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SUMMARY

Technological disruptions, environmental and health upheavals, and societal shifts
arejust a few of the major forcesteracting in rapid and unprecedented ways to influence
how we live, work, and navigateithin our built environments. Transportation eregers
and urban planners must grapple with how such widespread, and in many cases, yet
unknown, changes will alter the urban landscape, shifting travel patterns and requiring a
fresh look at infrastructure forecasting, planning, and development intattine.fin a time
of such uncertainty, it is increasingly important for national, state, and regional planning
organizations to be able to understand and forecast behavioral and attitudinal changes.
However, modeling such shifts depends on actively collestevey data, which are
infrequently gathered, time and castensive, and suffer from continuously declining

response rates (and accompanying biases).

Accordingly, the work presented in this thesis aims to address some of these
challenges by making us# data driven tools like machine learning, and psychometric
based approaches like latent variable analyses, within the context of the rapidly growing
big data landscape to develop and present three approaches for supplementing and/or
expanding transpottian survey datasets using active and passive data streams. Broadly,
these approaches include: (1) exploring and utilizing new sources of data for transportation
modeling and analysis; (2) integrating and expanding existing, traditional sources of
transpotation data with both active and passive data sources; and (3) developing marker
statements for expanding the breadth of information obtained without substantially

increasing survey lengths. These methods are demonstrated by applying them to enrich

XV



traditional transportation surveys with psychometric data (e.g., attitudes), which have been
shown in the literature to have the ability to explain and predict behaviors, but which are

often not captured on surveys.

Each application is validated by integratirg tenriched datasets within sample
travel behavior models, and observing changes in predictive accuracy, model fit, and
interpretability. Findings show that expanded variable richness for transport surveys,
specifically with psychometric variables like iattles, can improve performance and
interpretability of travel behavior models. This research has societal implications that
center on the potential for improved travel demand forecasting and behavioral predictions.
Such improvements can facilitate mordi@ént expenditures, improve infrastructure
planning, and ultimately increase quality of life for all. Even more broadly, the methods of
this research may be applied to enrich many more-srgke behaviebased surveys with
diverse variables, therebygmiding richer, more robust data streams for use in an array of

modeling and forecasting efforts.
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CHAPTER 1. INTRODUCTION

1.1 Background and motivation

We are poised on the cusp of transport disruption that may otikelned to that
period of time in the late 19th and early 20th centuries when Karl Benz and Henry Ford
changed the way people moved forever. Already, we are seeing widespread changes in the
form of technosocial trends such as: (a) the-expanding reachnd capability of mobile
information and communication technologies (ICTs); together with (b) the increasing
“passenger i zeexemgiffred by thé onser ohwehecllar automation, coupled
with growing (albeit demographically and geographicallgwen) market penetration of
ridesharing and transit. In addition to technola@yiven changes, recent events have
underscored the potential impacts of environmental (e.g., climate change related disasters)
and health upheavals (global pandemic) on thespam system. As transportation
professionals, we must grapple with how such widespread, and in many cases, yet
unknown, changes will alter the urban landscape, shifting behavioral patterns and requiring
a fresh look at infrastructure forecasting, planniswgd development into the future. In a
time of such uncertainty, it is increasingly important for national, state, and regional

planning organizations to be able to understand and forecast traredptatl shifts in

behaviors.

However, he inaccuraciesfaransportforecasting models are well documented
(Bain, 2009; Hartgen, 2013; Nicolaisen & Driscoll, 2014; Parthasarathi & Levinson, 2010;
Voulgaris, 2019; Welde & Odeck, 2011), with current models often operatiegs than

10% explanatory poweand requiring subjectivealterationswith derived parameters to



i mprove (“match exi st .iWhiethe dificdliestofifavecasting per f
travel choices and patteragenot surprising given the inherecttallenges associated with
predicting human behavior, there is consensus among transportation professionals that
more could be done to improve model performatrc&ansportation, improving transport

model performance has generally been pursued throughptmary avenues: (1)
improving data quality and richneé#/elch & Widita, 2019) and (2) increasing model
complexity and/or using datdriven approaches such as machine learning algorithms
(Cheng, Chen, De Vos, Lai, & Witlox, 2019; Zhao, Yan, Yu, & Vanténryck, 2020)

Research in the latter domain dominates the literature, which is intuitive given that the
former approach is often constrained by data availability, resource limitations, or other

such challenges that may be outside the control of tHgsana

Research in the data improvement domain has primarily centered ospttily
proliferating big data landscapehich has created fertile ground forh e e x pl or at i
novel data sources to support traneportat:i
however, tfroawelastidamagvi or s houskholdandindiduali | y d e
level survey dataThe proposed thesis contributes to the literature in this domain in two
distinct ways: (1) by distilling methods/frameworks for enriching fparntssurvey datasets
using both novel and existing data streams, and (2) by applying and validating the
developed methods on travel behavior mod8lgveys are expected to remain the key
source of data for travel demand forecasting and behavioral mod#ig iforeseeable
futuredue largely to the useferified, selfreported nature of survey responses, alongside
their ability to obtain domakspecific data that often is not (easily) available through other

data streamdHowever, the advantages of survestad are tempered by several critical



challenges, key among them: (1) the infrequency of survey data collection efforts, a result
of the resourcéntensive nature of survey development, dissemination, and post
processing efforts; (Dontinuously decliningurvey response rates that can threaten the
validity of survey findings by increasing nwoesponse bias; and (3) a lack of
breadth/variable richness in domaipecific survey instruments, a partial byproduct of
increased nonresponse rasgibuted to longer survey#élthough there is currently an
array of approaches for addressing sumagted challengesfor example: larger, varied
incentives, mixed samplingnethods, and increasingly complex approaches for
redistributing survey respsas to better represent targetéa population distributions (i.e.,
weighting)— researchers continue to face heightened concerns regarding growing survey
nonrresponse ratesa key culprit in the challenge to obtain high quality, kbowgn,

representativeurvey data.

To address some of the afarentioned shortcomings of survey data, this thesis
details and applies three approaches for supplementing and/or expanding transportation
survey datasets using active and passive data stréhese methods aremenstrated by
applying them to supplement and enrich transportation surveys with psychometric data,
which have been shown in the literature to have the ability to explain and [reftbetors
(Domarchi, Tudela, & Gonzélez, 2008; Kuppam, Pendyala, & Rahb®®9; Mokhtarian
& Salomon, 1997) In addition to empirical support from the literatuné is also
conceptually cleathat a model that iableto capture the influence of penvironmental
attitudegvalues or attitudes towards privacy, safety, and sharing economy, may be
better abldgo predict environmentelated behavioral changes in vehioldes traveled, or

receptiveness to ridesharing transport options, respectig@her time, the efforts



initialized by this workare intended tprovide morediverse and robust data streams for
use in transportation supply and demand models, thereby potentially improving current

urban and regiondbrecasting models

1.2 Research objectives and contributions

To advancéransport forecasting artethavioral modelinghis thesis presents three
approaches foexpandingtransportation survey datasets, the key data ssuemded to
better understand the choices that individuals make within the context of the buil

environment. The survey data enrigimh methods detailed in this documariude:

1. utilizing and integratingnovelsources of data;
2. expanding transportation survey dats through predictive transfend

3. abbreviating survey instruments/questionnaires using marker statements

Thepresentation of each method encompasses a conceptual framework and/or a grounding
of the method within the transport literature, as well as a complete application of the

method from data integration to validation.

The applications of the presentedmethoddogical approaches focus on the
enrichment of transportation datasets widychometriovariables which are individual
specific variables such as attitudes, preferences, perceptions, social and personal values,
and other such user traifhese types ofariables are selectéor demonstrating thetility
of the methods because a lack of psychometric traits available for use in forecasting
behavioralmodels has been identified in the literature as a contributory factor to poor

transport modgberformarme As before notedn this era of rapid introduction of disruptive



technologies and services, improving the flexibility and realism of transport models has
never been more imperativ@ addition, the lack of psychometric variables available for
use intransport modelings directly related to surveselated challenges such #se
inherent difficulties (ay.,reduced response rate) associated with longer surveys, as well as

themor e nuanced survey design needeils. for obt

To summarizethis workaims to makeontributions in both methodological and
applied domaingetailing methods that transport analysts can use to expand their datasets,
and then applying these methdddring psychometric variables into surveyasdats and
ultimately, travel behavior nuels. Figure 1.1 visually summarizes t work proposed in

this thesis from motivationand problem definitiorto methodological approaek and

application.
Motivation and desired
outcome
Improved transport and
urban forecasting and
/ behavior models
+  Expand variables .
Addressing available for use N {al.ke psy _Llh:j;ne;“c Sl
vanables avalable 10r use
survey +  Reduce survey length and

without substantially of methods

. . respondent burden . X
challenges . P increasing survey lengths

Increase SUIvey response

rates
*  Utihze new data
sources
= Expand existing data
.

sources
Abbreviate survey
questionnaires

Methodological
approaches

Figure 1.1. Overview of study, from motivation to desired outcome



1.3 Overview of survey data in thesis

In this thesis, two main survey instruments are utilized for the applications of the
methods: (1) a statewideansportation survey conductéay our research teaat Georgia
Tech)for the Georgia Department of Transportation (GDOT survey) and (2) thgi@eor
subsample of the U.S. National Household Travel Survey (NHTS), a nationwide travel
behaviorfocused survey conducted by the U.S. Department of Transport&izme,
summaries of the survey datasets are provided, and further information is givenems need

throughout the document.

1.3.1 Georgia Department of Transportation Survey (GDOT survey)

The Georgia Department of Transportation Emerging TechnolSgie®y (GDOT
survey; conducted September 2017 to January 2018) is a statewide resestetl
transportabn survey that obtained general attitudes and preferences, technolggy use
lifestyle-related variables such as employment and relationship status, a wide array of
current and future traveklated ditudes, behaviors, and preferences, and socio
economicdemographic characteristi@sim, Mokhtarian, & Circella, 2019)invitations to
complete the GDOT survey were mailed to two groups of respondents: (a) a randomized
set of 30,000 names/addresses selected from across 14 Metropolitan Planning Organization
(MPO) areas in Georgia (this randomized set of names/addresses was purchased in Fall
2017 from a TM data provider); and (b) ~5000 individuals who responded to the NHTS

and agreed to be contacted for a follow up survey.

Approximately 1800 of the randomly salag 30,000 respondents returned a

completed (usable) GDOT survey (termed the GDOT _R subset in this thesis), and about



1500 of the ~5000 NHTS respondents sampled returned a usable GDOT survey (termed
NHTS Agree_ R, for “Agreed adnded tb the sobsaqueatc t e d
GDOT survey contact”). Thus, roughly 3300 \
dataset Sed-igurel.2 for a visual repesentation of the GDOT and NHTS sample subsets

used in this thesis and see Table Al in Appendix A.1 for descriptive statistics on the GDOT

sample. For additional details on the survey, please see Kim et al. (2019).

1.3.2 National Household Travel Survé)dHTS)

The NHTS is a repeated cressctional travel survey conducted by the Federal
Hi ghway Administration, and deemed the “au
American public” (Fede20l8)TheHNHTSused ip thigzadudyi ni st
wasthe most recent wavepnducted from March 2016 to May 2QJkahdincludes both
individual and househoittvel modulesthat cover general household characteristics,
vehicle ownership attributes, long distatraael behavior, and persdevel charactestics
including person trips (for a chosen travel day) and health. Additional details regarding the

NHTS can be accessed at https://nhts.ornl.gov/documentation.

As mentioned previously, approximately 5000 respondents from the Georgia
subsample of the NHY agreed to be contacted again for a followsuprey, and these
respondents received a GDOT survey several months after completing the NHTS. Of these,
~1500 usable returns (tiMHTS_Agree_ Rsubsamplerepresent respondents for whom
bothGDOT and NHTS dat& present (i.e., an overlapped sample). The remainder of the
5000 respondents represent individuals who agreed to be contacted again, and thus received

a copy of the GDOT survey, but did not respond INHTS_Agree_ DNR Agreed but



Did Not Respond to #hsubsequent GDOT survey conja€f the total NHTS Georgia
subsample, ~3500 respondents indicated that they did not want to be contacted again, and
as such did not provide shareable name and address informkidis ( DNAgree Did

Not Agree to be contaaeagain for a followup survey) Thus, these three NHTS subsets
along with the GDOTonly subset GDOT_R representfour distinct subsets of
respondentthat comprisehetransportation survey datasets used in this thesis-{gaee

1.2 for a schematic depiction of th&eubsets and Table Aih Appendix A for SED

characteristics).

GDOT Survey Variables Common Variables NHTS Variables
| ] ]

r L I 1

GDOT_R (N ~ 1800)
Full GDOT

Survey Sample
NHTS_Agree R (N ~ 1500)

Full Georgia
Sample of
[ 2016-17
NHTS

NHTS_Agree DNR (N ~ 3500)

NHTS_DNAgree (N ~ 3500)

Figure 1.2. Schematic representation of GDOT and NHTS data subsets



CHAPTER 2. UTILIZING AND INTEGRATING NOVEL DATA

SOURCES

For a data stream to have the opportunity to be a viable data source in transportation
(or any field, for that matter), analysts must be able to: demonstrate that the data source has
clear benefits, acknowledge the benefits or challenges of utilizingathesdurce, ensure
that the source is accessible by other users, and most importantly, there must be replicated,
independent examinations of the internal and external validity of the data within the
relevant domaiarea of application. In this chapter,gated marketing (TM) data is
investigated as a potential reusable, accessible novel source of data that can be used to
supplement transport modeling efforts. Thus, the purpose of this chaptesf@ddwd) to
provide a model of the components that agerded critical when presenting new data
sources; and (2) to provide a disciphsecific resource that details potential applications

and impacts of TM data in transportation.

Accordingly, this chapter provides:

1. athoroughly researched background sectlefining TM data and its component data
sources, and exhaustively examining the associated benefits and challenges of the data
source within transportation;

2. aconceptual typology of potential TM data applications in research and practice, with
examplegpulled from the literature when applicable;

3. a data integration framework that encompasses data acquisition and preparation,
informed by case studies integrating TM data with different types of transportation

surveys/datasets; and



4. a series of internal valation exercises that examine TM data biases using varied

methods.

In Chapters, TM data is externally validated by examining its performance in a range of
travel behavior models. By undertaking a systematic approach to investigating TM as a
transportatia data source, the intent is to model an approach that can be used by analysts

working on other nontraditional data streams.

The work detailed in this chapter is from the following manuscript which is

currently under review:

Shaw, F. A., Wang,P.X.& Waokhnari K. (paper ul
request from authors). Supplementing tr
mar keting data: Applications, integrat:.

2.1 Abstract

Unlike many thirdparty data sources, targeted marketing (TM) data constitute
holistic datasets, with disaggregate variablesranging from socioeconomic and
demographic characteristics to attitudes, propensities, and behaaeadable for most
individuals in the population. These qualities, along with ease of accessibility and relatively
low acquisition costs, make TM data an attractive source for the supplementation of
traditional transportation survey data, which are facing growing threats to quUdlisy
chapterdevelops a typology demonstrating ways in which TM data can aid in the design
of transport studies, as well as in the augmentation of modeling efforts and policy
scenarios, allowing for improved understanding and forecasting of-telad attributes.

However, challenges associated with integrating, validating, and understanding TM
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variables have resulted in only a few transportation studies that have used these data thus
far. In thischaptey a transportation disciplirgpecific resourcéor TM datais provided
informed bytheintegration of an extensive TM database with both the National Household
Travel Survey (Georgia subs®&HTS) and a statewide travel behavior survey conducted

in Georgia on behalf of the Georgia Department of Trariapon(GDOT Survey) Using

the resultant datasets, TM d&anternally validatedy means of several approachasd

it is found that the TM dataset reports gender, age, tenure, race, marital status, and
household size with match rates ranging frorflo70 90% relative to both transportation
surveys. However, biasese identifiedin favor of population segments that may have
more longstanding financial/transactional records ,(ergales, homeowners, non
minorities, and older individuals), biases congide but not identical to those of survey
data. While this work suggests widgnging implications for the use of TM data in
transportationit is cautioredthat flexible and responsible approaches to using these data
are critical for staying abreast ofaving privacy regulations that govern thiparty data

sources such as these.

Keywords consumer data; targeted marketing data; travel behavior; household travel

survey; big data; thirgharty data; travel demand modeling
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2.2 Introduction

Declining travel surgy response rates coupled with the rapid proliferation of big
data have created fertile ground for the exploration of novel-garty data sources to
support transportation supply and demand modeling applications. Most prolific have been
the use of mobd phone location data to supplement traditional travel diary data, but a wide
range of sources, from social media to smart cards, have been effectively used to
provide/augment key transport model inputs (Chen, Ma, Susilo, Liu, & Wang, 2016; He,
Miller, & Scott, 2018; Khan, Ngo, Morris, Dey, & Zhou, 2017; Ma, Li, Yuan, & Bauer,
2013; Ruiz, Mars, Arroyo, & Serna, 2016; Toole et al., 2015; F. Wang & Chen, 2018; Z.
Wang, He, & Leung, 2018; Welch & Widita, 2019). These successes make clear that
transportation @nners, engineers, and researchers must continue to explore effective
approaches to utilizing nontraditional data sources in transport modeling and forecasting
efforts. However, the sources utilized thus far have tended to entail siloed data that lack
linkages to socioeconomic and demographic (SED) indicators, psychometric attributes
(e.g., attitudes), and behaviors across different domains. In contrast, targeted marketing
(TM) data are largely untapped, lasost, holistic databases that house hundreds to

thousands of diverse variables on individuals and households across the country.

TM data are typically used to identify and market to individuals likely to be more
receptive to a particular product/brand, but due to attributes such as data magnitude and
ever-increasing variable richness (supported by continuous technological advances), there
is enormous potential in using these data to supplement travel demand modeling and
forecasting efforts that currently primarily depend on actively collected survey dat

Transportation surveys such as household travel surveys (HHTS) and reweartsd
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stated and revealed preference surveys are infrequent, expensive, and suffer from
continuously declining response rates that can threaten the validity of using tiness so
independently (PTV NuStats, 2011, National Research Council, 2013). On the other hand,
while TM data are available and relatively inexpensive, challenges associated with
integrating TM data with transportation survey data, validating acquired Tbles| and

further interpreting these variables have meant that only a few transportation studies have

successfully used these data.

The remainder of this chapter is organized as follows. The chapter begins by
examining sources that inform the creationTél data, and details some benefits and
challenges associated with utilizing these d&&cfion2.3). Next, a review is presented on
how TM data have thus far beased in the transport domain, and a taxonomy developed
of possible transportation applications, outcomes, and research directions that could benefit
from the use of TM data (Secti@¥). Based on the integration of a large TM dataset with
statewide and national transportation surveys (Se2tigna framework is then presented
for the integration of TM data with existing transportation data sources (framework
summarized in Section 2.5, and further detailed in Appendix B.2). Using the integrated
dataset, the quality of TM data is examined relativeomparable selfeported data from
travel surveys, and the biases of TM data are explored by comparing survey respondents
with and without records in the TM database (Sec#d). Next, recommendations for
how transportation professionals can address identified TM data biases are provided
(Section2.7). The chapter closesitly a summary of contributions and findings (Section

2.8). Appendix B.1 provides supplementary tables and figures, while Appendix B.2
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provides additional data integgron details for analysts seeking to enrich their own survey

datasets with TM data.

2.3 Exploring targeted marketing data

Since TM data have been littlssed by the transportation community as yet, the
discussionbeginswith a general introduction to this type of data. In this section; TM
related terms and data soura@e examinedfollowed by a summary of benefits and
disadrantages of which transportation researchers/ practitioners should be aware when

using TM data.

2.3.1 Defining targeted marketing data

The terms consumer, audience, and/or (targeted) marketing data are often used
interchangeably; however, they can refer tdedént concepts. In this work, the term
“Targeted Marketing (TM) data” is used,; t

presenting a brief overview of the related terms here:

» Consumerdataar e defined by Birkin (2&€thb®) as
bet ween customers and service provider:
“marbkaested exchange of wvalue?”. The most
transactional data, which are obtained each time a consumer utilizes a credit or debit
card to mak a purchase. These data are then typically aggregated to yield variables
such as the number of purchases made within various consumer categories (e.g.,
apparel, home, etc.), frequency of purchase, and the medium used for transactions

(e.g., online, irstare, etc.). Consumer data may also include less traditional,
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technologicallyenabled transactional interactions such as mobile application use,
digital browsing, and smart card usage for fare payment.

» Targeted marketing data refers to large databases tHause hundreds to
thousands of individualand householevel variables that data providers (often
these are credit reporting firms) either directly collect, purchase, or develop. TM
data are developed with the explicit purpose of beirgpte to busineses who use
selected variables to aid in marketing campaigns that target their specific audience.

I n some contexts, TM firms wuse the ter
variables represent profiles of consumers in the marketplace. As such, the term

“M data” is often conflated with the te
databases often include many variables that are derived from consumer data, they
also include other types of variables/data.

* Audience data is a term used by marketers/businesatsgists to represent
variables that are specific to a busines:s
Business entities may select from already developed audience segments present in
TM databases, or alternately, may request TM providers tdatepersonalized
segments that are relevant to their services. Thus, audience data/segments can be
derived from TM databases, although businesses also often collect their own

internal audience data.

As can be seen, there is significant overlap betweee tieems. It is recommended
t hat analysts use the term “TM data” for
reporting firms or other large thiplarty data providers/ compilers, as it is likely that many

of the variables in such databases have beenajmaetland/or imputed based on a host of

15



other variables. For example, while a variable description may suggest that a variable is a
“pure” consumer variable (i.e., directly c¢
variable was modified usingformation from other sources (e.g., from public records or

survey data) in the TM database, and thus

the source of the variables being used.

Figure 2.1 provides a nosexhaustive organizational structure for sources that
typically inform TM databases. Shown first is the most established source, that of
administrative data such as births, deathnd property ownership captured in public
records, or birth dates and address information captured in customer records (Connelly,
Playford, Gayle, & Dibben, 2016). The next most entrenched/longstanding form of TM
data is consumer data that can be obkthinom a wide range of transactional records, such
as purchase details, loyalty cards, and product/service usage (Birkin, 2019). In recent
devel opments, some TM databases are integr:
browsing patterns and @ess. Relatedly, another form of online data is derived from social
network platforms, and may include information ranging from contact networks to taste

preferences regarding movies, news content, music, etc.

In addition to these passive data sources, dd¥h may also include active data
sources from surveys that are typically conducted by consumer research firms, but which

can also come from individuals responses
clarity, it is noted that to qualify as actidgata, the individual must choose to relay the
information being obtained, while with passive data, the individual may not even be aware

that information is being collected. TM databases often comprise information from both

active and passive data soura@sharacteristic differentiating them from traditional third

16



party and/or big data, which are typically entirely derived from passive data sources. The
TM variables that are derived from active data sources like surveys typically include

i ndi vi darendesdnd gpiniang toward specific products and/or services (e.g., the
importance of pospurchase customer service in selecting a specific type of service), but
can also include more general preferences. Examples of the types of variables present in

TM databases can be found in Secfidh land Table B1 of Appendix B.1.

Targeted Marketing Data

Administrative Digital Social Media
Data Consumer Data Footprints Data Survey Data
. . Content Online Social Consumer
| Public Records | —Refail Purchases| —  yococseq || Commections || | Research
| | Customer | |Brand/Company|| | Platforms L |content "Liked" | Vgllftllill,[;e
Records Propensities Utilized R 1y
esponses

Figure 2.1. Examples of TM data sources

2.3.2 Berefits of targeted marketing data

The most significant benefits of TM data within a transportation context are the
volume and disaggregate nature of the data. TM datasets are extremely large because they
are available for almost all individuals/householdsthe population, allowing for the
possibility of using TM data to enrich other data sources at a disaggregate level for most
individuals in a typical transportation study. This contrasts with most publicly available
data (e.g., Census and American Comryuurvey), which are commonly used for

transportation data validation, but which report only aggrelgats cross tabulations (e.g.,
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block groups, census tracts) or are available only for a small fraction of the population (e.qg.,
the Public Use Microdat&ample). The resulting potential magnitude of TM data may also
facilitate the use of efficient artificial intelligence approaches for researchers and

practitioners interested in using these methods.

Further, in contrast to traditional largeale househd travel surveys which tend
to occur once every 10 years or so, TM data is dynamic, meaning that the values of many
TM variables are updated on a monthly, quarterly, or yearly basis. In addition, TM data
comprise a range of diverse variables, many of waie not available through traditional
or novel data sources currently used in transportation. Thus, the primary oeeeflts
of TM datalie in the overallmagnitudésize of the datathe diversity/richness of TM
variables andthe rapidity of TM datageneration and renewé@Erevelles et al., 2016
Sivarajah, Kamal, Irani, & Weerakkody, 2Q17These threattributes are respectively
known as volume, variety, and velocity, and also happen to be considered the original three
defining attributes of big data (Laney, 20C(
these five attributes collectively beingkmvn as t he “5 Vs” commonly
and evaluate big data (although, note that one could find lists ranging from seven-to forty
two Vs that are used in various contexts to further describe bigSietaajahet al, 2017.
However, while TM dtabases have increased volume, variety, and velocity relative to
transportation survey data, they are generally smaller in size and are generated more slowly
than traditional big data, which tend to be purely passive data such as-bgewuwbnd
GPS locabn traces. Nonetheless, relativettaditional transportation survey data, TM
data can be considered to meet the loosely defined and broadly applied definition of big

data(Macfarlane, 2014Regarding utilitarian benefits, TM data are inexpensive arnly eas
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accessible relative to traditional survey data collection. For this work, TM data cost
approximately $1.50 per person, while a statewide transportation survey (i.e., GDOT
survey) that obtained rich attitudinal and behavioral variables cost an estih&t88 per

person. Further, the purchased TM dataset contained 5583 variables, while the
transportation survey dataset contained 2@®0 unique variables (using varied coding
techniques). The overall cost of the transportation survey was ~$65,000thehieerall

cost of purchasing the TM dataset for more than three times as many respondents (~10,000
cases) as were contained in the survey final sample (~3,000 cases) was ~$15,000, not
counting graduate student/faculty time costs for eithea househld level, Kressner and
Garrow (2014) reported that in their estimates, the cost of obtaining a completed travel
survey for one household in Atlanta is around $200, relative to five cents for obtaining a
set of TM variables for that household (the studyrhtl detailhow manyTM variables

were obtained). Finally, a significant benefit for transportation professionals is that TM
data have widespread availability, meaning that any entity, from academic researchers to
governmental agencies, coydrchase TM dta from marketing firms (after agreeing to
legally mandated privacy restrictions). This accessibility means that if TM data are shown
to improve modeling/forecasting, transportation agencies can feasibly acquire TM data and
integrate them into their opei@ans; however, as will be discussed in more detail next, with

increased privacy restrictions, this availability may be moderated in the future.

