Trip Type — Land Use Compatibility

In most travel modeling contexts, it is possible to enhance feasibility criteria to consider the
compatibility between trip type and land use characteristics. For example, one may choose to:

e exclude zones that have no jobs (employment) as possible work locations; exclude zones
that have no student (enrollment) as possible school locations;

e exclude zones that have no retail employment as possible shopping locations;
¢ and exclude zones that have no housing stock as possible residential locations.
All these rules will reduce the size of the consideration choice set in location choice modeling.

The application of these compatibility rules is equivalent to using size variables in the utility
eguations to control the consideration/feasibility of zones. Thus, even if they are included in a
choice set, zones that have a ‘zero’ size on a specific variable would be eliminated from
consideration as a feasible destination for a specific trip type. This criterion may also consider the
time-of-day at which a trip is being pursued; for example, if a shopping trip is being undertaken
late at night, then only those destinations where establishments are open and operating at the
time of the trip/activity (and known to the individual) would be included in the consideration choice
set.

4.4 Time-Space Prism Approaches
Time-space 