2.3.3 Challenges of targeted marketing data

Before TM data can achieve widespread utilization in transportatisnriportant
to assess the value (i.e., worth/usefulness) and veracity (i.e., accuracy) of these data within

the context of intended applications (Lavalle, Lesser, Shockley, Hopkins, & Kruschwitz,
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2011; Lovelace, Birkin, Cross, & Clarke, 2016; Lukoianov&8bin, 2014; Sivarajah et

al., 2017). While a handful of studies have shown the value of TM data in transportation
(detailed in Sectio3), to date, only three studies are known that have sought to examine
the veracity of TM data from a transport pergpec(Kressner & Garrow, 2014; Kressner,
Carragher, & Watkins, 2014; Lovelace et al., 2016). This may be partially due to challenges
associated with integrating TM variables with traditional travel datasets, namely that names
and addresses are needed t@miobT M data for individualevel validations; however, this

does not restrict aggregate level validations, which are similarly rare.

Further underscoring the importance of evaluating the value and veracity of the data
is the fact that, as with all dataowsces, TM data have inherent biases that may
disproportionately affect underrepresented/ vulnerable populations. To begin the process
of mitigating these challenges, this chapter provides a guide to integrating TM data with
existing transportation datasetand further presents both an individual/ houseledel
pairwise validation (Sectior2.6.]) and an examination of TM data biases and
representativeness (Sectio@s6.2 and2.6.3. Further, Sectior2.7 provides a brief
discussion of methods for ameliorating dataset biasesrtagtbe useful in the specific

context of the TM data being examined in this study.

A second set of challenges in working with TM data lies in the development of the
variables. TM providers often use proprietary algorithms to develop, impute, and/or model
many variables, not only making it difficult to evaluate the robustness of TM variables, but
further clouding the interpretation of these variables if they are to be used in transport
models. It is emphasized here that this constitutes a significant disageaf thirdparty

data sources like TM data relative to first or seepady data that are often more
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transparent regarding variable development procedures. In addition, modeled TM variables
may be relatively unstable as the algorithms may be tweakadtine, thus precluding
consistent definitions of the variables. Furthermore, variables themselves may become
obsolete as the data sources used to inform the TM databases ebb and flow, in part in
response to the commercial demand for the associatednation. Moreover, variables

are both measured on different time frames and updated on a schedule that differs across
variables and which may not be transparent to the user. For example, a variable indicating
whether the individual has purchased a car withe past 12 months may have been last
updated 11 months ago (and therefore be almost a year out of date), while a variable
indicating whether the individual has had food delivered to the house within the past month

may have been last updated six montis a

Nonetheless, such issues are present in most external data sources, as variable
definitions and included variables change even across national data sources such as the
U.S. Decennial Census and National Household Travel Survey. Moreover, thesegelsallen
do not detract from the richness of the information that TM data have to offer, and in reality,
there are numerous consistent TM variables that users can rely on while avoiding variables
that may be unclear or unstable. Furthermore, as with most tasigvd@en methodologies
like machine learning are used, the stability and interpretation of variables are arguably
less important than their contribution to an overall improvement in forecasting that
facilitates more accurate decision making. In SecHon # is shown that posnodel
development, TM can be used to develop policy scenarios, thereby compensating for the

reduced interpretability of some variables in model development.
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From another perspective, the quantity and richness of TM variables grawid
added challenge. Specifically, since TM data come from a large array of sources, there
may be reduced consistency in data scales and definitions across variables, as was
experienced here. As such, users may have to spend additional time processiogitied
data, and in some cases, building their own data dictionaries. Thus, as acquired data
become increasingly voluminous and diverse, the potential to obtain value is moderated by
the available physical, human, and organizational capital (Sivaetgh 2017). It is also
worth noting that since TM data is collected and aggregated for marketing purposes, the
resultant databases do not contain the same breadth of general and tretegpdrt
preferences and opinions that can be obtained usingptrdason survey data. The
challenges discussed here are likely some of the major reasons slowing the use of TM in
transportation, and it is hoped that this work, in combination with additional efforts from
other TM data users, will serve to introduce tequisite outlook and approaches needed

to overcome these challenges.

The final group of challenges for using TM data are evolving privacy regulations
and concerns that are increasingly salient to researchers, regulatory agencies, and the
public. The European Union (EU) General Data Protection Regulation (GDPR), introduced
in 2018, represents the strictest data protection law in the world to date. Even though the
U.S. as a whole is currently far from this level of regulation, some states have expressed
interest in emulating the EU, such as California, which instituted thi®@& Consumer
Privacy Act (CCPA) at the start of 2020. While the specifics of these laws are complex,
the most relevant detail in the context of this chapter is that both laws aim to provide

consumers with the ability to opt out of the collection ahdring of their personal
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information, and/or to edit the consumer records that are available to them. In practice, this
means that TM data providers will still retain existing databases identical to those described

in Section 23; however as mentioned, carmers can request corrections or deletions made

to their records that are present in those databases (Acxiom, 2020). At this point it remains
to be examined how this new provision will affect TM databases for European and
Californian consumers in the futy a point that of course rests on how many consumers
take advantage of the policies to remove/edit their records in the database. Future research
should seek to explore the changes that have occurred in the databases as a result of new

privacy laws.

Thus, overall, from a data availability standpoint, evolving privacy regulations may
threaten the stability and reliability of TM data for letegm transportation applications,
particularly those that require TM records to be matched at a disaggregat® éspte
these complications, thirplarty data such as TM data are expected to continue to be critical
supplementary data sources for a wide array of fields, and as such, this document aims to
provide a stimulus for transportation professionals to expbomapliant and ethical
approaches to using these diverse data sources to improve transportation modeling and
forecasting efforts. One potential solution may lie in the use of data agencies that can serve
as intermediaries between data providers and resaarctihus ensuring that the data
provided to individual research teams has been appropriately processed to prevent any
potential privacy incursions (examples of agencies that could/ already serve this purpose
are the United Kingdom Administrative Data Rasd Network, the Consumer Data
Research Centre, and the University of Washington Transportation Data Collaborative).

Regardless of how the data are acquired, it is recommended that analysts meet with
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appropriate institutional research ethics personnel poi beginning any project that uses
third-party data sources, and once the data have been acquired, to work toward timely de

identification of the datasets being used.

2.4 Using targeted marketing data

TM data can be used in each stage of travel demand imgdeid forecasting
efforts, beginning with survey desigmd sampling, extending to model predictemd
accuracy, and even having implications for result interpretation and application (see
typology in Figure 2.2). In this section,it is shownthat the outcomes and research
directions associated with TM data in transportatimnnontrivial, and have the potential
to significantly improve transport gning in the future. Where applicable, examples of

known TM applications in the transportation literature are cited.

PHASE APPLICATION
Longitudinal and Geographical Investigations | OUTCOMES
Study Design Expanded Study Objectives
Survey Questionnaire/Instrument Design | and Findings
Study L
Development Improved Model Prediction
Targeted Name and Address Lists | and Accuracy
Sampling
Methods
Survey Bias and/or Representativeness |
RESEARCH DIRECTIONS
Active Data Variable Types | Data Source
Model N Variable Integration/Variable Transfer
Development Augmentation - - L
Passive Data Variable Types | Synthetic Population
Generation
Scenario N - - -
Development »  Extension/Application of Model Insights |

Figure 2.2. A typology of TM applications in transportation
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2.4.1 Transportapplications and outcomes

TM data have significant implications for shaping transport study development,
from both study design and sampling perspectives. The dynamic nature of TM data is one
of its most significant benefits with regard to study desigihiasallows for ease of data
collection at multiple timepoints. Documented changes in individual/household
characteristics over time may allow for improved understanding and forecasting of how
these changes influence travel behaviors. Macfarlane etusltrated the benefit of the
longitudinal nature of TM data by using address histories from TM data to examine how
prior places of residence could influence vehicle ownership, a study objective that would
not be possible with traditional cressctional swey data (Macfarlane, Garrow, and
Mokhtarian, 2015). Birkin (2019) later similarly suggested that consumer data (in this case,
from online real estate agents) is unique in providing the level of spatial detalil (i.e., origins
and destinations) and rapiddgiing necessary for the study of geodemographic mobility,

a key transport geography study objective that previously required the use of longitudinal
data. In the same way that TM data are present across time, they are also available across
regions, facitating geographic and land use comparisons for transportation attitudes and

behaviors, and further, providing the ability to validate/ segment models along those lines.

From a survey instrument design perspective, the presence of TM data for
respondentbeing sampled could aid in the reduction of the number of questions necessary
on travel behavior surveys, thus resulting in shorter surveys and thereby, potentially
improved survey response rates. Alternatively, if some variables are able to be reliably

saurced from TM data, then the corresponding survey questions may be replaced with other

25



guestions, yielding a richer set of variables for use in model building, and thus potentially

improving model predictions.

TM variables can also aid sampling effortg toaditional transportation data
collection. TM databases are already widely used to obtain names and addresses for use in
travel behavior survey sampling (e.g., Handy, Cao, & Mokhtarian, 2005; Kressner et al.
2014). Building on that, the SED charactecspresent in TM data (e.g., gender, income)
can allow analysts to sample socioeconomic and demographic (SED) groups of interest in
greater proportions relative to other groups. For example, it is known that individuals in
certain SED groups have lower bigher response rates relative to other groups, and
respondent information based on the TM variables could aid ir/ordersampling as
appropriate. TM data could also be used to examine survey biases and representativeness
by providing an additional swce of information that could be compared with traditional
survey data, although it is noted that traditional survey data and TM data will each have

their own inherent biases, a point further examinezién

TM data have perhaps the greatest potential to benefit transportation model
development through the augmentation of transportation datasets with variables that are
not possible to obtain through traditionahtsportation surveys (i.e., passive data), as well
as variables that are obtained through active data collection methods. As a result, given
appropriate prior hypotheses, TM data can facilitate the testing of a larger range of
variables in predictive modelgeading to enhanced conceptual understanding of travel
related attributes, as well as potential improvements to model performance. Some transport
studies have already shown that unique TM variables can improve model accuracy; for

example, Kressner showdldat using TM lifestyle segments improves prediction for air
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passenger trip models and residential location choice models (Kressner and Garrow, 2012;
Kressner, 2014). In addition to serving as explanatory variables, in some cases active and
passive TM vaables may also be of interest as dependent variables (i.e., variables to be
modeled in their own right) within larger travel demand models/systems. Furthermore, the
distributions or frequencies of TM variables of interest may also be used to aid in model
development, serving to provide marginal distributions or probabilities that could
potentially aid in model calibration (although of course it will be critical to first ensure
representativeness of the data being useske Section2.6 for more on TM data

representativeness).

On the other hand, Binder, Macfarlane, Garrow, and Bierlaire (2014) showed that
TM variables typically obtained through survey data collection, such as ethnicity, income,
gender, and age, are able to support residential locatioreamaidels without depending
on HHTSs. This significant finding could allow researchers not only to shorten their
surveys, but also to remove more sensitive questions (e.g., income) from survey
instruments, both actions which could allay some of the combribto declining survey
response rates. In a similar example, Macfarlane, Garrow, and MGremq2015) used
SED traits and home prices derived from TM data to model willingness to pay for
proximity to public transit. In addition to these examples inliteeature, many regional
transportation planning agencies also currently obtain employment statistics (for use in
their regional models) from business list data acquired through TM firms. Overall, the
outcomes possible from augmenting traditionally aldé travel datasets with TM data
offer significant implications for the field, and it is for this reason that Setaf this

chapter provides a generalizedmirawork that can aid in pursuing this application.
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Lastly, TM data are ripe for use in the development and testing of policy scenarios,
applications that can expand the insights gleaned from analyses, while potentially
clarifying decisioamaking based orrdansport study findings. Specifically, TM data can
facilitate the poshoc application of models and/or proposed policies to various segments
of the population, allowing for an understanding of how proposed scenarios may affect
individuals, demographic gups, overall transport choices, and infrastructure operations.
Furthermore, TM data can be purchased for this purpose even after the completion of a
study, thus making TM integration at this stage more accessible. In one example from the
literature, Bindeet al. (2014) used data derived from TM records to examine the effects
of three proposed emissions policy scenarios on various SED groups, finding that the
suggested and commonly used strategies for reducing the cost of indiscriminate emission
testing arenequitable and/or ineffective, and suggesting that other transportation policy

tools may be needed to address the issue.

2.4.2 Transport research directions

The preceding sectionhighlighted the potential for TM data to expand
transportation study objectivesdimprove model predictions. Beyond these outcomes,
there aremanytransportatiorresearch directions that could benefit from the use of TM
data. Two such examplésvolve the use ofmethodologicatools like machine learning
and discrete event simulatitmaid in: (1) the integration of multiple data sources through
variable transfer; and (2) the generation of synthetic populations based on disaggregate TM

data.
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The first initiative isactually developed and presented in Cha@esf this
document usirg the integrated dataset described in Se@iénin this effort, a range of
algorithmsaretrainedusing anintegrated dataset that combines statewide and nationwide
transportation surveys with TM data appended at an indivithaaisehold levelHigh
performing algorithmghat are able to predict selected variables (e.g., attitudes) may
facilitate the transferof variables that are unique to one data source into a recipient data
source. This approaghavesthe way for data source linkage, with TM data operating as
t he “(dl.uee”, “ ¢ o mmo n "thatvliaks dispdrdteesgurcés d¢ogedtihend e s )
facilitates variable transfer. Thagoproach magnablethe development of richemoreup-

to-datedatasets that camprovetravel demand modelingfforts

The secondgroup of initiativesentails the use of disaggregate TM datgenerate
synthetic populations #t canyield insights intohow individuals in a region travel
(Beckman, Baggerly, & McKay, 199Bjrkin, Morris, Birkin, & Lovelace, 201//Kressner,
Macfarlane, Huntsinger, & Donnelly, 201&ressner, 2017)he use of disaggregate TM
datato provide a nady-complete enumeration of household and individeaél SED
traits mayrepresent@improvement over th&% or 5% anonymized sample offered by the
American Community Survey Public Use Microdata Sample (ACS PUMSIch is
currently theprimary source ofSED inputs forpopulation generation in transportation.
Kressner has implemented this idea at a large scale, using TM data to provide disaggregate
SED data that is then fused with mobile phone location data to create synthetic travel diary
records (2017)This concept has been successfully validdtedeveral citiesn the U.S.
(Kressner et al., 2016Along similar linesyesearchersm Europesimulated demographics

that would match Census data for a city, and then matched-tedatdd consumer data t
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these simulated individuals on the basis of age, gender, family status, and social group

(Birkin, Morris, Birkin, & Lovelace, 2017)

Thus, while the firstesearch initiativeletailed here us@3V datato allow variable
transferacrossdatasources, thesecondapproachuses it to synthesize populations, and
study how these synthetic populations traBelth approachesighlight the importance of
integratingpassive and active data sources to build and validate disagdaggatgate
travel demand modeling systenastactic that cahelp taketravel demand modeling into
the next generatioloy reducing the reliance on traditional data sourdésle the ultimse
effectiveness of these approaches, and possible symbiosis of methods, remains to be seen,
it is believed that there is substantial potential not only in these methods, but also in future
approaches that can use TM data to make similarly ambitious &téonmove the field

forward.

2.5 Integrating targeted marketing data

As discussed in Secti¢h3.3 to examine the value and veracity of TM data for use
in transport applications, TM data must first be integrated with transportation survey
datasets. However, the integration of TM data witier data sources can pose technical
and methodological challenges. As a result, in the following subsections, an overview of
the TM data used in this study is provided (Sec#dnl), followed by a discussion of the
process used to integrate TM data with transport survey datasets (SzBt@rwith

additional details in Apendix B.2).
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2.5.1 Overview of targeted marketing data used in study

The TM data purchased for use in this study was obtained from a largbddesl
TM data provider that is an industry leader in data quality, and which is used by many
business entities for ¢ir marketing needs. Selection of the provider used in this study
hi nged on the firm s ability to provide a
(~10,000 cases) and nontraditional (exploratory, resdzashd) data needs of this project.
lhaddition to the TM firm s natively coll ect
supplementary variables purchased from skatbwn firms such as Claritas, SEMcasting,
etc. At the time of acquisitiofor thisstudy t he f i r m’ s @58Qvariakdes e c on

(‘p i s used to repr es e n tdocamemplhlleofwhiohfwerg ar i ab

purchased for this study.

Of the total variables available, approximately 1500 represent a general variable set
from which most marketers (i,éypical clients for TM firms) select when purchasing data
augmentation services. The additional ~4000 variables are termed audience propensity
variables, and are developed on contract to be sold to certain corporations, and thus might
be updated/changed on aomthly basis. The general variables have no name release
restrictions, meaning that the full names can be shared publicly, while the audience
propensity variables required a legally binding +distlosure agreement barring
disclosure even of these variable n a me s . Further, to obtain 1
provided an official statement of use followed by the completion of additional legal
paperwork on the terms of use for these variables. Certain variable subsets (such as
sensitive financial vaables) required the TM provider to obtain specific approval from the

firms that generated those variables before they could be included in the overall purchase
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for this study. Thus, as can be seen, the process of obtaitdngea M variable set is a
norttrivial undertaking that can require months of discussion prior to final approval and

variable transmission.

The acquired TM dataset comprises continuous, ordinal, and nominal (dichotomous
and polytomous) variables. Figure2.3 and TableB1 of AppendixB.1, the initial received
variables (after removing variables that were completely missing, as well aslaeta
variables like precision levelshre classifiedinto the following topical areas:
sociodemographic, land use, attitudes, lifestyle, financial, technology, and transportation.
Figure2.3 summarizes the ovdtaariable distribution, and TabB1 further summarizes
the variable classification distribution across the TM variables. Given the traditional TM
sources of credit card and shopping records, it is intuitive that 61% of the received TM
variables are comsnerrelated variables such as purchase behavior, while 18% are
financial variables related to investment, income, and insurance, among others. Examples
of transportation variables obtained include business and vacation travel behaviors, vehicle
ownership (i.e.,, brands/vehicle type), vehicle payment type, and brand propensities

regarding rental car companies and airlines.
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Segmentation
3%
Transport 7%
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Sociodemographic

Technology
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Financial
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Consumer-related
61%

Figure2.3. Overview ofvariabletypes in TMdataset (p = 5684)

2.5.2 Targeted marketing datategration framewrk

In Figure 2.4, the process of acquiring, processing, and integrating TM data with
existing transportation survey datasstsummarize@bolded elements depict the process
used in this study). In this seati, only a brief overviews provided but interested readers
are directedo Appendix B.2, where an Hdepth guide with stepy-step detail on the

integration process used for the datasets in this docurasriteen provided

There are four primary sends of interest offered by TM data providers, and
transportation professionals may be interested in any of these services for varying
applications (see Section 3). In this secteta enrichmenbnly is discussegdas it is the
service used to append a ganof TM variables to existing records (see Sedddhl of
Appendix B.2 for a discussion of all data services). To use this service, analysts should
first determne the quantity and types of TM variables intended to be appended to each
record. For a small number of variables (i.e.-5000), TM providers often have online

portals that can be used to quickly and easily append variables. As the number of variables
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and/or respondents grows, data enrichment must proceed throhglise services that

require additional legal paperwork and time.

TM providess typically require namesnd addresse$or all caseghat are being
submitted for TM data enrichment. Submittadtd are matched against names and
addressesonfileintieMp r ovi der ' s if theaekaafisshasdlagshamearcannot
be matchedyariable matches degenerate into less precise matches (e.g., address and last
name, address only, zip+4 code, zipglee with each of these successively identifying a
larger, less precise area where for example, zip+4 code may refer to a specific part of a
street or a building while zip code may refer to a general area and/or associated mail
delivery office) Since trasportation practitioners may have varying amounts of
name/address information available for their survey dataeeBgctionB.2.2it is shown
how the four survey data subsets in this stweyeapproachedqFigurel.2), aseach had

differing amounts/types of name/address information available

Following data acquisitionthe resultingTlM datasetypically requires substantial
cleaning, recoding, and processing before integration with survey datasets. The most
critical step entails the individudével comparison of the TM record for each case to the
available survey data. Analysts must first select the variables that will be compared
between the TM and survey data, and subsequently should establish the associated
tolerance/confidence level for retaining the compared cases given the selected variables.
For the dataset in this chapter, the variables selected for verification are gender, age, and
education level, in order of importance. After processing and retaining teeare
believed to represent the same individual across datasets, TM variables must be recoded

(e.g., variable values/levels may need to be made consistent across data sources), cleaned
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(variables with high levels of missingness or near zero variancene®/to be removed

or otherwise addressed), and imputed as necessary.

As before noted, please reference Appendix B.2 (Sed@i@y for expanded

guidance on seldaog a TM provider and service, successfully acquiring TM data, and

cleaning and processing the obtained dataset.

TM data services

Distribution of
selected variables
by geographic
area

Name / business Name / email /

Data

enrichment

name / address / phone number
email address lists append
Online portal
for~ 50 or
fewer variables

—

In-house service for
larger sample size
and number of
variables

. N d :
Adfh esses a?ir(;ls:;le]s Addresses unavailable
avaiable available from — pairwise data
conduct ﬂgme existing data enrichment cannot
appen -
l submit directly proceed
Select the Randomly select

individual’s name

existing record
within the chosen
tolerance

Proceed with

who matchesthe __, dataenrichment
process

I

record that matches
< on selected
gender, residential
location type

[

Does the
TM data
match the
survey
record on
selected
variables?

Recode, Integrate
clean, and TM data
impute TM with travel
variables as survey
needed datasets

|

variables —e.g. age,

Selection of
TM Data
Provider and
Service

TM Data
Acquisition

TM Data
Cleaning and
Processing

Figure 2.4. Simplified overview of TM data integration process
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2.6 Validating targeted marketing data

At this point, the TM variables purchased for this study (summarized in Table B1)
have now been successfully integrated with two transportation survey datasets (Section
1.3 using the framework and approach outlined in Se@i&®2 and furher detailed in
Appendix B.2. Following this data integration step, comparable variable categories are
developed for fundamental SED variables present across the TM data and survey datasets
(see Table B2). The discussion turns now to validating these Meyafiables relative to

the GDOT survey and NHTS datasets discussed previously.

Statewide/regional surveys (which include reseamtbnted surveys like the
GDOT survey, as well as regional household travel surveys), in tandem with nationwide
data sourcebke the Census, American Community Survey (ACS), and NHTS, represent
the core sources of data used in transportation planning and forecasting. Thus, examining
TM data relative to these transportation surveys, and further, being able to compare the
NHTS ard GDOT surveys relative to each other, represent unigue contributions of this

chapter.

2.6.1 Investigating differences between TM and travel survey variables

The firststepnas sessing the quality of TM dat a
its values for dtical variables, such asSED variables in the TM database. An ideal
approach would entail the validation of TM variables with values from official records or
reports (or alternatively, #person verification). Given the absence of reliable SED data
from publicly available disaggregate personal records, as well as the focusaifapier

on examining TM data within a transport context, select TM variaskesalidatedased
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on corresponding variables obtained/derived from the GB0Ofvey and the NHTS.
Comparing TM data to federal and statewide transportation survey data can help
transportation practitioners to better understand whether it is possible to replace, augment,
and/or model specific travel behavior survey data with TM data, and further, cadepro

guidance for addressing identified discrepancies.

To date, the only TM validation studiss SED variables ofvhich the authors are
aware include an aggregate level validafmmTM data at the block group level (Kressner
and Garrow, 2014), as welsa smaltscalehouseholdevel validationbetween TM and
travel survey datgKressner et al., 2014As findings from these prior studies will be
compared to results from the analysis in this chapter, it is pertinent to note that the
householdevel valdation in Kressner at al. (2014) used survey data from-toarelach
populations, thus indicating a bias in the survey data toward individuals living below the

poverty line.

Accordingly, the data validation presented in this section extendgréoeding
investigation by: (1) expanding the househleidel validation to significantly largefrom
N = 116to N © 5000) and more representative samples; (2) allowing for the simultaneous
pairwise comparison of TM data with two different types of transportation surveys; and (3)
illustrating the effect of TM data processimgn variable match rates. To facilitate
comparson of the validation process with Kressner et al. (2014), a match (on a given
variable) between the same case in two different datasetsis defined as being accurate if the
case has the same value (within a tolerance band, if applicable) for that viaribbth
samples, and inaccurate otherwise. For example, if a given individual is in-Bedde

category in the NHTS survey, but in the 2% age category for the TM data, then that case
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is considered an inaccurate match on age. The shares (or, ifsepaspercentages, rates)

are calculated only on comparable cases, as follows:

0 OO0 ia@mBAbdd i Q , and

08 OO0 GIOEB@ 1 Q ,

where ®“compar abl e cwaeseeable to beadsignedsa value that wase s t
able to be developed across all data sources (Table A3). Noncomparable cases include
those with missing, not applicabl e, not at
“prefer not t o teewvasablein uestioa m pne ordahsdatasets being
compared. Using these definitiod@ble2.1 andFigure2.5 summarize match rates across

the entire TM and survey datasets used, while TBBland FigureB1 in AppendixB.1

summarize these rates for tkamerespondents across all three datasets (oe.the

overlapped sample). TabkS3 also includes GDOT/NHTS variabteatchrates to allow

for insight into differences between the survd$sor to comparing the variables selected

for validation, itwas necssary to recode several variables into directly comparable
categories; Table B2 in Appendix B.1 summarizes this process, and details final variable
values usedFor consistency, values for the NHTS, GDOT, or TM variables are not
imputed by the authors; h@wer, some of the TM variables were imputed/infilled prior to

our receipt of those variables. The TM variables that were specified as imputed in the TM
database include household income and household size variables, which had missing
values filled in withzip code and/or zip+4 code data, and the marital status variable. which

was filled in with undisclosed imputations. We note that other TM variables may have also
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been imputed in some way, but those listed here are the ones that were transparently listed

ashaving been imputed in the TM database documentation.

As illustrated inFigure2.5 andTable2.1, the match rates when comparing the TM
and survey data are generally consistent for both the Naitihe GDOT survey, with
the highest accuracy rates occuring for gender, age, tenure, radgl retatus, and
dwelling type, and the lowest accuracy rates occuring for occupation, income, education,
and household sizét is seen thagender has the overall highest percentage of accurate
matchedor both NHTS and GDOT data (90.9% and 95.6%,&espely), followed by age
with match rates of around €91 %. It s posited that gender
match rates between TM and survey data due to the ease of obtaining these variables from
publicly available records (e.g., birth recordajthough gender identification is also
believed to be derived based on typical male and female names in the Caucasian
population. This latter proposition is based on the observation that foreign names (e.g.,
names of Asian or Native American origin) aréeoflisted as unidentifiable with regard
to gender. Race had accuracy rates of ~85% for both surveys, representing the fourth

highest match rate among SED variables examined.

Housing tenure was comparable between NHTS and TM data only, and had the
third highest accuracy rate of 87.31%, whilanital statusand dwelling type werenly
comparabldetween GDOT and TM data, and hid next highest accuracates of 72.2%
and63.05% respectively. Occupation had lower accuracy rates of ~59% between GDOT
and ™ data and ~55%etween NHTS and TM data; however this is likely because ~75%
of thecases could not be compared. While dwelling type and occupation were not studied

in prior literaturejt is noted thatfor gender, tenure, and marital status, the findstgsvn
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here are consistent with those of Kressner et al. (2014). Regarding age and race,
significantly higher accuracy rates are identified here relative to the prior work, potentially
suggesting either a bias in TM data in reporting these variables f@r-rapresented
populations, or that the TM database used in this study had more accurate data on age and

race.

Rounding out the rest of the variables, income, education, and household size all
had accuracy rates below 55%, findings also shown by Krestnak (2014). This
indicates the robustness of the finding that these indivigwal variables have low
accuracy rates (i.e., almost 50% or lower) in TM data, since they continue to do so five
years after an initial validation study. Such performanag be attributable to the relative
transience of these variables; for example, income, education, and occupation can all

change several times over an individual s
not changeconsistentlyover time relativeto a transient variable like age). Similarly,
household size is a constantlyfinx variable, as individuals marry/divorce/die and give

birth to children, and as children move out of/into the household. When a tolerérice of

is allowed when calculatindhé¢ household size accuracy rates, it is seen that the match
rates more than double (from ~30% to ~70%, for both categorical and continuous versions
of the variable), supporting the conjecture that for dynamic variables, TM may take several
months to yearto receive updated information, which at least partially accounts for the

low accuracy rates observed. Thus, it is worth noting that for a low performing variable

like household size, TManprovide more accurate estimateishin a certain tolerance.

As discussed beforgSection2.5), gender, age, and education were used to process

the TM data to retain records that were believed to correspond to the correct indvidual in
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the survey data sources. Aable2.1 and TableB3 (Appendix B.1xhow, even after data
processing (i.e., the sample is filtered to include only individuals who are considered to be
definite matches between the TM and survey data@f &lle variables with the exception

of age and gender sawmly small improvements in accuracy, suggesting that the accuracy
rates observed for race, marital status, dwelling type, occupation, income, education, and
household size are largely representatiéhe rates that could be typically expected for

such variables in TM databases.

In the next sections2(6.2and2.6.3 additional validation approaches are explored.
These include first examining distributional differences in the accurate and iai@ccur
mat ches, followed by a modeling effort tha

propensities to be matched correctly in the TM database.

B GDOTvs. TMD ONHTS vs. TMD
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Figure 2.5. Variable accuracy rates across TM and survey datasets before processing

Table 2.1. Variable accuracy rates across TM and survey datasets before and after

processing
Before Data Processing After Data Processing
Variable Match TMvs. GDOT TMvs.NHTS | TMvs. GDOT TMvs. NHTS
N =232882 N =51482¢ N = 2699 ° N =4027 > ¢
N % N % N % N %
Gendef  Accurate matcheés 2864 90.86 4455 95.58( 2686 100.00 4019 100.00
Inaccuratematche$ 288 9.14 206 4.42 0 0.00 0 0.00
Not comparablé 136 - 487 - 13 - 8 -
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Table 2.1 cont’d

Age' Accurate matches 2806 90.75 4023 88.87| 2610 99.35 3710 95.10
Inaccurate matches 286 9.25 504 11.13 17 0.65 191 4.90
Not comparable 196 - 621 - 72 - 126 -

Tenure?  Accurate matches - - 4168 87.31 - - 3519 88.06
Inaccurate matches - - 606 12.69 - - 477 11.94
Not comparable - - 374 - - - 31 -

Race Accurate matches 2441 84.82 3708 84.56| 2020 85.59 2967 85.53
Inaccurate matches 437 15.18 677 15.44| 340 14.41 502 14.47

Not comparable 410 - 763 - 339 - 558 -
Marital Accurate matches 2111 72.22 - - 1807 73.85 - -
statug’ Inaccurate matches 812 27.78 - - 640 26.15 - -
Not comparable 365 - - - 252 - - -
Dwelling Accurate matches 1635 63.05 - - 1348 61.89 - -
type?® Inaccurate matches 958  36.95 - - 830 38.11 - -
Not comparable 695 - - - 521 - - -
Occupati Accurate matches 498 59.29 701 55.11| 455 61.57 641 56.08
on Inaccurate matches 342 40.71 571 4489 284 38.43 502 43.92
Not comparable 2448 - 3876 - 1960 - 2884 -

Annual Accurate matches 1686 53.37 2852 56.23| 1418 5462 2215 55.82
househol Inaccurate matches 1473 46.63 2220 43.77| 1178 4538 1753 44,18

d income Not comparable 129 - 76 - 103 - 59 -

Educatio Accurate matches 1167 43.13 1560 40.13| 1092 47.44 1456 43.41

nf Inaccurate matches 1539 56.87 2327 59.87| 1210 52.56 1898 56.59
Not comparable 582 - 1261 - 397 - 673 -

Househol Accuratematches 1049 31.90 1790 34.77| 879 32.59 1396 34.67
d sizeh Inaccurate matches 2235 68.10 3358 65.23| 1818 67.41 2631 65.33
Not comparable 4 - 0 - 2 - 0 -

aAn overlap sample of 1495 respondents exists in the NHTS and GDOT survey datasets before processing.

b An overlap sample of 1245 respondents exists in the NHTS and GDOT survey datasets after processing.

¢ Respondents whaid not want to be contacted agaare removed from the NHTS samples, as this subset had FM pi
processing prior to data enrichment. See Section 2.5 and Appendix B.2 for more information.

dMat ch percentages exclude “Not compar abl efresmreentsahot
could be compared with an equivalent category between data sources that are accurately matched (or inaccurate
matched). Table B2 in Appendix B.1 summarizes the variable values that are compared to each other.

eThe “Not cdmparialtllaw’dewsa respondents in “Other/ Coul.
answer/ Missing” categories. These categories were
exampl e, in the TM dadta appulriceash!l é Miwsrn emgriotandi $tNi i

were distinguishable for some of the questions in the survey data sources.

fGender, age (tolerance-# years), and education (tolerance:2-levels) are used in pegtocessing t@nsure that the
TM records obtained are appended to the correct individuals. As such, the accuracy for these numbers-in the pos
processed sample are higher than would be typically expected (or unrealistically perfect, as in the case of gender
thateven when instituting these matching criteria, we were able to retain 82.09% of the GDOT respondents and 7
the NHTS respondents (i.e., we are relatively confident of having the correct TM records for ~80% of survey respt
There remammatrt &lmlte” cases f or g e npioeessing sagpie becausedve retdined
cases for which gender/age/education are missing in either the TM or survey datasets, as these could not be defi
ruled out based on inaccurate maghe
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Table 2.1 cont’d

9 NHTS did not obtain marital status and home dwelling type of survey respondents, and thus these variables cou
compared between TM and NHTS data. Similarly, GDOT did not obtain tenure, and thus this variable could not b¢
compared between TM and @I survey data.

hWhen a tolerance of 4/ was instituted for the household size variable, the percentage of accurate matches incre:
substantially, to: 71.92%, 72.18%, 72.38%, 72.29%, in respective order of the four percentages listed in the table.

2.6.2 Examining patterns in response differences between TM and survey data

This section examinesvhether the distributions of variable accuracy and
inaccuracy are associated (i.eorrelated) with the (typically categorical) values the
variable can take on. tfieaccurate and inaccurate match rates are siaglass the values
a given variable can take @ire., no association), theihcan be saidhat for that variable,
there is no specific value category that is performing significantly better/worsehihan t
others.This facilitates the assessmentwatiich demographivaluesare reported with
higher accuracy by the TM data. To achieve this gealjlts from thehi-squared test of
independencare reportedhowever, due to the limitation that the -slgjuaed statistic is
strongly influenced idalsorepartedilr @ me isa &qtisicCr a me r
that adjusts the ctiquared statistic using both sample size and number of cells in the

)

contingency table Thi s adjust ment a lcdmpanable &moss mer ' s
contingency tables with different sample s

from O to 1, with higher values indicating high association.

Table 2.2 summarizes variable frequencies as well as measures of association
across all variables and samples studrexte that the data used in this section is before
matching on gender, age, and education had occurred so as to ensthne tiesults
reported here are applicable to TM data in general (i.e., not biased by data procéksing)

final two columns of the table also present a direct comparison of the two survey datasets
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to each other to provide some context for comparingttier distributions (i.e how much
congruence exists even between the same questions asked on two surveys of the same
sample). As shown in the table, the-shuared test of independence is significant for

al most all wvariables, even in eé&sesapleyher e
household size). This is likely due to sample size effects, and accordiefByr a mer ' s V
statisticis primarily used for discussionhere Cohen’ s effect si zes
on degrees of freedonare usedo select which effectbased orlCr amer ' s V ar e

enough to merit discussig@ohen, 1988)

The Cramer’s V statistic for age has a
frequencies indicates that the TM dataset is doing a better job at reporting ages for
individuals inhigher age categories, which is intuitive given that these individuals likely

have more established transactional histories, and accordingly their ages are likely to be
better represented in TM databases. thTenur e
the frequencies showing that Tata aredoing a poor job in identifying renters, an

intuitive finding given that: (1) renters are more likely to be leimeome individuals with

fewer TMdatarecords (and thus less accurate information); (2) rentedstétemove more

frequently than home owners, thus making it more difficult to maintain appropriate address
information;(3) the apartment or unit number may be unavailable or incorrect for renters

living in a multifamily dwelling at a given street addreasd @) renters may be living at

rental properties that are singamily homes, making it difficult for TMiatato accurately
identify the tenure arrangement . Race al sc

results showing that across TM and NHT&&ad Asians and Native Americans are the most

likely to be inaccurately represented, followed closely by African Americans. Thus, both
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TM dataand NHTS more accurately represent individuals who identify as White, a finding
that may be attributable to Whétdoeing more integrated into the financial/transactional
fabric of U.S. society, and thus TM having more accurate records/sources of information
for these individuals. It is likely also partially due to missing ethnicity being intijethe

TM data proviler using aggregate datajth the dominant race at aggregate levels more

likely to be White.

Dwelling type had the largest effect size across all variables studied, with the results
showing that the TM dataset is much more likely to correctly identifiyiohalls living in
singlefamily homes. Thiss likely due to the same reasons discussed earlier for the tenure
findings, and suggests that TM databases do not have reliable/accurate sources of
information for i ndi vi dualis tases where mdgresa r r an
details are less precise. Occupation also has a high effect size, withafE\being
significantly more likely to inaccurately identify occupation type for those who are not in
the professional, managerial, or technical categaityough there are more inaccurate than
accurate matches across all categohB$TS is also more likely tdifferentially represent

occupation type relative to GDOT survey responses for these categories.

Education is seen to have a medium to high effeet, siith TMdata being more
likely to inaccurately identify individuals who have not completed high school and
individuals with some college/technical qualifications. We note that education does present
some difficultto-interpret findings here, with indiduals who have a completed high
school degr ee obeingbnoe Hilkely o have cordeet gnatehes, while
individuals with some college/technical qualifications and those who have completed a

graduate degree being less likely to have correctathn records in the TM data. In
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general, we would have expected that individuals with higher levels of education would
havemore sources of personal information (eemployment records) from which the
education level can be gleansicein line with previous reasoninghey mayhave more

established footprints in the TM databaBeis finding is discussed further in Sect6.3

Marital status, household income, and household size have small effect sizes for
the TMdatacomparisons in this studynd so deviations on these variables may be due to
random fluctuations. However, it is interesting to note that theeson households are
much more likely to have differences between the GDOT and NHTS surveys relative to
the other household size categsria finding that may be attributable to the -gear
difference in survey administration for the GDOT and NHTS surveys. Further examination
indicated that most of the incorrectly classified households in this category were two
person households in the NBBurvey that became thfperson households in the GDOT
survey, suggesting possible life stage changesrig®iage othe birth of a child occurring

in the (average) ongear gap between surveys.

To compare the findings from this study to the literatitiis seen that Kressner et

al. (2014) used cksquared tests of independence to examine patterns of association, and
found no significant associationsith the primary exception of marital status. There was

a higher occurrence of single individualemhad a correct match for marital status relative

to married individuals, which Kressner et al. (2014) suggested may be because the TM
database assumes that an individual is single until information is obtained that proves
otherwise. However, the frequaes for marital status in the study presented here tell the
inverse story, with TMlatadoing a better job of identifying marital status for those who

are married. This difference in finding may be attributable to the particular population that
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was sampledn the prior studyor to differences in how the marital status variable was
developed in the two separate TM databakesssner et al. (2014) also found that there
were more households than expected whose targeted marketing data matched for the
African American category, with fewer individuals who matched for the White category,

but similarly we believe that this mdne due to the distinctive study population sampled

for that study, a proposition also suggested by the authors.

Table 2.2. Identifying patterns in accurate and inaccurate match rate distributions
for sample pairs

Frequency @
SED TMvs. GDOT P TMvs. NHTS?® GDOT vs. NHTS P
Variable characteristics N =3288 ¢ N =5148°¢ N =1495°¢
Accurate Inaccurate | Accurate Inaccurate | Accurate Inaccurate
Matches Matches Matches Matches Matches Matches
Gender Male 1553 125 1861 275 661 10
Female 1311 285 2594 416 803 15
G|] stat 79.937 (1) 0.882 (1) 0.096 (1)
Cramer 0 0.156 (smalf) 0.013 (small) 0.008 (small)
Age 18-24 years 13 20 35 68 8 2
25-34 years 168 88 370 260 95 4
3544 years 265 65 524 213 127 11
4554 years 452 87 695 200 209 11
55-64 years 667 115 952 228 346 21
65+years 1241 85 1447 152 626 29
G] stat 221.380 (NA®) ™ 426.310 (5™ 7.818 (NA®)
Cramer 0 0.260 (large) 0.288 (large) 0.072 (small)
Tenure Owner - - 3384 224 - -
Renter - - 784 708 - -
G] stat - - 1199.5(1)™ - -
Cramer 6 - - 0.485 (med. to large - -
Race Asian/Pacific 8 50 5 75 12 4
Islander
Black/African 362 197 801 418 243 0
American
Native American 0 25 2 10 2 9
White/Caucasian 2071 444 2900 637 1135 40
G] stat 305.240 (NAS) ™ 381.600 (NA®) ™ 220.230 (NA®) ™
Cramer 6 0.311 (large) 0.281 (med. to large 0.390 (large)
Marital Married 1446 459 - - — —
status Single 665 389 - - - -
G] stat 53.859 (1)~ - -
Cramer 6 0.135 (small) - -
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Table 2.2 cont’d

Dwelling Standalone 1574 331 - - - -
type house
Apartment/condo 61 993 - - - -
Mobile home - 1 - f - - - -
Attached 0 318 - - - -
home/duplex/tow
nhouse
G|] stat 1953.200 (NA?®) ™ - -
Cramer 6 0.772 (large) - -
Occupati Professional, 432 593 587 968 316 108
on managerial, or
technical
Sales/service 24 278 31 601 54 44
Manufacturing, 21 57 42 228 22 4
construction,
maintenance, or
farming
Clerical or 21 100 41 265 36 24
administrative
support
G|] stat 139.910 (3)” 302.550 (3} 20.107 (3)"

Cramer 0

0.303 (large)

0.331 (large)

0.182 (large)

Annual Less than US
househol $50,000
d income US $5699,999
More than US
$100,000
G| stat
Cramer 0

628 367
556 595
502 511

55.760 (2)™
0.133 (small)

1604 833
738 786
510 601

176.880 (2"
0.187 (small)

485 45
358 158
327 75

82.642 (2)"
0.239 (medium)

Educatio Some grade
n school/high
school
Completed high
school or GED
Some
college/technical
school
Bachelor's
degree
Completed
graduate degree
(s)
G htatistic (df)
Cramer 6

0 74

155 199

213 764

443 546

356 531

176.870 (4)™
0.232 (med. to large

0 177

293 592

333 1224

500 751

434 843

202.360 (4™
0.198 (medium)

24 11

155 12

407 71

368 58

370 15

46.669 (NAS) ***
0.177 (medium)
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Table 2.2. cont'd

Househol Singleperson 331 592 713 1177 455 38
d size HH
Two-person HH 430 999 627 1296 550 83
Threeperson 90 344 187 446 98 75
HH
Four-person or 198 300 263 439 148 46
larger HH
G|] stat 47.836 (3) *** 21.124 (3) *** 132.59 (3™
Cramer 0 0.121 (small) 0.064 (small) 0.298 (large)

*kk kk

., = significant at 1%, 5%,10%, respectively.

aDistributions examined before matching on gender, age, and education (i.e., before data processing) as described in ¢
2.6.1.

bFor the GDOT vs. TM and GDOT vs. NHTS distributional comparisons, the GDO®\sis used to inform the SED
characteristics of the accurate and inaccurate matches for the contingency table. Similarly, for the NHTS vs. TM distribi
comparison, the NHTS is used to inform the SED characteristics for the contingency tablesdrissabat the survey data is
“correct” relative to the TM data, which is not netofes
the cases, survey data is likely to be more reliable relative to TM data. Furthermore, a8 tfiehgostudy is to study TM data
relative to transport survey data, we believe that using the survey data sources to inform the SED tabulations fogémeyo
tables is appropriate.

¢Counts do not add up to 100% or the total N because of noncalnigpaategories.

iCohen’s effect size classifications for Cramer’s V a
1988).

*®When the number of cases in a cell i s s mavVale (Hope, 196G8Nt e
fThe GDOT data did not have any individuals who reported living in mobile homes, so this category is not included in tt
distributional comparisons. Note however that the TM datdave 23 individuals who reported living in mobilenmes.

2.6.3 Exploring biases for survey respondents more likely to be matched in TM databases

This section follows closely from the preceding sections, but refocuses the
examination at the individual level as opposed to the variable level, examining the factors

influencing i ndividual s propensities t o
Individuals are considered to have a correct match in the TM database if the survey record
reflected the same gender, age within-ad#/ear age tolerance, and education within-a +/
2-level tolerance with the returned TM record. Understanding which individoaysbe

better represented in TM databases facilitates an understanding of biases that can result
when using TM data for transport applications. To assess these biases, we develop a binary

logit model (Table2.3) to predict whether a given respondent iolsta correct match in

the TM database in terms of the gender, age, and education thresholds instituted during the
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matching process (unmatched respondents also include individuals whose TM records
were missing gender, age, and education, as these TM secoutt therefore not be
checked relative to the respective survey record). For simplicity, this model is limited to
the GDOT survey dataset (N = 3288; reduced to 3121 through the removal of missing
values for this model); and the exogenous variablesdtéstene model include gender,

age, race, education, occupation, household size, household income, marital status, and a

measure of population density.

Gender, age, all levels of education, and race identification as African American or
Caucasian are adlignificant predictors of the probability of receiving a correct match in
the TM database used for this analysis. Women are less likely to be among those who have
a correct match, an intuitive finding given that TM databases are largely derived from
finandal records and transactions which are often still dominated by males. Older
individuals are also more likely to have a correct match, which may point to the increased
probability of older individuals to have more established financial/transactionalifdstpr
In the case of age, the inherent survey bias of the GDOT dataset toward older individuals
is likely reflected in the small disparity between mean ages for the matched and unmatched
records, and accordingly this suggests that there may be a gréfatende between these

means in a survey dataset that is more representative of all ages.

With regard to race, with Asian/Pacific Islander as the reference group, we see that
Blacks/African Americans and Whites /Caucasians are significantly more likébg to
among those who receive a correct match. However, as the incidences show, Blacks have
a greater proportion of unmatched records than matched records (whereas the opposite is

true for Whites), suggesting that while Blacks are more likely to be inclndedtched
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records relative to Asians/Pacific Islanders, they are on the whole likely to be

underrepresented in the TM database.

The model also indicates that, relative to individuals who have not completed high
school, those with higher levels of education are more likely to have correct matches in the
TM database, although those with graduate degrees are less likely to be meltdinesl
to those who have completed some or all of their undergraduate education. This latter
nuance, also shown in Sectidr6.2, may point to a higher proportion of foreigners among
those with graduate degrees, relative to those with undergraduaesidfifational
Academy of Sciences, National Academy of Engineering, & Institute of Medicine, 2007).
Foreigners may be more likely to have incorrect TM records on several accounts; for
example, individuals who have recently moved to a country are likbmM® fewer records
from both administrative and transactional sources. In addition, as before mentioned,
gender misidentification may be higher for foreign names. Nonetheless, overall, the
education findings suggest that TM databases may overrepresenhigiuseeducated
individuals, which is in line with the conceptual understanding that TM databases have
more robust records for individuals with more financial assets and transactions associated

with their names.

The findings in this sectidnsupport caventional intuition about the nature of TM

databases, and along with the model findings in Talde serve to remind analysts

! For exploratory purposes, several TM variablesre also testeth the model; however, since the TM
variables for the noamatched individuals may not be correct at individual and/or household levels, we did
not include these in the final model, but omhention themhere. TwoTM variables of interest that are
significant are consumer prominence and technologptamh, with higher levels of both indicating increased
likelihoods of having a correct record in the TM database. The consumer prominence indicator is a measure
of how large the consumer footprint of the individual might be, while the tech adoptiortandéca measure

of how likely a household may be to purchase new technologies at premium prices.
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interested in using TM data that at least currently, there are certain demographics, notably
groups such as women and certaihneities, that are disproportionately affected by

underrepresentation in TM data.

Table 2.3. Binary logit model of whether a GDOT survey record is correctly
matched to TM database

Variable Incidence (%) °

Variables? Coefficients 2568 matched 553 unmatched
records records

Constant -1.593" - -
Gender (female) -0.230 47.08 54.97
Age 0.021" 60.11° 54.97¢
Race - - —

Reference group: Asian/Pacific Islander - 1.32 4.34

Black/African American 0.889" 16.90 20.43

Native American 0.252 0.66 1.27

White/Caucasian 1.081" 81.11 73.96
Education - - -

Reference group: Some grade /high sch - 1.79 4.52

Completed high school or equivalent 0.983" 11.06 10.67

Some college/technical school 1.204™ 30.84 24.95

Bachelor's degree 1.233" 31.00 25.68

Completed graduate degree (s) 0.757" 25.31 34.18
Model attributes

Number of observations 3121

fl -2163.312

fl 4 -1457.822

fl n -1401.567

" (fl base) 0.350

Adjusted” (fl base) 0.352

" (fl 4 base) 0.039

aThe variables in this model are derived from the GDOT survey records for these respondents. As with all d
sources, the GDOT survey may have its own implicit survey/nonresponse biases thdiumage these numbers.
bVariable incidence represents the percentage of matched and unmatched records falling into the respectiv
categories; for example, 46.85% of the matched records are females, while 56.67% of the unmatched recor
femdes. Again, the GDOT survey was used to obtain the values for these variable incidences.

€As age is a continuous variable in the model, the mean ages for the matched and unmatched records are t
here in place of the incidence. Thus, note the sabiptetoward older ages, even among unmatched records bt
especially among matched records.

2.7 Discussion

Using various validation methods, it has now been shown that TM data are able to

provide accurate information (relative to sedported data) for some variables and
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populations, while underrepresenting others. This is not unexpected, given that all data
sources, active and passive, will inevitably suffer from unique biases and shortcomings. In
fact, this serves to reinforce the earlier suggestions that it is critical for researchers working
with new data sources to first validate novel data using anafrragthods, and preferably,

to also have these data validated by differing teams of researchers. Without undertaking
thorough validation investigations, biases present in various datasets may be unknowingly
integrated into decisiemaking processes and @ft key transport outcomes like equity

and wellbeing. While it is outside the scope of this document to provide an extensive
discussion on approaches that can be used to address dataset biases (for example: Cahan,
HernandexBoussard, Thadandgrani, & Ruhn, 2019), the aim here is to provide a brief
recap of the validation exercises, and to provide recommendations for methods that may

be useful in the specific context of the TM data being examined in this study.

In Section2.6.], it was seen that TM daisable to provide accurate data on several
key variables (gender, age, tenure, and race) for 75% or more of individuals in the two
survey samples studied. It is an opportune time to emphasize a point first nkadedner
et al. (2014), that even thenables that were found to have the lowest accuracy rates (~31
34%), indicate that with TM data, it may be possible to accurately predict these variables
for at least a third of the population at a significantly lower cost than it would take to acquire
these variables using surveyls. Section2.6.2 distributions of accurate and inaccurate
matches across all variable values were examined to provide an understanding of how
specific categories of each variable are performing. This investigation showededhat a
race, dwelling type, occupation, and education perform differently across categories. This

means that it may be especially important to realize that TM data may be providing
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incorrect information at a higher rate for certain individuals; for exammpmenger
individuals, renters, minorities, etc. In Sectif.3 the biases present for those who were
considered to have a correct record match in the TM database were explored, and indicated
that at an individual level, women, minorities, younger indiglduand those with lower

levels of education are less likely to have a correct record in the database.

Practitioners seeking to address biases such as those described héfg semk
to augment the data source in question with additional records/frasesother data
streamsthat may be more representative of specific populations (i.e., data fu&pn)
develop algorithms/models to impute variable values for segments of the population that
have increased probability of having incorrect valy8y;identify the need to develop
weights that can adjust the sample for the variables on which biases keaviedified
(Solon, Haider, & Wooldridge2015); and @) interpret results within the lens of the biases
that may exist ensuring that the proper caveats are applied when making policy
recommendations. These approaches represent some of the posdiblessiblat could be
applied to address the TM data biases identified in the preceding section. However, there
are certainly other approaches, and all transportation researchers and practitioners who
work with usefcentered data should make it a priority dgplore the methods and

approaches that can be used to address dataset biases.

2.8 Summary and conclusions

Giventhe* gr owi ng resistance among U.’S. hou
(PTV NuStats, 2011, p. 43) is increasingly important to examine additab sources of

data that can be used to supplenterisporimodeling needsThis chapter made the case
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that targeted marketing (TM) data are ripe for integration into transportation applications,
beginning with a detailed look at the benefits and chadleraf using TM data (Section
2.3). The presented typology illustrated thd¥l data can beuseful to a range of
transportation applicatiorad researchallowing for improved transportationodels and

i nnovative approaches tnbeaon traditional tchnspoaton c e
data sources (Section 2./Based on the experience integrating TM data with two
transportation surveys (NHTS and a GD@ihded survey), a framework of the TM data
enrichment process was detailed (Section 4), providingsa study of the process for
analysts who may wish to pursue similar TM data integration and enrichment (Appendix

B.2).

The resultant integrated datasets were useatetonstrate thatM data match
gender, age, tenure, race, marital status, and houssizelétratesof 70% or greater
relative to selreported survey datgSection2.6.1). However,it was seerthat TM data
exhibit differential accuracyacrosssomevariable categories; for example, the database
does a poor job correctly identifyingnure ad dwelling type forenters and those not
living in singlefamily homes(Section 2.6.2. This may suggest thatansportation
professionalsvho use TM data in theufure may need to impute or otherwise supplement
data for demographic categories thatdto beinaccurately reported in TM databases.
Additionally, an examination of TM biases revedthat menolder and betteeducated
individuals African Americans, and Caucasians are more likely to have correct records in
TM databasegSection2.6.3. These areomparable though not identicaltypical HHTS
respondent biases, suggesting that similar approaches takaddtess biases in

transportatiorsurvey data magieed tdoe applied heréSection2.7).
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There are numerous avenues of future workdha be pursued in the aim to better
understand the potential benefits of TM data in transportation. Notably, practitioners may
be interested in better understanding the veracity of travel behavior variables that are
present in TM databases, and thereati® investigate the use of such variables within
forecasting efforts. To date, the authors are aware of only one paper that has sought to
examine the veracity of travel behavior variables present in TM data, and that work has
yielded promising results & certainly call for the further investigation of such variables
by all transportation professionalsof/elace et al., 2016). In addition, it will certainly be
critical for the transportation community to have various teams of researchers investigate
theapplications and research directions proposed in the typology described in 3ektion
as currently only a handful of studies thus far have tested TM data in similar applications
or contexts. Of special interest will be methods for integrating and fadihgata with
other active and passive data sources, as this approach will aid in overcoming biases present
across the various data sources while creating an enriched dataset that can facilitate novel

analyses and insights.

However, whilethere is clearlysignificant potential in the use of TM data in
transport applicationghereremainchallenges hindering the wigeale application and
integration of these data for modeling purposes in the transport dernhailenges that
could intensify as we move thugh a period of increasing privacy regulations. Both as
engineers and as private citizens, it is best to pursue TM data research and practice
opportunities that wil!/l protect individual:
be increasinglymportant for professionals to work with policymakers to strike such a

balance, particularly in light of the growing need to supplement traditional data sources
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with various passively collected data sources, all of which are subject to the same privacy
reguations discussed in this chapter. In closing, it is hoped that this resource will encourage
transportation professionals to further explore the benefits of targeted marketing data for
moving transportation research and practice forward, while encourtdmgrgpntribution

of new perspectives on approaches and methods that can be used to address some of the
many challenges inherent not only in TM data, but tpeidy, passive, big data sources at

large.
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CHAPTER 3. EXPANDING SURVEY DATASETS THROUGH

PREDICTIVE TRANSFER

Surveys are a key data source in transportation, as well as in an array of other
disciplines; however, as discussed in Chapte¢hey are facing mounting challenges that
may threaten their viability and lorigrm sustainability for providing critical farmation
on which analysts have long depended to forecast future trends and make policy decisions.
Approaches for integrating and/or enriching survey datasets with other surveys can expand
the information available for forecasting efforts without genegatidditional burden upon

survey respondents. This chapter provides:

1. an overview of methods that have been used in transportation for enriching survey
datasets;

2. a detailed presentation of the transfer learning approach, a method that allows
analysts to usadvanced algorithms and passive, big datasets to improve the quality
and thus, value, of survey enrichment efforts; and

3. a stepby-step application of the transfer learning approach to bring attitudinal
variables into the NHTS (in Chapt®rthe results othe application are externally

validated).

By demonstrating a systematic approach to investigating a scalable, advanced survey
enrichment approach, the intent is to provide a prototype that can be used by analysts

seeking to enrich survey datasets wisttiues from other sources.
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The work detailed in this chapter is from the following paper, which is currently in

preparation:

Shaw, F. A., Wang, X., Maoaknhtparreipaasryaa Hloank | Wa
request frAomrawmtehon)hf og enrvey dataset
and machine |l earning, with an applicat

acr oss transport surveys.

3.1 Abstract

Declining survey response rates make it increasingly critical for survey designers
across disciplines to utilize mechanisms that facilitate timesaving and reduce the burden
on the part of respondents. In practice, this often means that questionnairestaresd,
yielding increased response rates but reduced information/variables available for modeling
and forecasting purposes. Here, this challenge is addressed by making use of data driven
approaches like machine learning, within the context of the sagidiwing big data
landscape, to develop and apply a predictive transfer leabaisgd framework for
enriching surveys with information from other survey datasets, thereby expanding the
amount of information available for use. The framework is demongtbgtapplying it to
supplement and enrich the U.S. National Household Travel Survey (NHTS) with
psychometric data (e.g., attitudes, preferences), which have been shown in the literature to
have the ability to explain and predict behaviors, but which aen afot captured on
household travel surveys. Using the framework presented, it is shown that it is possible to
train algorithms that can explain up to 25% of the variance in observed attitudes, yielding
correlations of up to 0.5 between observed and giedlattitudinal variables. Applications
of the framework presented in this chapter have the potential to improve travel demand

forecasting and behavioral predictions; and, even more broadly, may be used to enrich
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other largescale behaviebased surveys ith external variables, thereby providing more

diverse and robust data streams for use in an array of modeling efforts.

Keywords data fusion; imputation; machine learning; household travel survey;
transportation survey; travel demand modeling; consuner tiageted marketing data;

attitudes; attitudinal constructs; psychometric variables

3.2 Introduction

Evidence confirms that survey response rates have been falling steadily for over
half a century, and researchers agree that the field may be converging upon a critical point
at which the validity of survey findings is increasingly called into questionr(i&oh
Raghunathan, 2017; National Research Council, 2013; PTV NuStats, 2011). Theories of
survey response find that respondents fail to complete surveys for a plethora of reasons,
critical among them, increased concerns over intrusions on time and privaggef
Boyer, & Martinelli, 2006) . As demands up:
Soci al Exchange theory of survey response
of response time is decreasing (Dillman, Smyth, & Christian, 2014). Thigsorted by
empirical evidence showing that collective attention span is decreasing due to an overload
of content that exhausts attention resources (LeBgmeen, Mgnsted, Hovel, and
Lehmann, 2019). Accordingly, it is increasingly important to atterdftots that facilitate
timesaving and reduce the burden on the part of respondents. This has resulted in
widespread efforts by survey designers to reduce the lengths of survey questionnaires,
thereby improving response and completion rates but simultslyeeaucing the amount

of information obtained.
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The implications of reducing survey length are particularly pertinent within fields
like transportation, where engineers and planners depend upefolom¢gravel diary and
survey data to forecast evolvingrastructure needs. As mentioned, the poor performance
of travel demand forecasting models is well documented (Bain, 2009; Hartgen, 2013;
Nicolaisen & Driscoll, 2014; Parthasarathi & Levinson, 2010; Voulgaris, 2019; Welde &
Odeck, 2011), with current mets often operating at less than 10% explanatory power and
requiring subjective alterations to improve performance. Such poor model performance is
partially attributable to the lack of diverse variables such as attitudes, preferences,
perceptions, social nad personal values, and other such system user traits (i.e.,
psychometric data) available for use within forecasting models. Furthermore, the
data/variables needed to answer complex research questions are seldom available through
a single survey datasetiy@kumar & Polak, 2009). With the increasing need to shorten
guestionnaires, this lack of availability of diverse variables promises to be a growing

challenge.

Addressing this challenge will necessitate a broad range of approaches centered
around improing data quality and richness. Recent efforts have typically focused on the
use of novel nosurveybased data sources to support transportation modeling (see for
example, Chapte2 of this thesis for a discussion on this subject). However, forecasting
travel behavior still depends on household and individienal survey data, due largely to
the usetverified, selfreported nature of survey responses, alongside their ability to obtain
domainspecific data that often is not (easily) available through ottza streams.
Accordingly, in this chapter, the focus is on developing a flexible framework for expanding

the data available from surveys by enri
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surveys”) with survey variambias(ouesi dér ofn

surveys). In order to maximize all tools available, the framework uses novel, big data
sources alongside data driven machine learning (ML) algorithms; but it is also shown that
the essence of the data transfer framework can bedplen in the absence of these tools

(i.e., within a simpler context).

The remainder of this chapter is organized as follows. It begins by reviewing survey
data enrichment literature, with an emphasis on methods and applications in the transport
domain(Section3.3). Building on this synthesis, a methodological framework for survey
enrichment is presented that represents a core contribution of this chapter ($dgtion
Next, the transfer learning framework is applied to transfer attitudinal variablesaf
small, variablerich researctoriented survey (GDOT Survey) into a larger, nationwide
travel survey (NHTS Survey; Sectiéb). The chapter closes with a discussion of key
takeaways from the framework and application (Se@iénthat is intended tbe helpful
to researchers and practitioners in all domains. Over time, the efforts initialized by this
work are intended to provide more diverse and robust data streams for use in modeling and

forecasting efforts.

3.3 Survey data enrichment methods in the literature

Given that survey data have long been among the most critical of data sources for
transport modeling, it is unsurprising that a plethora of literature in transportaton
applied various methods for enriching and expanding the information abfeone survey
datasets. In general, these enrichne¢fortshave used the following approaches: (1) long

form, repeated or followap survey sampling; (2) data augmentation; and (3) statistical
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methods for integrating survelatasetskigure3.1 summarize the primary methods used

in transportation fodirectly expanding (i.e., bringing new variables) survey datasets. In
addition to these methods, there ather forms of survey data enrichment that allow for
the useof data from other surveys, albeit without directly importing new variables, e.g.,
parameter estimationsing information fromexternal datasetd.ohr and Raghunathan
2017). Theoverview show in Figure3.1 emphasizes survey data enrichment methods that
bring new variables entirely into the recipient datasetshiags the form of enrichment
that is being studied within thishapter For a broder and more exhaustive typology of
data enrichment methods, the readareferredto Zheng (2015)Note that the term data
fusion has been intentionally omitted from this discussion due to its lack of clear definition
and rampant conflation with numeromgthods and purposes across fields (Or a z i o,

Zio, & Scanu, 2006Malokin, 2019;Tsamardinos, Triantafillou, & Lagani, 20112

Before beginning thigliscussion of survey data enrichmeim transportation
readers are remindeithat all dataenrichmentprocedures such as the ones that are
discussed within thichapter,can engender privacy concerns dueirt@olving large
amounts of informatiorat an indiviudal or household scalelowever, since these
procedures inevitably introduce various errors aradds, the information gathered-is

comfortingly, from this light— not always accurate. Nonetheless)algists using

linked/enriched databases should ensure that consent and privacy regulations are followed,

and that all team members are trained in thec&ktthandling and usage of the resulting

datasets.
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Exact or deterministic
record linkage (DRL):
consistent/same B
respondents

Probabilistic record
linkage (PRL) or
imputation: -
varied/ nonaligned
respondents

SURVEY DATA
ENRICHMENT
METHOD

VARIATIONS IN
METHOD

Long-form data
collection

Long-form/repeated
data collection and
augmentation efforts

Follow-up resampling

Panel data collection

Data augmentation
using external
passive or active data
streams

Macro-level

Statistical matching }<::

Micro-level

Predictive transfer
learning

Single/independent
variable imputation

<

Multiple/simultaneous
variable imputation

OUTCOME
Enriched/expanded
survey datasets

Figure 3.1. Overview of survey data enrichment methods for transportation
" This approach is in gy as it does not directly bring new variables itite receiving dataset

3.3.1 Exact or deterministic record linkage across consistent respondents

The most straightforward method for obtaining a wide array of variables for the

samerespondents entails: (1) lofigrm or repeated survey data collection efforts. (

through active data collection) or (2) the augmentation of existing survey datasets with
external variables (i.e., data available through active or passive data collection that occurs
independently of the recipient survdfiat can be accurately altinted to the appropriate
respondents As shownin Figure 3.1, these approacheare classifiedas exact or
deterministic record linkage (DRL; terminokpdgrom Newcombe et al., 1959; Winkler,
1999;Lohr & Raghunathan, 20),7as they allow for the linkage of records using a set of

characteristics that are believed to uniquely identify individ(iads, the same entities)

64



however, this does not mean that there are no linkage errors as even reported hames can
vary across datass (e.g.Bob, Robert, Rob). Traditionally, this group/class of approaches

has been the most relied upon by transport survey designers as they do not require
knowledge or use of various statistical methodologies/programs. Unfortun@&l,
methods faceignificant and growing challenges with regards to response rates, survey
implementation procedures, and recruitment/data acquisition(étisgsinger et al., 2020;

Lohr & Raghunathan, 2017)

Firstly, obtaining longform, active datasets involve the directlection of a large
amount of information from the same respondents, either simultaneously, via adpllow
survey, or with the use of a longitudinal panel. To clarify, the téoffow-up survey here
refers to respondents who are recruited from piagesurveys; that is, respondents who
completed an initial survey and agreed to be contacted again for future surveys. This differs
from longitudinal panels, as followp surveys tend to be conducted by independent
research teams with different questiomesj while the goal of longitudinal panels is
typically (though, not always) to collect the same variables from the same respondents
across time. As mentioned, thésan array of challenges associated with these approaches.
Notably, longer, more detailesurveys have lower response rates while follggvand
panel surveys can yield high attrition rates and unrepresentative samples (Adriaan & Jacco,
2009; Amarov & Renatel, 2013; Couper, 2007; Wablgaw, Mokhtarian, & Watkinsn
preparation). These challges can make it extremely difficult and/or cost prohibitive to
obtain reliable and varied datasets across the same individuals using survey sampling

methods.
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Meanwhile, the fourth variation of this method (as showikigure 3.1) — data
augmentation using external (active or passive) datasets for respondents on whom survey
data is available holds its own challenges. Firstly, it is all but impossiblértd multiple
active datasets on the same respondent, unless that respondent is part of a panel or is
recruited through followup sampling as discussed in the prior approaches. With regard to
obtaining external passive datasets, there are often privasyraiots that make it difficult
to obtain passive data onspecificindividual, making it necessary to rely on the use of
statistical methods such as the next two methods discussed (i.e., statistical matching and
predictivetransfer learning)When itis possible to purchase external, passive datasets for
specific survey respondenas in the case of Chapt&y), there are further challenges
involved in data integration and use. These can range from incomplete external datasets

(i.e., extensive missing tH to inaccurate/outf-date variable values (Shaw et al., 2020).

Methodologically the DRL class of approachgahich entails obtaining rich data
across the same respondernss attractive because it bypasses many of the statistical
assumptions and errors present when merging disparate datasets as isftraleasext
two survey data enrichment methods discugs&gsinger et al., 2020However, in light
of the significamand growing challenges associated with these DRL approaches, it is clear
that analystsmay have to increasingly turn tprobabilistic record linkage PRL)

approaches such as those discussed next for reliably obtaining rich, diverse datasets.

3.3.2 Statisticd matching

The most widely used survey integration method in transportation is statistical

matching, a stochastic/probabilistic procedure that merges disparate datasets using
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distancebased measures that capture the similarity between cases based omone or
common variables that are present in all the datasets being merged. Like the survey
enrichment methods discussed in the previous sectiomrables being transferréa the
statistical matching process are still observed, but not observed feosartie individual.

Instead, these enrichiidnsferredsariables are borrowed from a different individual who
share some similarities based sglectedcommon variables available between datasets.

As shown inFigure 3.1, statistical matching has two primary approaches. The first is the
macro approach, and entails using the data present in both datasets to derive estimates of
parameters of the joint didhtition of the uniqgue and common variables (e.g., correlation
coefficients or contingency tables). This approach is showrejnigFigure3.1 as it des

not directly bring new variables into the receiving dataset. The second statistical matching
approach isermedthe micro approagland involves the creation of a new synthetic dataset

that comprisesall unique and common variables across all dataseiisgbmerged

(D" Orazi o, 2017; Kondur i ,-Digks201lp lzobr,& Sana,

Raghunathan, 2017; Miller & Axhausen, 2014)

Statistical matching is often applied by transportation researchers to answer
research questions that may require data from multiple sudeys, some examples of
such applications are providdgor example, Sivakumar & Polak (2009) sought to study
the elationship between leisure activity participation and household technology holdings;
and to do so, needed to combine the UK National Travel Survey (NTS) with the UK Time
Use Survey (TUS). NTS provided transport related data regardirgf-boime activity
locations or the choice of mode when travelling toaitihome activities, while the TUS

provided details regarding technology holdings and time spent-bone and oubf-
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home leisure activities. The study used both statistical matching and transfemgear
methods, with the statistical learning approach usingaadcluster sampling to integrate

the surveys. In atioc cluster sampling, clusters were created in the TUS datasets using
variables common to both NTS and TUS. For each respondent in NTSjanrarJS
respondent from the same cluster is selected, and their technology variables are assigned
to the receiving NTS respondent. Similarly, Pawlak et al. (2013) sought to study the
relationship between digital behavior and physical mobility and ukedk-nearest
neighbormethodto match cases between travel diary and lifestyle datasets. In addition to
such applications, statistical matchimgs also ben used to supplement population
generation methods in transportation, i.e., to bring additional vesiabto synthetic

populations Muller & Axhausen, 2014)

Statistical matching has several benefits. Firstly, it is apsyametric approach
which means that the resulting dataset is not affected by distributional assumptions of an
algorithm. In additionthe method allows for the easy transfer of multiple variables
simultaneously as the entire record for each respondent can be transferred from the donor
sample. As a result, statistical mat chi ng

avoidingic oher enci es” (,p & Sdpata, 208p.4dl ., 2013

Among the most substantialchallenges facing statistical matching are the
assumptions that must be made about the comparability of the datasets being integrated
well as the conditional olependence assumption which requires the common variables to
explain all of the association between unique variables in the donor and recipient datasets
(or, put another way, the occurrence of the unique variables must be independent of each

other, conditboned on the common variableB;Orazio et al.,, 2006 Both of these
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assumptions are very difficult to meet, with the latter being almost impossible to verify
(due to the absence of a dataset that includes both sets of unique variables as well as the
commonvariables). In addition, another significant challenge lies in the relevance of the
common variables being used to join the datasets relative to the unique variables. For
example, if the common variables being used to join datasets are age and geoder and

of the unique variables (in one of the datasets) is attitude toward working, it is not
justifiable to assume that all women in a certain age range would have similar attitudes
toward working, as variables like personality and educationatsayplay inportant roles

in determining workoriented attitudes. Further exacerbating this challenge is the fact that

it is not possible to judge the performance of the matching process since typical goodness
of-fit measures cannot be obtained; however, to counterribte that internal validation

can provide avenues for evaluating the differences in transferred variable distributions and
relationships with other variables between the fused and donor datasets. Lastly, statistical
matching may underestimate the vhiiig&y present in the data (e.g., by using some donor
cases more than others) which can result in increased Type 1 errors, a challenge that may
be mitigated by the introduction of randomness in the imputation (Pawlak et al., 2013;

Rubin, 1987).

3.3.3 Predictivetransfer learning

Transfer learning is, to our knowledge, the enrichment method that is least
explicitly discussed in theansportliterature and represents the underlying approach that
informs the framework presented and applied in¢hegpter(Section3.4). At its core this
method involves theredictivetransfer orpredictiveimputation of variables from one

dataset (donor dataset) to another (recipient dataset), using the common variables present
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in both datasets as the explanatory variables anrest This method is commonly applied
within the domain of computer science, and particularly, its subdomains of artificial
intelligence and machine learning (Pan & Yang, 2010; Tsamardinals,2012; Zheng,

2015). Further, across a broad swath of dis@g, the transfer learning method has been
used as a missing data imputation metiabin datasets. Thus, the use of transfer learning

is not new; howeverto our knowledgethere has not been a systematic framework
presented for its application withitmansportationor urban planningwhich prevents
critical cross domain linkages between transportation and computer science that could
benefit data enrichment efforts in transportatidncordingly, this sectioffocuseson a
summary of the method and itpmications as detailed in the literature, with a more

technical discussion of transfer learning present&kition3.4.

3.3.3.1 Terminology

To help establish clarity in terminology, some of the terms usedjime3.1 and/or
the literatureare briefly discussed e r e . The teamnifbhganefeginat
computer science field and is an umbrella term for data fusion that involves the transfer of
knowledge from a source domain to a target domain. Thus, the technical definition of
transfer learning can theoretically encompass both deterministic record linkage and
statistical matching as well as the application under discussion. However, in thef case
this chapter and whais hopeal will be a precedent for its use in our disciplinthe term
is usedto explicitly refer to a suinstance of transfer learning that is more common and
applicable within transport aarinoinn g ”n awnheilcyh, I
transfer of information amongst datasets with different feature spaces (Zheng, 2015). To

“

help cement the more specific definition intended in this figldt e r m prisedi cti
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includedpri or to “transf er itliseaBasewithatPawlak, Palak,t r an s
and Sivakumar (2013) wuse the term “implici

and the term parametric, explicit imputat
with the use of parametrimodels(we note that transfer learning can also occur with
nonparametric models as shown in SecBdmof this chapter) As shown inFigure3.1,

both statisttal matching and predictive transfer learning are considered data imputation

approaches, and accordingly both of these approaches are grouped within the probabilistic

record linkage or imputation domain.

3.3.3.2 Variations in method

There are two main avenues Y@arying thepredictivetransfer learning method (see
Figure3.1) that are relevant within the transport field (with many other avenues detailed in
computer science (Zheng, 2015)). These include the transfesingfe variables
independentlyor the transfe of multiple variables simultaneously. In thikapter the
focusis on the independent/single variable transfer learning process, examining parameters
that can be varied within this process. The developed framework and parameter changes
for single variake transfer can be applied by transportation analysts seeking to use
simultaneous or multiple variable transfer learning. The two major groups of parameters
that can be varied when developing a transfer learning framework include the common
variablesand agorithms used to transfer the variables. In thaptey both basic linear
models as well as ML algorithnase examinedTransfer learning algorithms used in the
transport | iterature include regression an:t

Bayesian conditional probability moddEisenmann & Kuhnimhof, 201&ivakumar &
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Polak, 2009; Sivakumar & Polak, 2018ommonvariables and transfer algorithrase

discussedhn greater detail in Sectiords4 and3.5.

3.3.3.3 Applications in transportation

As in the case of statistical matching, transfer learning is typically used in
transportation applications when the information needed to address a research question is
not easily available from one data source. However, within the transport literature, the
transfer learning method is often not the focus of the research and so clear details regarding
the dateenrichmenprocess are seldom presented. As noted in SE&BoP Sivakumar &

Polak (2009) used both statistical matching and transfer learning metlihde transfer
learning approach using Bayesian models to integrate the NTS and TUS surveys. In another
example of transfer learning, Eisenmann and Kuhnimhof (2018) aimed to study the
relationship between the costs of car ownership and travel behantito do so used

linear regression models to bring costs from the German vehicle cost database into the
German national travel survey. However, in neither of these studies were consistent terms
used for the transfer process, a problem ¢icatirs througbut transportation and which
canmake it difficult to locate papers in the literature that have uagdnts of predictive
imputation methodgo integrate datasets transportation A more exhaustive and

systematic review paper on this subject would bigaificant contribution to the field.

3.3.3.4 Benefits and disadvantages

A benefit of the transfer learning approach is that various goodiidgstatistics
can beeasily obtainedo measure the performance of the transfer mopddienefit that is

not possible with the statistical matching appro@éwlak et al., 2013). Further, as will
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be shown, it is possible to improve the transfer learning process with the use of augmented
common variables for the recipient and donor dasa@hrived using external datasets);
meanwhile increasing the number of common varialdesultaneously useith statistical
matching can often lead to reductionsnimmber of matchable cases (as more common
variables may increase the likelihood of nonrhattcases)rhisobservation is logical and

was also confirmedhroughinternal validation exercises by our research team, during
which we found thatransfer learning outperforms statistical matchimghe application

that is shown in this chapter (Sexti3.5). This work is forthcoming and will serve as a

complement to the work detailed within tlsisapter.

There are several statistical drawbacks that can arise when using transfer learning
to enrich survey datasefarstly, the donor and recipient datasets should be from the same
population; however, even in this case, different sampling and measuremestagiato
uncertainties are present. In addition, as in the case of statistical matbkimgmmon
variables present between the disparate datasets are of course imperfect predictors for the
variables being transferred (i.e., they cannot explain all thenae present in the transfer
variable) a fact that can result in poor transfer performance and/or large errors in the
imputed variablesFurther, the error terms fdhe donor dataset, recipient dataset, and
imputedvariablesmay havedifferent scalg/distributiors, an outcome that can potentially
affect future modeling efforté€Sivakumar & Polak, 2013). This latter limitation is often
one reason that multiple imputation (Ml) is recommended in such @ased&ecause the
MI estimator seeks to quantifipe effects of measurement uncertaintiés)addition, the
use of parametric algorithms for the transfer process (e.g., linear regression) can result in

undesirable distributions or other statistical phenomena present when using the merged
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dataset. Lastlythe use of transfer learning independently for a set of varigbtes
imputing one variable at a timean result in betweewariable inconsistencies (Pawlak et
al., 2013), which encourages the further exploration of multiple/simultaneous variable

trarsfer/imputation.

3.4 Transfer-learning framework

The following subsections provide a technical overview of the trads@aning
based framework for transferring variables across datasets, followed by a practical
overview of the components of the framework.ekplained, this framework can be used
to enrich survey datasets with variables from other surveys, thereby eliminating the need
to ask these questions on the recipient survey itself. In addition, this framework can
facilitate the integration of difficilto-capture variables, as well as aftdomain
variables, thereby expanding the amount of information available for modeling/forecasting

applications.

3.4.1 Overview of methodology

Figure 3.2 summarizes the methodological process of this study using the
framework developed iPan & Yang (201Q)and first applied within a similar research
context byMalokin (2019) In the terminology used heredataset©O, comprises full p-
dimensional spach (subspaces of which are representeddpwrnd a fullg-dimensional
space+ (subspaces of which are representedidySpecifically, the donor dataset is
represented b® , which is defined as thetsef output variableshiat are of interest to be
transferred , plus the set ofemainingvariablesin the donor dataseny .The donor

dataset inpuvariables to be used as part of the algorithm training process represent the
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common variables between donor and recipient data@ejsand thus constitute a subset

of the total available variablegith the exception of the transfer/output varial{i@s). In
parallel, the recipient data sourc® , is defined holistically akaving aset of total
availablevariables n , and the recipient dataset input variables that are common to the
donor and recipient datasets are denoted addditional \ariables and @ , represent
variables unique to thdonor andecipient dataseespectivelyi.e., not present in thather
dataset)but which are not used in the transfer proc&gen these definitions, a learning
function™QQ is developedhat learns to predicb based onb , and therthis functionis
appliedto @ to predict . Thus, ="Q @ - ,and® "Q & ,where the learning

function™Q is invariant between the donor and recipient domains.

Donor Dataset (Dp) Recipient Dataset (Dp) Enriched Dataset

Tp = {¥p, fp (Xp)}
g = {?R'fD(X}rE)}
Xl e + x| B = xxid | n

Figure 3.2. Methodological overview of study process
Source: Derived from van der Putten et al. (2002) and Mal(#0i9)

Within the transfer learning framework, there are basic assumptions or
requirements that are used to assess transfer compatibility between the donor and recipient
datasets. Firstly, the datasets are advised to have similar spatial and temporal characteristics
in an effort to minimize their differences on unobserved attriblest, the common
variables between the donor and recipient datasetsad & ) are expected to have

consistent definitions, measurements, and distributions. Accordingly, common variables
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should be aligned with regard to variable categories artgl ohmeasurement. Procedures

to adjust the distributions (e.g., weighting and sampling) may also be examined, but
ultimately, the intent is to make the best effort to address dataset differences while
acknowledging that the act of fusing disparate dateces inherently means that there will

be both observable and unobservable sources of differences between datasets, some of
which will be addressable while others are not. The ultimate objective is to assess whether
or not the transferred data, in all tf imperfection, is still ultimately useful in the intended
application— whether that is by bringing additional insight or by improving forecasting

efforts, or both.

3.4.2 Components of transfer process

As shownin the preceding sectionthe theory behind trafer learning is
straightforward;however, the execution can be complicated, depending on the datasets
being used and parameters that the analyst chooses to vary. In some instances, a simple and
clear path forward may be preferred; while in other casesrthlyst may wish to examine
performance differences resulting from a wide combination of different parametess.
chapter providea detailed overview aghany ofthe various parameters that can be adjusted
should the analysts have the available datd/aanresources to do sdrigure 3.3
summarizes the three primary components of the transfer process and provides examples
of adjustable parameters for each of the components. These components are: (1) the
variables to be trangied; (2) the algorithms (also known as functions or models) that are
trained to predict the transfer variables; and (3) the featuresgtanatoryariables) that
represent inputs into the transfer algorittitachof these three componeraee discussed

independently in the following subsections.
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Transfer / Training Features /
dependent algorithms independent
variables / functions variables

» Variable form/ » Varied algorithms Dataset sources
transformation » Hyperparameter » Pre-processing

» Dimension reduction tuning * Dimension
and/or latent variable » Traming/test set reduction
identification sizes » Basis expansion
methods » Performance metrics

Figure 3.3. Overview of components and sample parameters in transfer process

3.4.2.1 Transfer/dependent variables

As the core goal of the transfer methodology is tastier variables of interest from
one dataset to another, it stands to reason that the transfer variables are the most important
component that should be examined in ddiaite that forconsistency, throughout the
remainder of thichaptey t he & & em Vieuwusadahen referring to variables
that are to be transferred across datas€spending on théransfervariable type(s),
analysts may alter the variable so that the variable form that is most accurately transferred
is the one selectedrfaise during the process. For example, when transferring categorical
variables, combining or separating various categories may result in improvements in
transfer accuracy. Alternatively, depending on the algorithm being used to transfer the
variable, it m& be that linear/nonlinear transformations of the transfer variables result in
improvements in transfer accuracy. Thus, as can be seen, determining the best version of a
transfer variable is analogous to the approach taken when modeling any dependaat varia

of interest.
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In addition, analysts may choose to use dimension reduction approaches to transfer
linear/nonlinear combinations of transfer variables. Similarly, if the variables are
psychometric in nature, latent variable identification methods mayséeeé to transform
indicator variables into latent, continuous variables. In these cases, various dimension
reduction or variable identification methods can be tested; examples include cluster
analysis, principal components analysis (PCA), exploratoryorfamalysis (EFA), and
confirmatory factor analysis (CFA). Further, different numbers of constructs or clusters
could be extracted to represent the final variables to be transferred. Alternatively, analysts
may choose to transfer the discrete indicatoiaées first and then apply the reduction or
identification methods after the transfer. Thitiss sea that many different forms of the
transfer variables can be examined to ensure that the best path possible is chosen during

the process.

3.4.2.2 Features/indepmlent variables

Having introduced some background on selecting the best form of the transfer
variablesthis sectiorturns now to the process of selecting the independent variables (or
features, as they are more commonly known inrMhedomain) that are inputted into the
training algorithm to model/predict the transfer variables. For consistency in terminology,
the term features or “ ( n a tare usedoaafeg tmehist e d )
component for the remainder of ttieapter The features used in the transfer proceast
be variables that are common to both the donor and recipient dataessmeans they
must be present for all cases in both data3étsse variables may fall into two categories:

nativecommon variables augmentedtommon variables.
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Native common variables exist initially in both datasets and they tend to be
socioeconomic and demographic (SED) variables as those are commonly present in most
surveys. Often, native common variable categories must be atjprstierecoded across
sources to become compatible for use in the transfer process. Augmented common
variables are obtained from external active or passive datasets muodtbe appended to
both the donor and recipient datasets. These external dataseétsenable to be joined to
the donor and recipient datasets at the individual, household, or geographic level; as such,
identifiers at one of these levels must be present across the dégtetscal matching
techniques may be needed at this stage &bclmidentifiers but note that this may
increase/compound the error in the subsequent transfer learning protesaumber of
augmentationdatasets used to provide features during the variable transfer process
significantly affects the complexity of theansfer procesd he remainder of this section
detailsthe steps that must be taken to process the datasets from which augmented common

variables are obtained.

Firstly, the external datasets from which the features (i.e., feature datasets) are
derived may requirepre-processng, a critical stage thahcludescleaning, validating, and
integrating the feature datasets with the recipient and donor datasets. The dataset
integration process can be methodologically complexasnabtedmay require some use
of statistical matching techniques (Shaw et al., under review). Next, the key common
variables that will be used from each feature dataset should be examined for missing data,
and decisions regarding data imputation or removal may be established. Following th
variables that violate prepecified correlatioe.g., nearly equal to 1 with other variables)

and variance thresholds.g., nearly 03hould be removed from the feature sets, as this can

79



adversely affect thperformance of théransfer algorithms. Ae selection of correlation
and variance thresholds may require experimentation and iteration before converging on

the best thresholds for a set of features.

Following the preprocessing stage, analysts should then examine the performance
of each subseftfdeatures and perform dimension reduction as needed. The latter step may
only be necessary if the number of features is significantly larger than the number of
observations, an occurrence that is often referred to as the curse of dimensionality. In
essene, whenthere aréoo many features or dimensions, it becomes increasingly difficult
to find patterns inthe observations as the distances between observations begin to appear
eqgual (Yiu, 2019a) In addition to the curse of dimensionality, the procesdimg bf the
transfer process can increase significantly as the number of features increase. Accordingly,
dimensionality reductiois usedto find the underlying trends or dimensions in the data,
and to thereby combine the variables that constitute themkstdeence projecting the data
onto a lower dimensional spacéy, 2019b) There are many methods and approaches for
performing dimension reduction, and analysts may examine multiple approaches to

determine the best one for their variable transfer process

There are further steps that can be taken to expand the feature set and improve the
transfer performance. One sustepis basis expansion, a process that allows for the
augmentation ofeatureswith various transformations (e.g., polynomial and inteoac
terms, natural cubic splineshereby allowing for nofinearity in therelationship between
input and output variablg¢but expanding the number of featudeamatically-for natural
cubic splines, the expansion would be by a factor of three ésethariables alone, not

counting possible interaction terms and other transformatiéteep in mind that after
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basis expansion, dimension reduction may again be needed to keep the features at a

reasonable number.

Accordingly,it can besea that as withthe transfer variables, there are numerous
factors that can be varied during the selection of the features used during the transfer
process. Depending on the number of feature datasets usedratthns explorede.g.,
exploring a range of variance/cdaton thresholds or missing data imputation
approaches), this component of the transfer process can be the most time consuming and

resource intensive, as was the case in the application that is showrcimaghtisr

3.4.2.3 Algorithms/functions/models and perfbance metrics

The third component of the transfer processthe algorithms used to transfer the
variables across datasets, and their subsequent performance metrics. For consistency, the
term (transfer)algorithmsare usedo refer to transfer functions/predictive models for the

remainder of thehapter

Transferalgorithms can be either parametric or nonparametric in nature, and as
before, analysts may wish to examine several before selecting the choice that yields the
highest performance. In thisesis both types of algorithmere usedo provide an example
of possible explorations that can be taken. The form of the transfer variable also determines
the algorithms that can be tested, with discrete transfer variables requiring classification
algorithms or discrete choice models (eagdered logit models) and wbnuous transfer
variables requiring regression algorithnkgsirther, as expected, the type of (i.e., single
versus multioutcome) algorithms used will depend on whether the transfer variables are

being transferred simultaneously or independently. Simedtasi or multoutcome
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algorithms facilitate intevariable consistency, while independently developed algorithms
(i.e., the type used in this chapter) facilitate optimization of performance for each transfer

variable.

As will be shown in the application @led in SectiorB.5 of this chapter, there is
a focus on supervised ML as the tool of choice for the transfer algorithms (for more
information on ML, see: Hastie, Tibshirani, & Friedman, 2016; Bishop, 2006). This is
because ML algorithms are able to aptie predictive performance using a large number
of inputs or features with an eye toward replicability within other datasets (i.e., through the
use of regularization parameters). In addition to these powerful characteristics, many ML
algorithms are alsoamparametric, meaning that they do not make any assumptions about
the input data and their resulting predictions are not constrained by distributional
assumptionsRawlak et al.2013) Three possible ways of grouping ML algorithms are
gradient descertiaged algorithms (e.g., elastic net, lasso, ridge regression), didtased
algorithms (e.g., support vector machine (SVMipdarest neighbor (kNN), and trbased
algorithms (e.g., random forest (RF), extreme gradient boosting (XGB)). While ML
algorithmsare considered the best tool of choice for transfer learning, it is possible that
traditional regression and choibased algorithms will perform wedinough depending on
the dataset and features; and further, lack of familiarity with ML should not peeclud

analysts from applying this framework with simpler algorithms.

In addition to exploring various algorithms, parameters witiie algorithm
development and execution procesan also be varied. For example, if using ML
algorithms, the hyperparametersttbanstrairthose algorithms can either be set to default

values, or alternatively can be tuned using various approachedigegent methods of
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cross validation: Hold, leaveoneout; various methods of parameter testing: random
search, discrete gridearch continuous tuningetc) to yield potentially better results.
Hyperparametengary across algorithms amge used to control trepecific instance of the

ML algorithm being appliedfor example, this might look like a parameter that penalizes
high coefficients in acertain algorithm (as in the case of the regularization parameters in
elastic net regressioryleanwhile,in this contextcross validatiorapproacheareused to
divide the datasen various ways sas to tesvarioushyperparameter Waes on different
slices of the datalastly, the different approaches for testing combinations of
hyperparameterare discussed her&pecifically, random search tuning selects random
combinations of hyperparameters to test from the provided values gsillikearch tuning
performs an exhaustive test of every parameter combination. Continuous tuning tests

parameters selected framngesof values provided to the algorithm.

There are also additional feature preprocessing steps that are needed by some ML
algorithms. For example, if the input features have vastly different ranges, graelseent
(e.g., lasso regression, elastic net regression) and didiased algorithms (e.g., support
vector machine and-kearest neighbor) may require the feature seb® toormalized or
standardized. The choice of normalization or standardization depends on assumptions or
knowledge regarding the expected distribution of each feaBihan@ari, 202D In
addition,for both ML and traditional modeling algorithmsis considered best practice to
train the algorithms on a portion of the data (training sample/set), and then test them on the
remainder (test sample/sethisis known as the training/test split and viagythis ratio

can influence the final performance. For more information on why training and test sets
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should be used during all modeling exerciges, not just for ML algorithms}kegParady,

Ory, & Walker, 2021 Walker, Vij, and Brathwaite2019).

Furthermore, depending on the algorithms chosen for comparison, various
performance metrics can be used to compare the relative performance of each subset of
parameters used. Examples of such metrics include coefficient of determination
(parametric modelonly), mean squared errors (continuous transfer variables only),
misclassification error (discrete transfer variables only), and correlations between
predicted and observed transfer variable values (a statistical metric). Thevadeesage
of other mérics that can be used in the evaluation of transfer algorithms, and aagysts
encouragetb explore these, as various metrics may be better suited to different application

contexts (Minaee, 2019).

There is a significant amount of literature in tram&goon and other disciplines on
algorithmic comparisonée.g., between traditional models and ML algorithms, between
various ML algorithms, etc.)The results argenerallymixed with some studies reporting
that ML algorithms have superior predictive foemance (> 5%), while others find that
ML algorithms perform at morer-less the same (+56% change in predictive accuracy or
variance explained) or lower levels (< 5%), relative to traditional modeling approaches.
Conceptually, there are numerous reasary algorithmic comparisonsnight differ,
including differences in: outcomes being predicted, number and types of
features/predictors, predictor preprocessing/selection, hyperparameter tuning and
selection, cross validation, and differences in compamsetrics used. Support for this
can also be found in the literature, with a select group of comparison studies showing that

adjusting one or more of the preceding factors can affect the overall final performance of
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various algorithms (Feng et al., 2019; rekhoffs, Hoek, Portengen, Brunekreef, &

Vermeulen, 2019; Wang & Ross, 2018).

Thus, in closing, the process of choosing transfer algorithms and selecting optimal
parameters can impact the results observed; however, the test of performance will lie in the
usefulness of the transferred variables within the respective field of study. Accordingly,
many applications may not need copious experimentation with multiple algorithms and

their parameters, as a simple transfer process may suffice.

3.4.3 Integrating across@mponents: transfer variables, features, and algorithms

As one mighbe able tascertain at this pointhe process of determining the best
parameters across all three components of the transfer process is somewhat circular in
nature as the analyst hasstmultaneously explore parameters that can change within each
of the three components of the transfer process in order to select starting points for
comparison within each component. Accordingpigsed on experience, itrscommendd
to first conduct sora exploratoryinvestigations- initially randomlyvarying the transfer
variables and feature subsets for different algorithms and aiming to get a sense of which
algorithm performs best in generat a default level (i.e., keeping all algorithm
hyperparametrs at the default/recommended valeamost programming environments
have these values already programmed and/or have documentation about what the values

are)

Once a tentatively superior algorithm is selected from this initial exploratory
process, we mmmend varying the parameters for the transfer variables and determining

the form of the transfer variables with the best performance for the chosen algorithm. After
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this, the parameters for the features should be varied and the best performing satesf fea
selected. Lastly, the final sets of transfer variables and features can be systematically
compared across the chosen algorithms to confirm that the first superior algorithm still
stands.At this stage, the analyst may choose to optimize the algajttesting a wide

range of hyperparameter tuning and cross validation approd@hesnight imagine that

in the event that another algorithm emerges as better, the analyst could choose to iterate
once more through the proces®ginning with the transferaviables and moving to the
feature setsThe order of approach suggested here is of course flexible and analysts should

experiment within the context of their specific applications.

3.5 Transfer-learning application

Having providedan understanding dofie paameters that can be varied within each
of the three main components of the transfer process, we turn ramvapplication of the

transfer framework.

3.5.1 Overview of application

We apply the method and process discussed in Se8tibio develop algorithms
(i.,e.,”Q in Equationl and Equatior2 at the end of this sectipthat allow for the transfer
of attitudinal variables from the GDOT Survey(ar surveyinto the NHTSGeorgia sub
sample (ecipient survey)Detailed information regarding the NHTS and GDOT datasets
can be found in Sectich3 of this thesis. As a brief refresher, the NHTS dataset contains
individual and householdevel travel lehavior data collected for all 50 states, although
the subset used in this thesis is only for the state of Georgia. The NHTS lacks psychometric

values that may lend additional insight and improvement in transport forecasting and
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planning applications. Mearhile, the GDOT survey dataset is a reseamcéanted
statewide transportation survey that obtained a wide array of attitudinal data. The goal of
the application of this study is to enrich the NHTS dataset with attitudinal data from the

GDOT survey.

First, it is necessary to discuss the conditions/assumptions that the framework
imposes upon the datasets (see Se&iéri). The first major condition encourages spatial
and temporal alignment to the greatest extent possible so as to minimize differences in
unobserved attributes. The NHTS and GDOT survey were both collected in the state of
Georgia in the same general time frame of 2016 to 2018, a fortuitous occurrence that is
admittedly difficult to obtain for disparate survey datasets. Next, it is impodagetta
sense of how similar the datasets are with respect to the distributions of the common
variables and/or key sociodemographic attributes. The marginal distributions of the SED
common variables that are native to both surveys are shown in TableAppendix C.

Both through visual inspection as well as through significance testing, differences in
distributions are found to be small to medium, and as such measures to mitigate these
differences are not taken. Furthermore, given that the common vajaue is augmented

with (literally) thousands of additional common variables, it is plausible to expect that
differences between the common variable distributions are controlled for via the large

number of variables also present in the transfer algorithms.

As mentioned in the preceding paragrapbth the GDOT and NHTS survey
samples used in this applicatitvave been augmenteudth external data sources: (1)
targeted marketing (TM) variables that are purchased for all respondents from a

commercial data cuopiler/provider; (2) transit service variables purchased from
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All Transi t ™ and (3) |l and use (LU) vari ab
locations and derived from fivygeear American Community Survey (ACS) estimates and

the Environmental Protdon Agency Smart Location Database (EPA SLBgckground

details on the TM data used in this chapter can be found throughout Chagtdrmore
specifically in Sectior2.5.1 The EPA SLD, created in 2013, is a dataset based almost
entirely on Census and@$ data that was developed by the EPA Smart Growth program

to provide a data resource that could be used to examine location effidramogdy &

Bell, 2014) The ACS, conducted by the U.S. Census Bureau, is a yearly ongoing survey

that was designed to amgnt the Census by providing additional information on smaller
samples. The ACS data used in this study represents the five yeaR@DAACS

estimates (i.e., aggregated across that time; U.S. Census Bureau, 2020). Thé r ansi t ™
data is aggregated fro@eneral Transit Feed Specification (GTFS) data by the Center for
Neighborhood Technology (CNT), and captures transit connectivity, access, and frequency

(Center for Neighborhood Technology, 2019).

To provide context for the applicatiom Figure 3.4 and Equationd and2, we
show applicatiorspecific versions of the transfer learning equations and process shown in
Figure 3.2. We emphasize that while augmented commaariades may improve the
transfer performance, it is not necessary to augment the datasdte arathsfetearning
process could proceed with just the presence of the native common vakiéblagsent
the results of the applicatidrom the perspectiveof both examining the performance of
the attitudinal variable transfer process while also providing a detailed sample application
and discussioof the transfer learning framework. For the purposes ofctiepter since

we are varying and comparing a multikudf parameters across all three components of
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the transfer process, we use correlations between the observed and predictedfattitudes
the donor dataset as thely performance metrias it is easily comprehensible which aids

in simplifying the many pameter comparisons that are shof#s.before mentioned, we
recommend that researchers examine all applicable metrics, and select the one that best
summarizes the intended information and trends that are pertinent to the research question

at hand.
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Figure 3.4. Application-specific transfer learning framework

3.5.2 Attitudinal transfer variables

In this application, the original transfer variabtemsist of 3aiscrete attitudinal

indicator variables with a fivpaint ordinalr at i n g

t o “ St r o(Sgd Tablea2gnr ApperidixC for attitudinal indicators/statements in
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constructs which r@ continuous variables developed using these discrete indicator
variables (Malokin2019. Figure 3.5 illustrates datentattitudinal construct used in this
study aml its indicator statementShesdatent attitudinal constructs (i.e., now our transfer
variables)are transferreindependently of each other, issthe recommended approach
when aimingto obtain the best possible result for each transfer variable. $iece
methodology for developing latent constructs is outside the scope dhétuterinterested

readersare directedo Stevens (2009) for further explanation.

Attitudinal Statements Attitudinal Construct
Learning how to use new technologies is often frustrating for me. -0.938
I am confident in my ability to use modern technologies.
Figure 3.5. Example of attitudinal indicator statements and corresponding latent
construct

Four different forms of transfer variablese extractedor comparison. First, we
use two different latent structure identification methods: EFA and CFA (Téblen
AppendixC shows bdt EFA and CFA results). Next, we extract both six and fiffieetor
solutions for each methddote that factor and latent construct are interchangeable terms
in this context, and we use them as suchg sixfactor solution was developed based on
initially applying the eigenvalue greater than 1 rule to the extraction sums of squared
loadings, while the fifteeffiactor solution was developed based on applying this same rule
to the initial eigenvalues. These rules represented starting gomisding the final
solution and thereafter interpretability, simple structure, communalities, and factor
correlations were used to develop and tune the final solutions (Stevens, A3£@)are

numerous approaches to determining the number of factors to extraa, taedcase of

91



this study~ our primary goal was to obtain an interpretable solution that had more general
constructs (i.e., the sifactor solution) and an interpretable solution with more specific

constructs (i.e., the fifteefactor solution).

Figure 3.6 provides a graphical comparison of differences in transfer results
obtained acrosthe four transfer variable solutiortested As is conventionalthe factor
names shown on each graph are developed basediaditaorsstatements that have the
highest loadings for these factors (see Tabk in Appendix C). Based on initial
explorations and iterations (see Sectdoh.3, the algorithm used in this section is elastic
net regression with discrete hyperparameters (penalty terms: alpha and lambda) tuned using
grid search. The features used are all of the native common variables, alongside all TM
variables, and the subsetland use variables found to be the overall best choice in Section
3.5.3.2.i.e., the set of variables that accounts for 50% of the variance in the EPA and All
Transit dataset and 50% of the variance in the ACS dataset). These choices were made
during the second round of iteration, once the overall best algorithm and feature subsets
had been determine@verall, we see only modest differences in performance between
EFA and CFA, as well as between the six and fifleetor solutions, although as expected,
this varies by transfer variable. Due to these modest differences, moving forward, the
fifteen-factor transfer variable EFA solution is usedwvhen exploring othecomponents

andparameters in the transfer process.

Lastly, as shown on the graphsere andtiroughout the remainder of the results
section (SectioB.5), the attitudinal constructeve been subjectively categorizetb four
domainsso asto exploreany subjectlevel trends that might be occurring in performance

differencegand thus which mayequire further investigationj he results are ordered from
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highest to lowest performance based on the transfer variables within each respective
domain.In general, across all solutions shown, lifesiyteented attitudinal variables tend

to have the highst performance, followed by travel, land use, and finally, personality
oriented variables. In the fiftedactor solution, we see that correlations between the
predicted and observed values for the woriented construct is 0.51 for the EFA solution,
which signifies an Rvalue of 0.26. This means that with the features used in this
prediction, we are able to explain 26% of the variance in this attitudinal construct; this is

considered to be a very good\Rilue for psychometric variables of this type.

EFA fificen-factor transfer variable solution EFA six-factor transfer variable solution
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Figure 3.6. Comparison of EFA and CFA results for fifteen and six-factor
attitudinal constructs

3.5.3 Features/inputs for attitudinal variable transfer

We now discuss the process used to obtain the features that serve as inputs to the
transfer algorithms. Adiscussed, (séeigure3.4 in Section3.5.]) the features used in this
application arecomposedof both native (to the donor and recipient datasets) and
augmented commovariables. InFigure3.7, we summarize the steps that were taken to
develop a final set of features for each common variable set for the variable transfer process

presented in this chapter. Note that the optimal pathway througprolcess for each
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transfer variablearies, but inhis thesis, for ease of comprehension, we choose the overall
best path considering all the transfer variables. Nonetheless, where appropriate, throughout
this section, we strive to illustrate the difference in results that can occur while using
various subets for different transfer variables. We also select the optimal performance for
each transfer variable (without holding the subsets constant) to use for comparison

purposes in the discussion (Sect®f).

Feature datasets
|
Native common variables TM data Land use and transit
p=33 p=?933 p=17153

Pre-processing: missing rates, correlated variables, variance levels

|

Native common variables TM data Land use and transit
p=29 p=1128 p=16203
[ B B R
Individual- Household- SED Consumer Financial Technology Transport Segmentation EPA SLD All Transit ACS
level level p=67 p=712 p=188 p=40  p=53 P=66 =92 p=4  p=16107
pots P10 | L | | "

Dimension reduction: principal components analysis: 50% variance explained
\ ! \ | \ | !
SED Consumer Financial Technology Transport Segmentation EPA SLD + All Transit ACS
p=18 p=76 p=32 p=9 p=29 p=17 p=4 p=28
| | | | |
Dimension reduction: principal components analysis: 75% variance explained
\ \ | \ \ | I
SED Consumer Financial Technology Transport Segmentation EPA SLD + All Transit ACS
p=45 p=254 p=85 p=21 p=35 p=34 p=13 p=216

Basis expansion and dimension reduction : natural
cubic spline increases subsets by factor of 3

Individual Household SED Consumer Financial Technology Transport Segmentation EPA SLD + All Transit ACS
p=19 p=10 p=67 p=712 p=188 p=40 p=353 p=66 p=4 p=28
L J
i
Number of features
p=1187

Figure 3.7. Sample process for determining the final sets of features for use in

transfer process
(grey represents the optimal feature set selected for use in the application detailed in this chapter)
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3.5.3.1 Native commorvariables

As mentioned, native common variables tend to be SED variabl&ablaC4in
AppendixC, a list of the native common variables used in this sisigyovidedas well as
the recoding that was necessary across the donor and recipient dathaetsonize the
common variablesIn the results showhere these variablesvere separated oumto
individual and householtkvelvariablego provide some insight into how various types of
features can result in performance differences. The individual variables include core
SED variables lik gender, age, education, race, worker status, driver status, and medical
conditions. The househaoldvel variables include attributéisat are typically reported at
the household levehouseholdncome, number fodrivers in household, and number of
household individuals in various ageoups. As shown ifrigure 3.8, individuatlevel
variables performbetter than the househelelvel variables for most of the attitudinal
variables being transferred. This is significant because it means that even in the absence of
variables like income, the attitudinal variables of interest in this study (with thevatuiti
exception of materialistic, which is an attitude that is correlated with housilcolthe)
can be transferred almost as well as if houselesldl variablesvere not available in the
common variable set. In the case of this application, given thatetfi@rmance is best
when using both household and individialel variable subsets together, we move

forward retaining all the native common variables tested (i.e., the overall set).
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EFA fifteen-factor transfer variable solution for SED variables
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Figure 3.8. Transfer learning results when using native common variables

3.5.3.2 Augmented common variables

As noted,both the donor and recipient datasetsre augmenteavith external
features fronfour additional data sources. This was done to illustrate the potential of using
exterral data sources to support the variable transfer process in the cases where the transfer
variables themselves are not available for direct appending to the recipient dReaabt.
thatone form of survey data enrichment is to directly augment the ddtaaviables from
passive, big data sourc@s., using identifiers for exact record linkagepwever, many
types of variables (like psychometric variables) are not available from these passive data
sources, making it necessary to obtain them from stlveysandthereby motivating the

process showhere
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3.5.3.2.1 Targeted marketing data

The TM dataset used in this study consists of 5933 variables that we classified in
the following categories: SED, consumer, financial, transport, technology, and
segmentationariableqsee Sectio.5.1for more details)We preprocessed the variables,
checking for and removing variables with high rates of missingness and low variation.
Next, we removed variables with high rates of correlation with other variables in the
respective subset. After the pmrocessing steps were applied, the total number of TM

variables remaining is 1128 variables.

As shown inFigure3.7, the next step when dealing with a large number of features
(asis typical when using big data) is dimension reduction. While there are diraeysion
reductionapproaches, in thishaptemwe applied PCA which is a linear amach that uses
singular variance decomposition to project the data to a lower dimensional sgagarén
3.9, we slow differences in results obtained when using the entire subset of TM variables
(p = 1128) as well aglimension reducedubsets oTM components that explain 25
=6), 50%(p = 100) and 75%p = 343)of the variance in the data, respectively. In gaher
the subset of components tlexplains 50%of the varianc€p=100)outperforns the other
dimension reduced subsets, with this subset performing almost as well as when using all

TM variables. This may be because the number of variables in this slibsesfa i nt o a S
spot” with regards to number of wvariabl es
of dimensionality concept discussed in Secioh2.2 a phenomenon that explains why

the use of too many features, relative to the number of vddg®Ts, can sometimes result

in decreased performance). Based on these results, moving forward in the parameter testing
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and iteration process we test the full TM variable subset, as well as the subset of TM

variables that explains 50% of the variancéhim original set of TM variables.

EFA fifteen-factor transfer variable solution for TM dimension reduced
subsets
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Figure 3.9. Transfer learning results when using various subsets of TM variable
principal components

Next, inFigure3.10we show the transfer performance of various categories of TM
variables (see Table B1 in Appendix B.1l), which again allows us to understand how
varying domainsof common variables catontribue differently to the transfer process.

We see that TMconsumenwariables outperform the other categories of TM variafdes

eight of the 15 transfer variables. The consumer subset of variables represents the largest
category of TM variables, which may lome potential explanation why this category
performs better relative to the other TM variable categories (i.e., more information). The

TM segmentationvariables outperform the other categories of TM variables for four of the
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15 transfer variables (i.e., desavvy, polychronic, travdlking, and materialistic
variables), which is again intuitive given that these variables already represent membership
in clusters that are formed by intelligently identifying population groups having similar
profiles on commations of multiple lifestyleelated variables. Meanwhile, the TM
transportsubset performs best for the sociable construct, while thEEDsubset perform

best for the waitingolerant construct, and lastly, the Tiviancial subset performs best

for the modern urbanite construct.

EFA fifteen-factor transfer variable solution for TM variable categories
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Figure 3.10. Transfer learning results when using various categories of TM
variables

Finally, in Figure3.11we show the relative performance differesatter applying
basis expansiothrough the use of natural cubic splineshe dimension reduced variable

subsets that explain 25% and 50% of the variance present ivtlata (sed-igure3.9),
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respectively We see that there is variation across the transfer variables, suggesting that
some transfer variables areore likely than othersto occur as a result of nonlinear
relationships with some TM variableBor example, the materialistic, pcar owning,
travekliking, pro-suburban, polychronic, and sociable transfer variables appear to have
slightly improved perfanance when creating natural cubic splines from the full

(standardized) TM datasetithough in most cases the improvement is indeed very.small

EFA fifteen-factor transfer variable solution for natural cubic spline expansions
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All TM variables with natural cubic spline basis expansion (p = 3378)

Figure 3.11. Transfer learning results with basis expansion for TM variables and
TM subsets

In closing, inTable3.1 we provide a summary of the subset of TM variables that
provided the best observed resultsdach transfer variable. We see that the full set of TM
variables, as well as the set of TM variables with natural cubic spline expansions performed
best for 11 of the 15 attitudinal transfer variablgazen that the differences between the

set of all TMvariables with natural cubic spline expansions and the full set of TM variables
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are quite small (se&igure 3.11), moving forward,the overall best subset of TM
variables to use would be the full set of TM variables or the dimension reduced set

that explains 50% of the variance as this was shown to perform relatively close to the

full set (Figure 3.9). Not only do these latter two datasets perform almost as well as the
natural cubic spline expansion sdétut they are significantly smaller, meaning that
computational time for algorithm development and execution is significantly reduced. This
demonstrates that while performance is one metric to keep in mind, it is not the only

measure that analysts miglseuto select the best feature set.

Table 3.1. Summary of best performing TM data subsets for attitudinal transfer

variables
Correlation No. of
. Attitudinal between variables
Domain observed and TM data subset .
construct . in subset
predicted )
attitudes P
Techsavvy 0.446 TM segmentation variables 66
Work-oriented 0.365 All TM variables 1126
Pro-exercise 0.322 All TM variables 1126
. . 5 - . -
Lifestyle Fa}mny/fnends 0.310 50% variance dimension reduced Th 100
oriented subset
Materialistic 0.194 All _TM var!ables Wlth natural cubic 3378
spline basis expansion
Norcar 0.399 All TM variables 1126
alternatives
Pro-car owning 0.292 All _TM var!ables Wlth natural cubic 3378
Travel spline basis expansion
Commute All TM variables with natural cubic
. 0.306 . . . 3378
benefit spline basis expansion
TraveHiking 0.143 All _TM var!ables W|th natural cubic 3378
spline basis expansion
Prosuburban 0.392 All _TM var!ables wnhnatural cubic 3378
Land use spline basis expansion
Modern 25% variance dimension reduced
. 0.278 6
urbanite subset
Pro .
. 0.242 All TM variables 1126
environmental
.. | Polychronic 0.220 TM segmentation variables 66
Personality > . . .
Waiting- All TM variables with natural cubic
0.231 . : ! 3378
tolerant spline basis expansion
Sociable 0.112 TM transport variables 53
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3.5.3.2.2 Land use and transit data

The land us€EPA SLD and ACS datagnd transit data were processed together
because they are similar in nature andchbining datasetaids in simplifying the number
of parameter comparisons necessary. Further, due to high rates of missingness in the transit
data, onlyfour variables were tained; these represeptimarily transit performance
indices and swere available across all cases. As before, processing steps for the land use
and transit data are summarized-igure 3.7 where we see that dimension reduction was
only deemed necessary for the ACS data due to the large number of variables present. We
note that all variables in this subset of features are available at geographiqfatresr
than individual or household levels as with the pfeatures discussgdSpecifically, the
EPA SLD, Transit, and most ACS variabkr® available at the block group level, while
other ACS variableare available only at the census tract levied.(larger, lesgprecise
area relative to block group; may be deemed necessary for more sensitive variables).
Accordingly, when appending land use variables, it is necessary to have the residential
location of each record at least up to a certain claasin; this typically requires the
analyst to geocode the provided residential locations using a geocoding service such as

Googleapplication programming interfaces (API)

Given that the land use and transit data together compriseddiiiasetsat ths
point itmaybeincreasingly appareiiat there are many combinatiarfsdata subsethat
could be testetlere For example, one could apply dimension reduction techniquab to
three ofthe EPA SLD All Transit, and ACS datsets,and testsubsets with varying
numbers of componenextracted acrosdatasets At the simplest levelone could test

each of the three subsets that comprise this group of external variables individually, varying
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the number of dimensions tested for each subisatnote that even this exploration would

yield between six to nine different datasets. Accordingly, as in prior sections, for
comprehension, we could not show all possible combinations tested. Instead, we seek only
to give examples of what could be variddr(analysts who may wish to replicate this

method), as well as to summarize the best results.

First, Figure 3.12 contains a summary of results acrése EPA SLD and All
Transit datasets, with the results showing that there is low variation in performance across
the feature subsets examined. Oveialtan be said that the EPA SLD and All Transit
combined subsets show better performance results anastsof the transfer variables
relative to EPA SLD alone. Among the EPA SLD and All Transit subsets, the full set of
variables and the dimension reduced variable subset that explains 75% of the variance

perform similarly and have the highest performance.
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EFA fifteen-factor transfer variable solution for EPA SLD + All Transit variables
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Figure 3.12. Transfer learning results when using EPA SLD and All Transit
variables

Next, Figure 3.13 summarizes the performance observed for various subsets of
ACS variables, and also provides a comparison of these results relative to the EPA SLD
and All Transit dataset. We see that at least of the ACS datasets outperforms the EPA
SLD and All Transit datasets across nine of the transfer variables with the exceptions being
norntcar alternatives, commute benefit, ymar owning, presuburban, modern urbanite,
and waitingtolerant attitudes. @erall, the full ACS dataset outperforms the ACS
dimension reduced subsets, while the subset that explains 50% of the variance outperforms
the subset that explains 75% of the variance, findings that mirror those found in the TM

feature exploration.
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EFA fifteen-factor transfer variable solution for ACS variables
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Figure 3.13. Transfer learning results when using ACS, EPA SLD, and All Transit
variables

Lastly, in Figure 3.14 we show overall results from integrating across the three
feature sets used in this section (EPA SLD, All Transit, and ACS). Although it may be
difficult to see from the chart due to the relatively small differencesTabke 3.2for
values), it is the dimension reduced datasets with combinations of features that account for
the best results for eight of the transfer variables, with'Ei®A and All Transit 50%
variance dimension reduced subaatd ACS 50% variance dimension reddcgubset”
accounting for the highest performance for four transfer variables. This may be due to a
positive tradeoff between the amount of information provided (i.e., variance explained in
original data) and the number of variables, which is relativelyigma 32) relative to the
full combined land use dataset (p = 16203). Due to the high performance of this subset,

this is the land use subset that is used when performing additional parameter comparisons.
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EFA fifteen-factor transfer variable solution for dimension reduced combinations of land use variables

—All land use vanables: EPA, All Transit, and ACS (p = 16203)
EPA + All Transit + "ACS 50% variance dimension removed subset" (p = 124)

EPA + All Transit + "ACS 75% vanance dimension removed subset” (p = 312)
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Figure 3.14. Transfer learning results when integrating across land use datasets

Table 3.hows that for the land use dataset, seven different subsets performed best
for various transfer variables; thereby making it difficult to select one subdet agerall
best performer. Along with the earlier results shown for the TM data, this serves to illustrate
the importance of optimizing for each transfer variable individually, and also demonstrates
the magnitude of the effort that can be expended slhibealdnalyst wish to extract the best

possible results for each variable being transferred.
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Table 3.2. Summary of best performing land use data subsets for attitudinal

transfer variables

(greyhighlighted cell indicates the best performance observed amongst the compared subsets)
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Materialistic 0.065 0.081 0083 0056 0.070 0122 0.115
Work-oriented | 0.063 0.021 0.030 0.025 0115 0.075 0.075
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Nor-car 0.242 0227 0232 0258 0250 0212 0.227
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Travel Commute
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tolerant

In closing,Figure3.15illustrates the best performing results (the cells highlighted
in grey inTable 3.2correspond to the black line igure3.15) relative to the original land
use datasets examined. This figure also emphasizes that the performance differences
amongst different subsets of land wseiables are much smaller than in the other feature
sets examined (e.g., the native common variables and TM varidldas)jterate, moving

forward the subset of land use variables that will be used in further explorations will



be the set of variables that accounts for 50% of the variance in the EPA and All

Transit dataset and 50% of the variance in the ACS dataset.

EFA fifteen-factor transfer variable solution for best performing subset combination
of land use variables
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—Best performing land use outcome

Figure 3.15. Transfer learning results for best performing land use outcome

3.5.4 Algorithms for attitudinal variable transfer

Having discussed the transfer variables and features, the algorithms or models that
link these variableare now discussed hus far, the results shown in Secti@$S.2and
3.5.3have used theverall best perbrming algorithm- elastic net regressicathatwas
identified as a result of the process thlabwnin this section Over al | best per
means elastic net regression performed best for more of the transfer variables than any
other algorithm to whig it was comparedds mentioned in SectioB.4.3 the process of
determining the best parameters is somewhat circular. For example, without having

explored the algorithms that are optimal for the application inciégptey it would not
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have been possibte providea digestible comparison of the parameters that can be varied
in the prior two sections (as we would have to provide the performance results for all
combinations of those parameters across all algorithms being expResdijtingly,the
processsuggested in SectiaB.4.3was followed first varying the features and transfer
variables across different algorithms to setbet algorithmthat appeared to be the best
performing, in this case, the elastic net algorithm. Having now finalized the best
performing transfer variables and feature subsets, we provide a comparison of algorithmic

performance across these subsets.

For this application, a range of ML algorithms as well as basic linear regression
models are tested (sEeure3.19). The focus is on gradient descédrased and trekased
algorithms rather than distanbased algorithms in this thesis as they are typically more
powerful. As with the other components, there are many parameters that can be varied that
may affect the finatransfer performancence the algorithms are select@édth regards to
input processing prior to algorithm development, in the case of the data used in this
application, it was found that some transfer attitudes performed better with normalization
versus tandardization (and vice versa for other attitud&pecifically, in this case,
normalizationwas dongfeature by feature)y subtracting theninimumvalue across all
casesof a givenfeaturefrom the feature value for the casequestion divided by tke
difference between the maximum and minimum valokethat featureacross all cases
(vielding features that have been rescaled to have values between 0 and 1). Because
normalization does not make assumptions about variable distribution and also shews bett

performance for some of the attitudinal transfer variables tested, this approach was used



for processing the training and test sets within the algorithmic training process across all

algorithms. There is certainly room for additional exploration inrégsrd.

Most importantly, there are numerous approaches for tuning the hyperparameters
of various ML algorithms that could yield performance differenasdefore notedome
of these include: random search tuning, grid search tuning, and continuouaa(ite
discrete) tuningln this study grid searcthyperparameter tuning performedor the ML
algorithms using 1@old cross validation (CV), as explorations shoves@rall superior
transfer performander this dataseHowever, it is also noted thebntinuous and random

search tuning approaches perform better for some of the attitudinal treansddrles (see

Figure3.16).
EFA fifteen-factor transfer variable solution

comparing tuning approaches for Elastic Net regression
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Figure 3.16. Comparison of performance across various hyperparameter tuning
approaches

11C



In addition, training/test set split ratios and random variations in how the dataset is
divided to yield the training/test setould also affect the outcomes observed. These
parameters would affect the results of transfer learning even in the presenceMif non
transfer algorithms, and we recommend that all analysts explore the performance effects
of varying these parameters.the application shown here, thlgorithmswere trainecn
80% of the data antestedon the remaining20% of the data (80/20 spligs is the
convention in the ML domain (The Data Detective, 20B{®wever, it is difficult to have
a general rule as todhbestsplit since this is very dataset dependent; those interested are
referred to Hastie et al. (2016). As showifrigure3.17, training and testinthe algorithm
on all of the data (i.e., the same subset) produces better results because the algorithm is
being optimized or overfit for the specific dataset being used. Using separate training and
test sets allows analysts to explore how well algorithragarforming on data they have
not yet seen. However, note that the test set is still often from the same population or data
source as the training set (as is the case in this paper), and so may yet yield better results

that what one would see if the atdbm were tested on an entirely new set of data.

111



EFA fifteen-factor transfer variable solution comparing the effects of variations
in training/test split ratios
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Figure 3.17. Comparison of performance across various training/test set split ratios

Figure3.18 shows a few examples of the variation in results that can occur due to
random differences in how the dataset is split for training anad¢eiverall, the general
trends across transfer variables remain constant, which supports the stability of the results
shown in this chapter. One approach that researchers have used is to average performance
metrics across several random splits to yieldengeneralized results. However, note that
the final imputed values for the test dataset in this case come from only oneapdit
unless the downstream analysis facilitates the use of multiple imputation values, it would
be unwieldy to have several oatoes. In this study, the random split was controlled across
algorithms in order to ensure that the results shown are comparable across different
algorithms, feature sets, and transfer variables. In addition, given the wide array of
parameters varied as wak the fact that the resulting predicted values are used as inputs

for a range of methods during internal and external validation, it would be all but
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impossible to use multiple imputation. Nonetheless, this is an area of investigation that

should certaily be explored further in the application of this method.

EFA fifteen-factor transfer variable solution comparing the effects of random
variations in training and test set splits
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Figure 3.18. Comparison of performance across random variations in training and
test set splits

Figure3.19 illustrates the transfer learning results across the algorithms tested for
this chapter We optimized the tuning approaches by algorithm but kept constant all other
parameters across algorithms (with the exception being linear regression which did not
have parameters to be tuned). The features are normalized for all algorithms, and the
training/test split is 80/2Qt is seerthat elastic net regression continues to outperform the
other algorithms for a majority of the variahlesth extreme gradient boosting and support

vector regression doing better for a handful of other variables.
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EFA fifteen-factor transfer variable solution comparing algorithms
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Figure3.19. Comparison of performance across various algorithms
The comparisons shown and/or discussed throughout the results section (Section
3.5 represent just a small slice of what can be exploredt @ndritirely possible that more
sophisticated ML or deep learning algorithms and/or tuning approaches may yield better
results than those shown in this chapter. Nonetheless, it is hoped that the work and steps
shown provide a structure by which analysis degin these explorations on their own

datasets, while advancing and streamlining the techniques and approaches discussed here.

3.6 Discussion

This chapter provided the technical framework for a dataset enrichment approach,
namely, the transfdearning metod (Section3.4) alongside an advanced and detailed
application of using this method to develop transfer algorithms for bringing attitudinal

constructs from a variabléch but smaller statewide reseammtiented survey (GDOT
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survey) into a larger but sjgzt-constrained behavioral survey (Georgia subsample of
NHTS). The level of detail reported throughout this chapter is intended to allow analysts
to get a sense of the possibilities that could be explored using this framework. To close, an
integrated loolat the results of the application is provided, followed bysaussion of the

limitations of this approach, and lastly a summary of key takeaways.

3.6.1 Results

Figure3.20pr ovi des a fi nal comparison of t h
instanceTable3.1 andTable3.2) results for each of the three types of common variables

examined, relative to the results when using the combination of these common variables

determined to be the “best” set (i.e., a c
TMvaridb|l es, and di mension reduced subsets t he
SLD and AlIl Transit” and ACS datasets). Th

the land use and SED variables alone, and in general using the overall subset yields only
small improvements relative to using the TM subset alone. These results suggest that when
possible, using a diverse, passive dataset such as targeted marketing data can improve the
performance of the transfer learning framework. However, it also shotvs tha absence

of externally appended datasets like TM and land use, native SED common variables may
also perform relatively weH- at least for some of the transfer variables in this stbdy.

the travelliking, polychronic, sociable, and waitirtglerant attitudes, SED variables alone
performed even better than the best results from all of the variable sets cordnutider
potentialconsequence of the curse of dimensionality (see, e.g., Section 3.5.3.2.1). For the

techsavvy, workoriented, materig@tic, and preexercise attitudes, SED variables alone
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performed essentially as well as the best results from all databases combined. These

findings are of course specific to this particular application.

EFA fifteen-factor transfer variable solution for best outcomes across subsets

» 0.6
L}
k=
£o0s
<
=
g 0.4
i
=03
E

0.2
b=
e
2 0.1
°
=
500
5 0.
o = ) 7] =] Q @ on =1 on =} Q = Q9 - 5}
E 2 3 K] 2 g 0 =] B g < B 3 = g =
153 = > 3] 1=} R 2 = ] Z = g =} a8 i <
8 B 5 5 .8 i £ g 5 = E g g = e} 5
s £ & ¢ 2 5 P B ¢ 3 2 %5 E 2 % &
) i o S 5 = 2 S e B e £ e = o
= =) = = he] ) 3] c o B g
= S Ay = = 1 g = = o = ~ 3
— b5} — o = ~ 3 = =
3] = .8 & = g 2 b5 8
B & ¢ ~ 3 S & B
° e = ] =
@] = 2 -y

g
=
Lifestyle Travel Land use Personality
Best TM performance Best land use performance
Best SED performance —Overall: TM, SED, Land Use

Figure3.20. Comparison of best outcomes across subsets

In generalacross the various combinatiarfanputs and algorithmaxaminecdbver
the course ofthe transferprocess the correlations between observed and predicted
attitudinal constructsanged from 0.1o 0.5 with nane of the domainge.g., lifestyle,
travel, etc.)outperformingthe otherslecisively.While thesenternal validatiomnumbers
may at first appear to be letfsan ideal, they reflect expected outcomes for attitudinal
variableswhich typically have R(the square of the correlation) values of @10.2 (or
lower) in the literature (see for example: Shahglokin, Mokhtarian, & Circella, 2019)
As a result, as ated before, the value of this transfer procsseeally best evaluated
through external validation(Chapter 5) i.e., aiming to observe whether the imputed

attitudes, as imperfect as they are, provide some benefit tesirednodels.
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3.6.2 Limitations

As with all survey data enrichment and data fusion methods, there are many caveats

and limitations that should be kept in mind. The most critical of these are discussed here:

1. Firstly, ML transfer algorithms such as the ones applied in this chagferm best
as the size of the dataset increases. Typical transportation survey datasets that have
transfer variables of interest tend to be relatively small, which in turn can decrease
the stability and reproducibility of the transfer results obtainednwiising ML
algorithms. For example, smaller datasets will be more prone to fluctuations
depending on random variations in how the dataseéivided, and even more
critically may not have enough cases to facilitate a training/test set split.
Nonethelessanalysts may still apply the transfer learning framework on smaller
datasets using neiL algorithms.

2. Next, fulfilling the assumptions of spatial and temporal congruence as well as
similarities in marginal distributions of key variables is difficult tbiage between
datasets, regardless of field of study. It is important for researchers to examine and
disseminate findings on the impacts of these incongruencies on transfer learning
results in general.

3. Variables transferred through this process will hanigue measurement errors as
a result of the transfer process. This results in two sources of error that may have
different scales in the enriched datasets. Additional work on quantifying this
resultant measurement error and investigating the potenpatision downstream
analyses is needeBor example, whiléoolssuch as the Murphyopelcorrection

exist for adjusting standard errors in predicted values that will be used in
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downstream analyses, to our knowlsdge t
(and/ or i sn’t c lawimblastatistichcattwase andiatkagesu s i n g
Murphy & Topel, 2002 One potentiatemedy is simplyto be more conservative
about the significance levels accepted in downstream analyses; this approach has
not been implemented in this documentisutertainly intended to be investigated

in future work.

In addition, there may be conflicts/overlaps bemvé®e common variables used

for the prediction of transfer variables and the variables that analysts wish to use
downstream of the transfer process (i.e., in modeling efforts involving the resulting
fused datasets)lhis overlap can also lead to ambiguityin what the resultant
variable actually represents, thereby resulting in the reification fallacy for
downstream analyses: for examples the transferred variable simply a
transformation of the input featufed-uture research could systematically
investigde the impacts on downstream analyses of including various types of
variables into the common variable pool. In particular, one potential advantage of
the marker variable approach described in Chapter 4 is that it has the potential to
transfer attitudes ery effectively without (heavily, if at all) relying oother
common variables that could be needed
variables in downstream models.

. Along those lines, given that this process has the potential to introduce large erro
and biases into the resulting fused datasets etffextivenessof the variables
transferred will lie in whether they provide any value to downstream applications.

Thus, analysts using this method are encouraged to thoroughly validate their results
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using internal and external validation procedures. Ultimately, it would be beneficial
for many teams of transport and urban planning researchers to apply this method to
bring various types of transfer variables into transport survey datasets, and
thereafter tgperform and share validation exercises that can help all analysts better

understand the limitations of this approach in our field.



3.6.3 Key takeaways

To recap, transfer learning entails the use of common variables present between
datasets to serve as inputd@atures in algorithms or functions that are trained to predict
output variables desired to be transferred across datasets. This chapter presented an
advanced form of this framework by augmenting the common variable sets with passive
and active data soces, and by using high performing algorithms to predict and transfer
the variables of interest. Throughout Section 3.5, it was demonstrated that there are a
seemingly infinite number of parameter combinations that can be varied within the three
component®f the framework (i.e., the transfer variables, features or common variables,
and algorithms). Teams/analysts with enough resources may choose to follow an
exhaustive process of determining the best feature subsets and algorithmic parameters to
maximize tke transfer performance. However, in the absence of the knowledge, time, and
money necessary to apply an advanced and exhaustive form of transfer leaanadgsts
can explore this method even in cases where limited common variables and algorithmic
capaliities are present. Regardless of how simple or advanced the framework being
applied may be, the ultimate assessment of usefulness lies in internal and external
validation results, where is becomes necessary for the analyst(s) to assess the resultant
performance based on their knowledge of the transfer variables. In the case of the
application being shown in this chapter, it is known that attitudinal constructs specifically
(and psychometric variables, in general) are among the most difficult varialohesied,

and as such, the internal validation results lie in the range of expected outcomes.
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CHAPTER 4. ABBREVIATING SURVEY INSTRUMENTS

USING MARKER VARIABLES

Survey designers increasingly have to balance breadth versus depth when designing
survey instruments/questinaires. This leads to tradeoffs that can result in a shortage of
rich and potentially insightful variables available for use in survey analyses. The survey
enrichment methods provided in Chapend3 of this document are designed to address
this prollem by bringing variables into survey datasets from external datasets, be it passive
(e.g., transactional data) or active sources (e.g., other surveys). This chapter explores an
approach for obtaining some of this rich information directly within the sufivem the

respondent ), through the use of mar ker
instruments themselves. Marker statements are defined in this context as
condensefleducedses of statements that are representative of a larger array of observed
guestions, variablesaluesand/or developed constructhis method of directly obtaining

values from the respondents has the potential to reduce propagated error that can occur

with the use of transfdrased enrichment approaches such as those disaedied. In

line with the structure of prior chapters, this chapter provides:

1. a brief examination of the literature on abbreviating survey questionnaires;
2. a methodological framework for developing marker statements; and
3. an application of the method towddop and internally validates marker set of

attitudinal statements thabuldbe integrated withifuture surveys

In Chapterb, the results of the application are externally validated using travel behavior

models. However, note that in this case onliemal validation on the initial dataset is
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possible because a test of the developed marker statements on a new survey has not yet

been executed.

The work detailed in this chapter is from the following paper, which is currently in

preparation:

ShawA.&FMok ht arL.@apaper. pr epaawaai lombl e wupon r
aut hhAns)nvestigation i1into the devel op mt
preserve explanatory power in travel be

4.1 Abstract

What if key information from richnuanced survey questions could be obtained
using a fraction of the number of questions originally designed to capture this information?
This would mean that survey designers could expand the breadth of surveys without
significantly increasing survey lengttand thereby reducing response rates. This chapter
presents one approach for achieving these goals by extracting reduced sets of statements
representative of a larger array of questions (i.e., marker statements) for inclusion on
survey instruments. Aftea presentation of the method, it is applied to 46 attitudinal
statements in a statewide reseavdlented transportation survey to develop a set of marker
statements that could be integrated into future regional and national household travel
surveys (e.g.NHTS) to obtain attitudinal variables typically not captured on travel
surveys, and which are therefore seldom available for transport modeling. An internal
validation of the framework applied to the GDOT dataset illustrates that across the
attitudinal cmstructs, the extracted marker variables capture between 55 and 94% of

variance present in the original attitudinal constructs. While variations of this method have
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been used in other fields, it is not widely applied within transport and urban planméng. It
hoped that the presentation of the method along with the sample application will encourage
others to apply and further develop this method, or to validate the developed set of
attitudinal marker statements identified in this chapter. Over time, throagh has the
potential to significantly widen the pool of variables available for planning purposes, an
outcome that could positively impact the infrastructure planning process in many ways

(e.g., by bringing more useentered variables into the trangpaanning process).

Keywords survey design; survey instruments; survey questionnaires; survey length; short
measures; machine learning; household travel survey; transportation survey; travel demand

modeling; attitudes; attitudinal constructs; psychoinetariables

4.2 Introduction

As discussed, it the tradeoff of survey length relative to variable richrsesgey
breadth that often precludes surveys from capturing nuanced variables such as
psychometric traits, which typically require extensive obsemat@nd/or questions on
survey instruments. While smalscale regionalsurveys may be able to include a more
extensive range of questions relative to national, faogde surveys, they too suffer from
low response rates, a challenge that can be exaedrbgy increased survey lengths.
Accordingly, the method detailed here provides a framework for the development of
marker statements that can reduce the number of questions needed for capturing nuanced
variables, while still providingsome of)the rich iformation that would otherwise be lost

by eliminating the entire set of related statements.
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This chapter begins with a brief review of literature on abbreviating survey
instruments and/or developing question banks that are intended to have the aim of the
“‘mar ker stat ement s 4.3iTheptoposed methbdalpgica framéwsrle c t i o
for extracting marker statements is presented in Seetidnfollowed by a sample
application using the attitudinal questions in the GDOT survey to develop marker
staements (Sectiod.5). The chapter closes with a discussion of key takeaways and
limitations (Section4.6). The development of transpadlevant marker variablesan
facilitate the efficient acquisition of rich information within lefgm travel behavior
surveys,therebyfacilitating improvement in model predictions withoctmpromising

survey response rates.

4.3 A review on abbreviated survey instruments

Given that a range of names and approaches have presumably been used across
disciplines to achieve theame goal as the method discussed here, for clarity it is noted
that combinations of the following search terms were used in conducting the literature

review for this section: abbreviated sur v

After a geneal search on these terms, they were combined with trapsgtated keywords

“

l' i ke “transport(ation)” and ur ban plannin
exists outside of these terms (and of which we are not aware), it is acknowleddbi that

is not a comprehensive review. Such an undertaking could be useful for researchers across
many disciplines. Based on the findings of this reviéw,development cdpproaches for
shortening survey instruments appears to h@emost commonly expled in the fields

of marketing psychology and health, an unsurprising finding given the high prevalence of

surveys and psychometric measures used in these (sgddsfor exampleAalto, Alho,
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Halme, & Seppéa, 200Kelly & Doriot, 2017; Marsh, Huppert, Dald, Horwood, &

Sahdra, 2020; Rammstedt & John, 200Vassenaar et al., 2018). In many of these
applications, the context and/or types of questions being abbreviated are very different
from the applications within transport, and in fact utilize terminplagd background
outside the scope of transportation; and as such, are not extensively discussed here at this

time.

4.3.1 Transportrelated literature

On the other hand, a much smaller selection of literature within the transport field
has explored the objeget of shortening surveys/instruments. Cain et al. (2017) developed
a 54item abbreviated survey (MAPSbbreviated) from the original 12@em Microscale
Audit of Pedestrian Streetscapes (MAPS); the items were selected from the original survey
based on theicorrelations with physical activity, which was the dependent variable being
modeled in the study. The team found that the MA¥®Breviated and original MAPS
total scores had correlations of 0.94, with the abbreviated survey being related to physical
activity outcomes similarly to the original MAPS questionnafterin, Saelens, Sallis, &
Frank (2006} from outside of transportationdeveloped the Abbreviated Neighborhood
Walkability Scale (NEWSA) using correlations between the NEWASand the Walk
Scoe® index. Then, within transporgilveiraand Motl (2020) successfully validated the
abbreviated version of the neighborhood environment walkability scale as an instrument
that would provide perceived neighborhood walkability for individuals with multiple
sclerosis. In addition to these efforts, there have been some proposals for a standard core
set of attitudinal statements in transportation. One such effort applied discriminant analysis

to identify the most powerful attitudinal questions that distingbis$t between desired
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segments of the population (Anable & Wright, 201I8).closing the small sample of
transport literature relevant to this methodl which thepresentauthoris awarg, further

motivates the framework and application detailed in¢hapter.

4.3.2 Common methods/approaches

A range of methods have been used to extract reduced statements (or marker
statements) for shorter instruments. Perhaps the simplest approach is the selection of items
based on their correlations with a variable/outcome of interest or with the overalbscor
the questionnaire. Various types of correlations have been used for this purpose; examples
include partial correlations and itetotal correlationgCain et al., 2017; Cerin et al., 2006;
Kupper & Denollet, 2012). The second most widespread apprpacticularly in the
psychology domain, is the use of genetic algorithms (often considered a form of machine
learning-i.e., automated pattern recognition) to find items that explain the most variability
in the full measure (see for example: Basarkod, &al&l Ciarrochi, 2018; Eisenbarth,
Lilienfeld, & Yarkoni, 2015; Noetel, Ciarrochi, Sahdra, & Lonsdale, 2019; Sahdra,
Ciarrochi, Parker, & Scrucca, 2016; Sandy, Gosling, & Koelkebeck, 2014; Yarkoni, 2010).
The framework presented in this chapter is in lwith the latter method, with the goal
being to extract marker statements that explain the greatest amount of variability in the full

set of statements (see SectibA.2.1for more details)
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4.4 A review on abbreviated survey instruments

4.4.1 Overview of methodoly

Figure 4.1 summarizesthe methodological overview of the marker statement
development process. To begin, there must exist a dataset (i.e., dorgr<0ry that has
already obtained a full set of observed statements that capture the information that is
desirable for analysts to obtain on future surveys (i.e., recipient survéy} but for
which a shortened version of these statements (i.ekematatements) is necessary or
desired due to space limitations or other constraints on the recipient survey(s). Thus, for
simplicity as well as due to the parallel nature of the methodological process, the
terminology between Chapt8rand the one at Inal (Chapte#) is similar here whenever
possible. The donor dataset input variables incuedemon variables between donor and
recipient datasethat are distinct from (but possibly correlated with) the marker variables
of interest ® and® ), aswell as the common variable set that represents the marker

statements themselve® and® ).

Determining the marker common variablés and ) represents the first critical
goal of this method the marker statements are identical questions that are present in both
the donor and recipient datasets and which will aid in bringing desired information into the
recipient survey without necessitatiripe collection of the entire set of variables
corresponding t@ (the entire set of variables correspondingotacomprise the marker
variables , as well as variables that contribute to the transfer variables of inteyest (
but which arenot part of the condensed marker séglditional variables, andd ,

represent variables unique to thenor andecipient datasstrespectivelyi.e., not present



in the other dataset) but which are not of significance in this proce&iven these
definitions,the transfer proces$)(comprises learning functiofiQO that learns to predict

@ based ord and® . This learningfunctionis then appliedo & and® to predict® .
Thus,® = Qd K - ,and® "Q & I , where the learning functioi® is
invariant between the donor and recipient domamsomparing this approach to that
shown in SectioR.4,it is seen that there are intentionally significant similarities, whereas
the main differene is that there are now observed marker statements that are included in
the set of common variables, thereby facilitating improved predictions of the desired

information across datasets.

Note that it is not necessary to utilize additional common variables beyond the
marker statements when expanding out the desired set of information. Further, it is possible
that expanding out the marker statements into the full set of desired informiatioay
not be necessaryas the marker statements themselvés) (may provide enough
information to fulfill the intended applicatiofhis would mean using the recipient dataset
in the form shown irFigure4.1, and notexpanding out additional information from the
marker statementdf the informationis being expanded, then the assumptions and
requirements associated with this method again are very similar to those discussed in
Chapter3, as we are once again using an algorithm developed on one dataset to aid in
expanding data colléed in another dataset. To recap briefly, the assumptions associated
with the transfer process center on ensuring spatial and temporal congruence across the
donor and recipient datasets, while also ensuring that the marginal distributions of common
variabkes (most importantly for the SED variables) across datasets are not significantly

different.
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Figure 4.1 Overview of marker statements methodological process

4.4.2 Components of the process

In the following subsections, the primary three steps of the marker statement
development process are detailed, showing aspects of each step that can be varied (see
Figure4.2). Note that this structure is at a higher/different level than the methodological
overview presented in Chapt8rbecause this process includes more components. For
instance, the second step shown (i.e., matedement utilizatiolexpansion) encompasses
all three components of the transfer process showhigare 3.3. Thus the process
developed inChapter3 essentially becomes tool that is used within the framework
discussed here. However, as introduced in the prior section, if the marker statements are
not used toexpand out the original statements or constructs, but rather just used directly,
then step two ifrigure4.2 is omitted In the case of the framework shown here, step two

is discussed and applied.



1. Marker statement extraction

*  Determining information desired to be obtained on recipient survey
*  Methods of extraction: e.g.. latent and observed structure identification methods

S

2. Marker statement utilization/expansion: predictive transfer learning

*  Feature processing and selection *  Varied parameter experimentation
*  Algorithm tuning and selection *  Performance metrics for evaluations

NS

3. Marker statement evaluation/validation

. Internal validation . External validation

Figure 4.2 Components of marker statement development process

4.4.2.1 Extracting marker statements

The first step in the marker statenmt development process detailed here is to apply
a statistical method that captures patterns of intercorrelation,
covariance/variability/variance, and/or underlying structure amongst the full set of
observed variables from which mark&atements are toebextracted (seEigure 4.3).
Virtually any method that captures interrelationships and patterns among a full candidate
set of observed variable&( can be examined for this purpose; for instance, al@bst
latent (e.g., exploratory factor analysis) and observed structure identification methods (i.e.,
cluster analysis; dimension reduction methods like principal components analysis;
automated patterrecognition methods like genetic algorithms, etc.) wdaddexcellent

contenders to explore.

Once the structural identification method of choice has been applied, the statements
that are showto capturéaccount for the largest amount of shavadancepresent in the

corresponding clusters of statements (i.e., the bolded questiBiggine4.3) represent the
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pool of potential marker statemenThe number of marker statements selected from the
pool of potential statements may be constramethe number of questions/space available

on the survey instrument on which the marker statements will appear, as well as the desired
set of statementspmponents(s), cluster(s), or construct(s) that the survey designer wishes
to captureSome software packages allow researchers to shorten questionnaires using item
cost parameters that capture the weight placed on having fewer items relative to having an

instrument that explains more variance (Noetel et al., 2019).

Full, desired set
of statements

1.
 EE—— -
Similar items Mark
cluster 1 3 arker
-~/ 4. statements
) CEE— i L _
Similar items ] o6 3. }
7. 4,
cluster 2 . - Latent or p -
- L T observed 7 T
Similar items 10. _ structure 8.
cluster 3 7 11 - identification 10.
~— T methods 1. }
13, 13.
Similar items 1 14 14. }
cluster 4

Figure 4.3. Extracting marker statements

4.4.2.2 Utilizing marker statement for survey instrument expansion

Once the marker statements have been seleitom the full set of observed
variables in the donor survey, the next step is to use the marker statements either: (a)
directly, or (b) to transfer/impute the full set of information desired into the recipient

survey, whether that full set of informatibe the original set of statements (Equat®as
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and 4a) or the underlying cluster(s) or constryc{gquationstaand4b; also sed-igure

4.4). In this section, the latter use of marker statements is discussed. This stage of the
marker statement development process encompassesxpegimentation with and
selection of the three components (transfer variable, algorithm, featutés) medictive
transfer learning process discussed in Chapter 3, which as noted, becomes a tool of sorts
within this processTo summarize the process verbally, as the equations show, the goal is
to develop an algorithm predicting the observed full settatements or constructs from

the marker statements, for the donor dataset. This algorithm is then applied to the recipient

dataset to obtain the information desired from the marker statements.

Firstly, analysts need to determine the form of the infoonatesired to be brought
into the recipient surveyi.e., is it preferred to bring in the full set of statements, or should
constructs, components, or factors (i.e., reduced forms of the full statements) be transferred
instead? With regards to the feat/meputs,native and augmented common variables can
be used in conjunction with the small set of common marker variables to improve the
algorithm training and prediction process, thereby facilitating improved predictions of the
full set of information desed. However, we emphasize that it is not necessary or required
to use these additional (to the marker statements) CVs. Similarly, and again in line with
Chapter3, the algorithms selected for use may range from traditional regression or choice
models to mre advanced ML and deep learning algorithms. Analysts may examine a range
of algorithms and their respective parameters before deciding on the algorithm that yields

the best performance in this context.
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Figure 4.4. Utilizing extracted marker statements

4.4.2.3 Validating marker statements

As with all survey enrichment methods, there are two forms of validation that
should be pursued- internal validation and external validation. In the literature,
particularly from a psychometric standpoint, it is considered good form for analysts using

ablreviated questionnaires to internally validate the shortened surveys using metrics like

13

1)



reliability (internal consistency), testtest reliability, content validity, factorial validity,
criterionrelated validity, etc.Noetel et al., 2019; Sandy et &2014) Not all of these
metrics will be applicable to all applications, as is the case in the one presented here;
however, the terms are mentioned here because it is considered important for analysts using
shortened questionnaires to investigate whiclhhe$é measures may be applicable to their
context(s). Following internal validation, analysts should externally validate the
abbreviated information and/or the resultant predicted full measures by utilizing and
comparing the information from the shortervay relative to the full survey in domain

area specific models and applications.

4.5 Marker statement application

Having now provided some insight into how the marker statement development
process could be partitioned and approached, this section detaitsobe sapplication of
the process. Specificallyhe stepsdiscussed irthe prior sectiorare appliedo the rich
array of 36 attitudinal statements present in the GDOT survey (i.e., the donor survey).
Figure4.5 providesan applicatiorspecific overview of the poess, from marker statement
identification to validationFor this application, the internal validation procedure mirrors
that of ChapteB, with the metric of choice being the examination of content validity using
correlations of the marker statements pretlicted constructs with the full set of observed
information. The marker statemen{€hapter5) areexternally validated using transport
choice models, whichallows for the quantification of differences in model fit and
predictive power that occurs wheing the full suite o&ttitudinalquestions relative to

the markers.
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Figure 4.5. Application of marker statement development methodology
(as applied to latent attitudinal constructs)

4.5.1 Extracting marker statements

The first step in the process isapply a structure identification method to the full
set of observed variable$his can be done in various waysit in this application, the
latent structure identification method of explory factor analysis with oblique rotation
(Oblimin, delta = 0) is usedsigure 4.6 provides a graphical overview of the variance
partitioning approach used by explamnat factor analysis (EFA); in this method, the
constructs are underlying latent variables that explain the shared variance among the
observed variables. The full set of attitudinal statements with their resultant constructs are
shown inTable4.1. For consistency throughout the document, the EFA solution shown
here is the same as that obtained in Chapter 3 when determining the latent attitudinal
construts for the transfer process. To rec#m eigenvalugreaterthanone rule was

applied to the initial eigenvalug and thereafterinterpretability, simple structure,
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communalities, and factor correlations were used to develop and tune the final solutions

(Stevens, 2009).

| Total variance |

| Unique variance | Common variance |

Item 4

Specific variance
Error variance

Figure4.6. Visualization of exploratory factor analysis variance partitioning theory

The next stefs to identify statements that have the highest loadings on each latent
construct/factor. Note that only 36 statements are represented in this solution, as the others
are not related to the 15 extracted constructs. The 15 developed constructs arelieeemed t
full set of information that is desired on the recipient survey,santhere is no problem
with the elimination of the 11 statements that are not influenced highly by these constructs.
In Table4.1, the statements that are being best explained by the latent constructs, and which
therefore serve as the marker variables, are in bold text. For simplicity, we selected the
statement with the highepatten loading for each construct, thereby yielding 15 marker
statements. However, there are an assortment of other approaches that could be used to
obtain marker statementsfor example, one might choose to retain all statements with
loadings greater than 0&n the selected constructs. Each analyst may have different
constraints on the number of marker statements that can be included on the recipient

survey, and this will drive differences in extraction approach at this point in the process.

13¢



Table 4.1. Determining marker statements for attitudinal variables

Construct/ Statement EFA Pattern
Factor Loadings?
Non-car s. | like the idea of walking as a means of travel for me. 0.730

alternatives | ae. llike the idea of bicycling as a means of travel for me. 0.727

c. | like the idea of public transit as a means of travel for me. 0.350

Techsavvy | g. Learning how to use new technologies is often frustrating for me. -0.938

af. | am confident in mybility to use modern technologies. 0.835
Commute y. My commute is a useful transition between home and work (or school). 0.693
benefit g. My travel to/from work (or school) is usually pleasant. 0.610
as. | wish | could instantly be at work (®hool)- the trip itself is a waste of time. -0.421
Modern I. I like the idea of having stores, restaurants, and offices mixed among the 0.432
urbanite homes in my neighborhood.
k. My phone is so important to me, it's almost part of my body. 0.398
Work-oriented | d. At this stage of my life, having fun is more important to me than working hard -0.475
u. I'm too busy to have as much leisure time as 1'd like. 0.675
Materialistic | ah. I usually go for the basic (“no-frills”) option rather than paying more money -0.598
for extras.
n. The functionality of a car is more important to me than the status of its brand -0.451
z. | would/do enjoy having a lot of luxury things. 0.417
aq. | like to wait a while rather than beifigst to buy new products. -0.364
b. | prefer to minimize the amount of things | own. -0.344
Polychronic | ag. | prefer to do one thing at a time. -0.919
e. | like to juggle two or more activities at the same time. 0.725
Pro v. Cost or convenience takes priority over environmental impacts (e.g. pollution) -0.941
environmental | when | make my daily choices.
ar. | am committed to an environmentalhiendly lifestyle. 0.550
Family/friends | p. Family/friends play a big role in how | schedule my time. -0.602
oriented w. lt’s okay to give up a lot of ti 0.467
goals.
Pro-suburban | aa. I prefer to live in a spacious home, even if it’s farther from public 0.651
transportation or many places I go to.
f. | see myself living longerm in a suburban or rural setting. 0.362
z. | would/do enjoy having a lot of luxury things. 0.439
Waiting- al. Having to wait is an annoying waste of time. 0.958
tolerant h. Having to wait can be a useful pause in a busy day. -0.526
Travelliking* | ac. | generally enjoy the act of traveling itself. -0.716
a. | like exploring new places. -0.563
Sociablé x. | consider myself to be a sociable person. -0.687
0. I m uncomfortable being around p 0.462
Pro-car t. | definitely want to own a car. 0.882
owning j- I am fine with not owning a car, as long as | can use/rent one any time | need -0.599
ak. | like theidea of driving as a means of travel for me. 0.460
Pro-exercise | ao. The importance of exercise is overrated. 0.756
m. | am committed to exercising regularly. -0.702

“Note thatin obliquely rotated factor analysigattern loadings represent regression coefficients for the factor model.
*The loadings on these statements must be reversed during interpretation.They have been reversed as needed in a$ isloolehreg




4.5.2 Utilizing and internally validatingnarker statements

In all results shown in this section, we used elastic net regression with
hyperparameters tuned via grid search and an 80/20 training/test split. However, due to the
small number of features when using just the marker statements, we find almost no
difference in performance when using this complex formulation of elastic net regression
relative to when using ordinary least squares (OLS) regression. Accordingly, this illustrates
that more complex tools like machine learning algorithms may not be necessartheshen
common variable set is small. In addition, we note that bedahapter3 extensively
experiments with various parameters during the transfer process, the application shown
throughout this section refrains from doing so. However, it is advised thatdsthe
analysts have the time and resources, the same approach taken in Chapter 3 should be

applied to this process.

Figure 4.7 summarizes the coleions between observed and predicted attitudes
(i.e., the internal validation metric of choice), when using marker statements as the
common variable predictors relative to the other feature subsets explored in Gh@pter
black line in the figure shoswthe results when using all 15 attitudinal marker statements to
help impute each of the 15 attitudinal constructs. The blue line shows the results when
using only the corresponding attitudinal marker statement for the respective construct. Both

approacheto using the marker statements can be tested for any application.

It is not surprising that the imputation does least well when the marker variables
have lower loadings on the associated original construct (e.g., modern urbanite and

materialistic, with espective marker loadings of 0.432 a@b98). It is more interesting
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that many of the correlations between original and imputed constructs are rather high even
when the associated marker statement has a lower loading on the original construct (e.g.,
thefamily/friends orientation marker statement has an original construct loadidg02,

but the imputed construct has a correlation of more than 0.851 with the original construct).
It is also seen that using only marker statements as common variabldedtjec
outperforms the use of any of the other subset(s) of common variables explored in Chapter
3. This hints at the potential power and simplicity of the marker variable approach relative
to the extensive and complex process involved in assemblingpr@eessing, and
deploying the targeted marketing and land use feature sets. On the whole, it can be seen
that marker statements are able to produce imputed construct scores that are very strongly
correlated with the original scores for most of the contdrin this application. Be aware

that this may not be the case for all applicatieqarticularly those that may have lower
correlations between the marker statements and the overall information being

brought/transferred into the recipient survey.



Using marker variables to impute attitudinal constructs
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Figure 4.7. Comparison of performance across subsets, relative to using marker
variables

In Figure 4.8, we test subsets of the 15 marker variables in accordance with the
domain in which they are classified. The green line signifies the performance of the high
performing combination subset ofetimative (SED) and augmented (land use and travel)
common variables tested in Chapt&rand is included on this chart for comparison
purposes. We see that even when significantly decreasing the number of marker variables
available and using owutf-domain marker variables, we can still obtain improved
performance for 10 of the 15 attitudinal constructs (i.e-gxercise, materialistic, modern
urbanite, traveliking, commute benefit, prear owning, preenvironmental, waiting
tolerant, polychronic, soci# relative to when using a combined subset of SED variables,
targeted marketing data, and land use data all together. This serves to confirm the power

of marker variables, even when the number of marker statements is severely limited.
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Performance comparisons across marker variable subsets
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Figure 4.8. Comparison of performance across marker variable subsets

4.6 Discussion

This chapter detailed a framework for selecting a condensed set of attitudinal
statements marker statementsthat facilitate expanding the miber of diverse variables
on surveys, without substantially increasing survey length and thus burden on respondents.
The framework is built on the predictive transfer learning approach discussed in Chapter
3, and aims to bring information into recipientngeys based on desired information
present in donor surveys. The primary difference is that in this approach, the analyst has
obtained a small selection of highly relevant data points (related to the transfer information
of interest) on the recipient sugvé¢hat can help to improve the transfer of the desired
variables. This approach has not been explicitly applied to a recipient dataset at this point

and is intended for future work by the author.
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As in Chapte3 with the transfer learning framework, trapproach assumes that
the relationship (i.e., captured by transfer algorithm) between the marker statements and
the imputed information is stable outside of the specific characteristics of the donor survey
study. This may certainly be meoe-less true fo certain domains of variables; however,
in the case of the application shown here, the evolution of trangated attitudes over
time has not been studied extensively in the literature, and thus cannot be commented on
from that perspective. Howeven,general there are known to be different types of attitudes
—some are long term and inherent, while others are subject to environmental conditions
and societal expectations (Maio & Haddock, 2009). Thus, it is important for the analyst to
critically examne whether the assumptions in the marker variable approach affect the
particular application of use. For additional discussion on the limitations that can be posed
by incongruences across datasets, the reader is directed to Segtfand ChapteB)

for more details.

Despite the limitations, there are significant benefits that the marker variable
approach can offer. Firstly, it is clear that marker variables have the potential to greatly
improve the performance of the transfer process, therebgataog the amount of error
that is introduced into the transferred information. Relatedly, the higher transfer
performance for a small number of common marker variables (again, this is application
specific) may mean that advanced approaches like maclaimerlg and the use of novel,
big data are not necessary. This makes the approach more accessible to all transportation
professionals. The marker variable approach can also reduce potential conflicts between

the common variables used for the predictionrafsfer variables and the variables that

142



analysts wish to use downstream from the transfer process (e.g., using transferred variables

to explain/predict a variable that was already used in the transfer function).

In closing, in the field at handhe devéopment of a set of transpemtlevant(in
this case attitudinatharker variablesanfacilitate the efficient acquisition of a rich set of
information within longform travel behavior surveys (for survey designers who see fit to
include these marker sehents in their survey instruments), while ensuring that survey

response rates and model predictive power are not compromised.
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CHAPTER 5. EXTERNAL VALIDATION OF ENRICHMENT

VARIABLES

Having presented and applied various approaches for bringing new variables into
suvey datasets, the resulting enriched datasets must now be externally validated.
Following directly from Chapterg, 3, and4, the enrichment or transferred variables that
are externally validated in this section include: targeted marketing data (S&djipn
attitudinal constructs transferred using SED, TM, and land use variables (Se2ti@amd
attitudinal constructs transferred using attitudinal marker vasa{@ection5.3). The
external validation procedure for the enriched datasets entails examining the usefulness
and value of the enrichment variables (relative to SED explanatory vaf)dblesdeling
travel behavior outcomes such as vehicle ownershipshiaring frequency, public transit
usage, and so on (sdable 5.1). The metrics used for comparison across the travel
behavior models are model fitnterpretability, and predictive accuracy. Whenever
possible, the enrichment variables are modeled for both the GDOT (donor) survey and the
NHTS (recipient survey), with the donor survey models serving as a benchmark of the

value of the enrichment variables

Table5.1 summarizes the unweighted distributions of the travel behavior variables
for the GDOT survey and NHTS datasgt$. vAsi ¢
used in prior chapters, the travel behavior variables for external validation had to be

harmonizd between surveys (see Table D1 in Appendix D for more information). It can

2 A list of the SED variables used in the models presented in this section can be found in Section 3.5.3.1.
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be seen that the distributions/values for travel behaviors related to motor vehicle use: i.e.,
average vehicle miles driven, household vehicle ownership, and carshare ussigelaare
across surveys. On the other hand, there are greater divergences in the distributions for
ridesharing, public transit, and bicycle usage. Such divergences may be due to differences
in question wording and/or answer categories. While the best effsrimade to equate
guestions, it was not always (and will rarely be) possiblepédfectly harmonize
complex/nortraditional variables (i.e., ne8BED variables) across surveys. In fact, simply
finding similar, domairspecific variables on differing surv@ystruments is often difficult
in-and-of itself, and this has often precluded external validation from being executed at all.
Thus, slight differences in question harmonization should be kept in mind when analyzing
the results, but do not undermine andwdtd not prevent the external validation process

from taking place.

Table5.1 details the travel behavior variables for both the stateandkAtlanta
region subsets of the GDOT and NHTS datasets (see Kim et al., 2019 for more information
on the Atlantaarea subset). Both the statewide and Atlanta region subsets are examined in
this section because travel services like public transit and ridesharingeeiniformly
available in Atlanta (which results in a reduction in the skew of the response distributions
for these behaviors), and this may conceptually and empirically improve the ability to
model these behaviors using the available explanatory vasidbie drawback of limiting
some models to the Atlanta region is the accompanying reduction in the number of cases.
Throughout the external validation models developed in this section, carsharing is not
modeled for either survey due to the sparse occuerehcisage in both surveys, while

public transit usage and bicycle frequency models are omitted for similar reasons for the
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NHTS. Vehicle miles driven could not be harmonized across surveys (see Table C1 in

Appendix C) and for this reason, is only repoitede for the GDOT survey.

A range of external validation models are developed throughout this chapter. In the
external validation for the targeted marketing data (Sed&i@nhand attitudinal marker
variables (Sectiorb.3), — only a naive procedure that confirms the usefulness of the
enrichment variables using simple regression models is provided, with more complex
options discussed. On the other hand, for theudttial constructs transferred using SED,

TM, and land use variables as features, an exhaustive approach is taken with the intention
of demonstrating possible external validation paths that can be explored, and especially in
the case when the transfer vates are psychometric and/or latent attributes (Sebt@n

A final note is that while it is recommended to split the data into training and test sets when
developing external validation models, the sample size of the Atlanta region datasets is not
optimal for this. Further, given that the focus here is@ative comparisons, not using
training/test sets here will not change the final conclusions. Another factor influencing the
decision to bypass this step is the range of model types and number of chedsdbped
throughout this sectior adding additional formulations/comparisons would simply be
overwhelming for both reader and author. Nonetheless, when the situation and sample size

allow, the earlier position regarding training/test set use in thtigrdent is recommended.

Thus, as might be seen over the course of this discussion, there are many roadblocks
and complexities that can threaten to derail external validation efforts. However, regardless
of any drawbacks or challenges, analysts should prioritize executing exi@idation in

whatever form possible or available, while acknowledging the (inevitable) caveats and
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limitations clearly. External validation is critical to moving the field forward with regards

to data enrichment and forecasting model improvement.

Table 5.1 Overview of travel behavior variables used for external validation

Variable Categories Georgia Atlanta region
GDOT NHTS GDOT NHTS
Survey? Survey? Survey? Survey?
N =2694 N = 4577 N =878 N =1349
N % N % N % N %
0 64 2.38 185 4.04| 16 1.82 41 3.04
1 740 27.47 1368 29.89| 235 26.77 428 31.73
Household 2 1047 38.86 1793 39.17| 361 41.12 548 40.62
vehicle 3 524 19.45 778 17.00| 168 19.13 217 16.09
ownershig 4 198 7.35 305 6.66 62 7.06 78 5.78
5 71 2.64 97 212 18 2.05 24 1.78
6+ 50 1.86 51 1.11 18 2.05 13 0.96
Never used/no longer use 1847 68.56 4235 92.53| 447 50.91 1143 84.73
Ridesharing Less than once per montt 501 18.60 106 231 | 223 2540 59 4.37
usage 1-3 t!mes amonth 257 9.54 123 2.69 | 147 16.74 72 5.34
frequency 1-2 times a'week 54 2.00 83 181 41  4.67 57 4.23
3 or more times a week 18 0.69 28 0.61 13 148 18 1.33
Vehicle miles Continuous variable 144.09 - - 152.62 - -
driverf (142.45) (141.84)
Never used/no longer use 2027 75.24 4198 91.72| 551 62.76 1144 84.80
Less than once per montt 358  13.29 79 173 | 198 2255 48 3.56
Publictransit  1-3 times a month 101 3.75 120 2.62 71  8.09 64 4.74
usage 1-2 times a week 31 1.15 74 1.62 14 159 42  3.11
frequency 3-4 times a week 26 0.97 61 1.33 16 1.82 29 215
5 or more times a week 27 1.00 42  0.92 15 171 21  1.56
Never used/no longer use 2050 76.10 4338 94.78| 680 77.45 1282 95.03
Less than once per montl 311 11.54 0.00 0.00 99 11.28 0.00 0.00
Bicycle usage 1-3 t?mes a month 146 542 0.00 0.00 43 490 0.00 0.00
frequency 1-2 t!mes a week 69 256 154 3.36 26 2.96 44  3.26
3-4 times a week 39 1.45 66 1.44 9 1.03 22 1.63
5 or more times a week 43 1.60 18 0.39 10 1.14 1 0.07
Never used/no longer use 2560 95.03 4550 99.41| 821 9351 1339 99.26
Carshare Less_ than once per montl 76 2.82 14 0.31 34 3.87 4 0.30
usage 1-3 t!mes a month 19 0.71 6 013 8 091 3 022
frequency 1-2 times a week 8 0.30 2 004 2 023 0 0.00
3 ormore times a week 8 0.30 3 0.07 1 0.11 2 015

aFrequencies do not add up to 100% or the total N because of missing or not applicable cases/entries.
bThe vehicle ownership models developed in this chapter use the continuous fornvafigite, but the distribution by

categories is shown in this table as it provides more information about the variable in the surveys.

¢Mean (standard deviation) shown for vehicle miles driven. Equivalent measure not shown for NHTS because que:
couldnot be harmonized across surveys. See Table C1 in Appendix C for more information.



5.1 Targeted marketing data

As noted, the TM data that is externally validated in this section was integrated with
the GDOT survey and NHTS dataset€imapter2. To assess the added explanatory power
that TM variables can bring to travel behavior models, simple ordinary leasts{Da®)
linear regression models for select travel behaviors from Table 5.1 are developed. For these
models, SED characteristics and TM variables are entered simultaneously with no model
refinement or pruning taking place as the intent here is simply amiee model
performance rather than to focus on madtdrpretation. Further research on the external
validation of TM variables may utilize more advanced approaches such as discrete choice
models that allow for the collapse of the behavioral categarigs binary logit and ordinal
logit models), and machine learning models that allow for the use of feature importance
metrics to identify the specific TM variables that contribute most to improving predictive
accuracy. However, as before noted, due toena@tailed external validation procedures
shown for other enrichment variables later in this chapter, only a naive external validation

exploration for the TM data is shown here.

Figure5.1 illustrates the improvement in model performance obtained when the
explanatory variables includeoth SED characteristics and TM variables, relative to
models that include only SED charactics as explanatory variables. The dimension
reduction method of PCA was used to develop sets of TM components that account for
50% (p = 97) of the variance present in the full, processed set of TM variables (p = 1128;
see SectioB.5.3.2for insight intohow these variables are processed). The SED variables
used are consistent with the set used in earlier chapters and contain a mix of individual and

householdevel variables (SectioB.5.3.). The use of the TM principal components is
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tested relative to BED variables only, as the latter are the primary explanatory variables
available in national and regional household travel surveys. Across all of the models shown
in Figure5.1, the TM subset tested results in a nontrivial improvement to the adjusted R
values, relative to whensing just SED variables as explanatory variables. The lift in
adjusted Rvalues due to the TM components at times more thablds the adjusted’R
values seen when using just SED characteristics and is especially pronounced for the

models of bicycle and public transit usage frequency, where SED variables have relatively

poor explanatory power.

GDOT Survey (Statewide): NHTS Survey (Statewide):
Linear regression model lift due to TM components - Linear regression model lift due to TM components
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Figure 5.1. Linear regression travel behavior model lifts due to TM components
Figure5.2 shows the performance of the TM compasenhen they are entered
independently of the SED characteristics (i.e., when they are the sole explanatory
variables). It is seen that for ridesharing usage in both surveys, the use of the TM subset
alone outperforms the SED subset. In the GDOT surveéy,ghalso true for the public

transit usage model. Overall, the results showRigure5.1 and Figure 5.2 suggest the



potential value of TM variables in being able to improve model performance across a range
of travel behavior models. Further investigations into the role of TM variables in travel

demand modeling and forecasting are therefore warranted.
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Figure 5.2. Linear regression travel behavior models with SED and TM variables
independently included as explanatory variables for the GDOT survey and NHTS
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5.2 Attitudinal transfer variables

The next task is to validate the attitudinal constructs that were transferred using a
combination of SED, TM, and land use variables in Chaptdfor these enrichment
variables, linear regression, binary lpgind latent class choice models are used to test the
usefulness and/or value of attitudinal variables for modeling select travel behaviors (chosen
from those inTable5.1). It is pertinent to note that in an application such as the one shown
here, t is especially importarthat analysts explore the correlations between the variables

transferredi.e., the dependent variablem)d explanatory variables used in dovweain
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applications such as external validation models. Akigicasethere may be unavoidable
overlap present between the features used to transfer the variables and the downstream
explanatory variables (e.g., SED variables), and this could result iinspwoefficients

or other model estimation problemin external validation procedures where model
interpretation is desired, it is recommended that standard procedures be followed for
addressing highly correlated explanatory variables; for exampleneariaflation factors

(VIFs) and pairwise correlations can be examined and used to eliminate explanatory
variables that may be competing with others in the model(s). For information on the
correlations between the SED characteristics and predicted andvexbsatitudinal
constructs in this section, see Figures D1, D2, and D3 in Appendix D. Further illustrating
the potential issue discussed here, is the fact that the predicted attitudinal constructs have
higher correlations with SED characteristics relativéhe observed attitudinal constructs
(which can be seen at a quick glance comparing Figures D1 and D2, with Figure D2 having
a much darker color distribution which indicates higher correlations). It is for this reason
that if interpretation is to be uses an external validation metric, it is recommended to

carefully examine the correlations and to prune the model accordingly.

5.2.1 Regression models for travel behavior ustlggquencies

First, to lay some initial groundwork, naive linear regression modedesxeloped
to examine the effects of the attitudinal constructs developed based obsheed
attitudinal indicators, as well as theedictedtransferredattitudinal constructs. The linear
regression model formulation is consistent with the standard OLS regression model, and
the explanatory variables entered comprise SED characteristics (S8di8n) and

attitudinal constructs (15 EFA constructs ob¢girfirom the best subsets of TM, SED, and
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Land Use, using elastic net regression, as discussed in Sé@&itband shown irFigure

3.20). For this sectionife.,5.2.]), all SED variables and attitudes are used in the models
with no model refinement/pruning taking placelas goal of the external validation at this

level is to establish a basic understanding of the usefulness of attitudes, rather than to
develop model$or which coefficients will be interpreted and conclusions be drdae
external validation models developed in 5.2.2 &rid3have been tuned and the resultant

final models interpreted accordingly.

5.2.1.1 Varied travel behavior models

External validation regression models for a range of travel behaviors are
summarized irFigure5.3. The charts serve toofirm the general findings reported in the
literature that attitudes, such as those obtained in the GDOT survey, can improve travel
behavior model§Domarchi et al., 2008; Kuppam et al., 1999; Mokhtarian & Salomon,
1997) As seen irFigure5.3, both types of attitudinal constructs yield improvements to the
model fits shown (adjusted?RR relative to when using just SED variables as explanatory
variables. For the NHTS data relative to the GDOT survey data, smaller improvements to
total model lift are observed as a result of the transferred attitudes; however, due to
differences in initiamodel fit, the improvement percentages across both the GDOT and
NHTS models are similar (i.e., on the order of 30%). Of the three travel behaviors with the
overall best model fits (i.e., after including all variableskehicle ownership, ridesharing
frequency, and vehicle miles driven the ridesharing model illustrated the largest
improvement in model fit (both in magnitude and percentage/ratio) for both datasets with
the introduction of attitudinal constructs. As a result, the regression modelskirarthg

are discussed further in Secti6r2.1.2
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Figure 5.3. Linear regression travel behavior model lifts due to observed and
predicted attitudes

It is important to note that for the GDOT datasestaswvn inFigure5.4, when the

attitudinal constructs are included as shéeexplanatory variables in these travel behavior

models, the transferred/predicted attitudinal constructs tend to outperform the constructs

based on observed indicators (with the exception of the bicycle frequency outcome

variable). This could potentiallygtdue to the correlations between the predicted attitudinal
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constructs and key excluded explanatory variables (like SED characteristics; see
correlation tables in Appendix C) or may be attributable to unobserved nuances or value
that the transfer processdior algorithm is able to capture and bring to the predicted
constructs. For vehicle ownership, the predicted attitudes in the NHTS outperformed all
model formulations for GDOT; however, the opposite is true for ridesharing and public
transit usage. Thignay be due to survey differences in question formulation and

distributions as before mentioned.
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Figure 5.4. Linear regression travel behavior models with only observed or
transferred attitudinal constructs as explanatory variables for the GDOT survey
and NHTS

5.2.1.2 Regression models for ridesharing usage

After exploring the effects of attitudes on multiple travel behavior outcomes,
ridesharing behavior is selected for further examination in the more detailedagxte
validation efforts shown next. Ridesharing usage is selected for the reasons already stated

in the prior section, as well as because for the GDOT survey, the ridesharing regression
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model has the second greatest model lift (in magnitadder publictransit— with the
introduction of attitudes, but has more active users than public transitdbte5.1and
Figure5.3). Meanwhile, for the NHTS he ridesharing regression model has the largest
model lift (in magnitude and ratio) for both the statewide and Atlarga models. Note

that these observations and findings are distinctive to the region being studied; for example,
the metropolitan Atlantarea has a very limited public transit system and areas outside of
Atlanta are less likely to have widespread ridesharing services available. For these reasons,
the follow-up external validation models focus on ridesharing withinAthenta region
Figure5.5 re.summarizes the model fits for the ridesharing linear regression models shown
in this section, confirming that the introduction of the transfibrattitudinal constructs

yields a ~35% improvement in model fit for both surveys.

Linear regression models of ridesharing frequency
for GDOT Survey and NHTS, Atlanta-region

[ SED + predicted attitudinal variables [ N 0230
SED + observed attitudinal variables [N 034

GDOT
|

SED variables | 0.22

SED + predicted attitudinal variables _ 0.19

NHTS

SED variables | NN o'+

|
Adjusted R? values

Figure 5.5. Linear regression modeling of ridesharing usage
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5.2.2 Discrete choice models for ridesharing usage

As discussed in the preceding section, after examining the effects of attitudinal
constructs on modeling a range of travel behaviors, ridesharing usage is selected as the
dependent variable of choice to be examined in further external validation effacts wh
include traditional binary logit models as well as latent class choice models. Given the low
occurrence of ridesharing usage frequencies in some response categoiieblEsga),
the outcomes were collapsed into two options: ridesharing users anndesnand binary
choice models are utilized. In the event that the distribution of the behavior being modeled
is more robust and multiple categories are retainatinalr and/or multinomial choice
models may be used in place of binary choice models. Prediction accuracies and model fit
(Mc Fadden’ ssquaresle u vhlued are the primary metrics used to compare
models during the external validation processridesharing usage. Furthermore, these
modelsare refined at a more thorough level that those in the prior section, and as such can

also be examined and compafedinterpretative value

The work detailed in this section is from the following papercwiig currently in

preparation:

Shaw,, FEt Az aMioyk htAa L, i @aiprePpr e,p aavaaiiloanb|l e upon

from aAbhhiomnee@stigation into the effects
variables on ridesharing behaviboas:edasse
attitudes i mputed into the Georgia NHTS
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5.2.2.1 Binary logit models

Thebinary logitmodel(BLM) of ridesharing adoption developed for this section

follows the standard formulation

34

®w T o -Nn

O pQW m OEAQx E®A
where® is anunobservegdcontinuoudatent variable that represerthe propensity of
each peson"Qo use ridesharingvhile its unstarred counterpaé, isthe binary variable
indicating whether ridesharing was used or. nbtis the vector otharacteristic§SED
variables and attitudinal constructlpt are hypothesized to influenddesharing usage
for each individuglwhilel is thevector of unknowrbut to-be-estimatedoefficients that
reflect he effects of theassociatedd characteristicon & . Finally, the error term
capturs the influence of unobserved variablon theassociate@utcomedy 8As with the
regression models developed earlier, the explanatory variablesdmprise SED and
attitudinal constructs. However, here the SED variables are entered first and variables with
high correlations and/or VIFvalues are removed, followed by variables that are
insignificant. Next, the attitudinal variables are added to the retained SED variables, and
the same model refinement process is repeated. In essence, this process assesses whether
the attitudinalvarialeds of f er any additional -explanaeobr

of explanatory variables has been identified.

5.2.2.1.1 Georgia Department of Transportation (GDOT) Survey

Table 5.2ummarizes the BLMs of ridesharing adoption developed for the Atlanta

region siset of the GDOT survey. Tlhagjusted” metric of model fit indicates that for
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the GDOT dataset, as seen with the linear regression models, the best model performance
for ridesharing use occurs when the attitudinal constructs bassaservedndicaors are
included in the model alongside SED variables. Specifically, improvements of ~33% in
model fit are seen relative to the StBbly model when including predicted or transferred
attitudes, whereas improvements of ~47% are seen when including a#titadnstructs

based on observed indicators. Given the imperfect reproduction of observed attitudes by
the transfer function (see, e.g., the correlations between observed and predicted attitudes
shown inFigure3.20 of Section3.6.J), this is not surprising. This suggests that obtaining

the attitudes themselves from respondents may be of greater value and supports the use of
the marker statement methodology discussed in ChdapMonetheless, even though the
observed constructs detber than the predicted aehe 33% improvement in model fit
offered by the latter (over the SEinly model) is still very desirable and suggests that the

predicted attitudes have significant potential/value to offer.

Similarly, from an interpretatioperspective, nine attitudinal constructs based on
observed indicators are significant with logical coefficients, relative to the four
predictedtransferredattitudinal constructs that are significant in the respective model.
Again, this is consistent witthe attenuation (perhaps into insignificance) of coefficient
estimates that often characterizes variables measured with @tevens, 2009)
Furthermore, some of the SED variables become insignificant in the model that includes
predicted attitudes, whicis likely attributable to the use of SED characteristics as input
features during the transfer learning process used to predict the attitudinal constructs (see

Chapter3 for more information).
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Table 5.2 Binary logit models of ridesharing adoption for GDOT survey, Atlanta?

GDOT GDOT GDOT
Binary Logit Binary Logit Binary Logit
SED-only SED & Predicted | SED + Observed
Atts Atts

N = 866 N = 866 N = 866
Predictors Coefficient Coefficient Coefficient
Intercept 1.26" 0.04 1.08
SED
Education 0.23™ - 0.21"
Age -0.05™ -0.03™ -0.05™
HH income 0.39™ 0.30" 0.27"
HH size -0.18" - -0.14
HH vehicles -0.13 - -
Attitudes
Commute benefit NA - -0.20"
Urbanite NA 1.75" 0.37"
Materialistic NA -- 0.35™
Pro-exercise NA - 0.18"
Pro-suburban NA -1.33" -0.41™
Waiting-tolerant NA -1.74™ -0.27"
TraveHliking NA 241" 0.22"
Sociable NA - 0.30™
Pro-carowning NA - -0.16
Non-car alternatives NA -- --
Work-oriented NA -- --
Tech savvy NA - --
Family/friendsoriented NA -- --
Pro-environmental NA -- --
Polychronic NA -- --
Fit measures
fl -600.26 -285.56 -934.99
fl 4t -599.93 -285.58 -576.53
fl 5 -502.15 -230.94 -452.51
T (fl base) 0.16 0.19 0.52
Adjusted”  (fl base) 0.15 0.17 0.51
" (@l 4 base) 0.16 0.19 0.22
BIC 1044.89 491.99 955.46
AIC 1016.31 471.89 919.01

Ak Kk

,™, " = significant at 1940.01) 5%(0.05)10%(0.1), respectively.
#The market share of ridesharing users in the GDOT survey, Atlanta region dataset is 48.61% (i.e., 421/866).
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Next, success tables and prediction accuracies are examined across the GDOT
binary logit models to get a sense of the tamgitviprovement in predictions that attitudes
provide when classifying ridesharing usage behaviable5.3). First, some background
information on sucess tables is provided hefighe number of cases in tidee  cell of a

success table is calculated as follows:

~

0 ‘O nHo

wherel is the number of cases whose observed choiteaisd whose predicted choice

is €. 'O equals 1 wherthe observed choice of ca%&orresponds t@ , and equals 0
otherwise; andjHrepresents thassignegbrobability (from the model being evaluatefdy

case€Q®o choose . In this case¢t and¢ correspond to those who use ridesharing and those
who do not (ridesharing users and a@ers). In the univeighted success tablgtlis

equal to 1 for the highegirobability choice (and O otherwise), while in the probability
weighted success tablghls the predicted probability that the choice models yield. Both
types of success tables are provided so as to offer two points of comparison for other
analysts. Many software programs automatically provideweigjhted success tables and
prediction accuracies, but cases have been made in the literature for the superiority of
probability-weighted success tables in providing more accurate measkines(&
Mokhtarian 2018) The bolded values on the diagonals of the success tables represent cases
that have been correctly predicted, while the-difigonal values represent misclassified

cases.
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Table 5.3 summarizes the unitand probabilityweighted socess tables and
resulting predictioraccuracies for the GDOT models of ridesharing usage developed and
presented iMable 5.2 The prediction accuracies are calculated by summing the diagonal
elements and dividing by the total number of cases (i.e.utheofall four numbers in the
success table)lt can be seen that the introduction of attitudinal constructs yields
improvements in the prediction accuracies of between 3 to 5 percentage points relative to
models with SED characteristics only as explanat@riables. While these are modest
improvements, they still serve to confirm the value that psychometric variables like
attitudes may be able to improve modeling efforts in various ways. Perhaps more important
than the improvement in predictive accuraey ge is the fact that the inclusion of attitudes
makes the model more responsive to variables that are important to choice. In general
applications of this approach to attitudin
suggest new avenues forflirencing behavior toward more sustainable choices, and

i mprove planners’ ability to predict the r
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Table 5.3 Unit and probability-weighted success tables for GDOT binary logit

models

GDOT binary logit SED-only model

Unit-weighted

Probabilityweighted

non-users

Predicted .Pred|ct¢d Predicted . Pred|.cted
. : ridesharing : . ridesharing non
ridesharing users ridesharing users
norrusers users
Observed ridesharing 285 136 249.92 171.08
users
Observed ridesharing 129 316 171.08 273.92

Prediction accuracy

69.40%

60.50%

GDOT binary logit SED and observed attitudes model

Unit-weighted

Probabilityweighted

non-users

Predicted .Predlct('ed Predicted : Predl.cted
. . ridesharing . . ridesharing non
ridesharing users ridesharing users
norrusers users
Observed ridesharing 293 128 269.73 151.27
users ' ]
Observed ridesharing 110 335 151.27 293.73

Prediction accuracy

72.52%

65.06%

GDOT binary logit SED and predicted attitudes model

Unit-weighted

Probabilityweighted

non-users

Predicted _Predlct(_ad Predicted . Predl_cted
. . ridesharing . . ridesharing non
ridesharing userg ridesharing userg
nonusers users
Observed ridesharing 300 121 261,55 159 45
users
Observedidesharing 110 335 159.45 285.55

Prediction accuracy

73.33%

63.18%

5.2.2.1.2 National Household Travel Survey

Table 5.4 summarizes four BLMs of ridesharing adoption developed for the
Atlantaregion subset of the NHTS. These models include the original NHTS data as well
as a downsampled subsBecause the disbution of NHTS ridesharing users (15.27%)
and nonrusers (84.73%) is significantly skewed relative to the GDOT data (48.38% and
51.62%, respectively), the downsampling of umers to yield more balanced distributions

is investigated as a potential fix. @nsampling is one of many approaches that can be
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used to address severely imbalanced outcome distributions and produce models based on
more comparable/manageable market shares (Google Developers, 2020). In the NHTS
downsampled subset used in this secttorandom sample of nawsers is selected so as

to reproduce the almost 50/50 market segmentation seen for the GDOT survey. The
objective in reproducing the GDOT market share is so that the external validation models
developed across surveys could be cowrplar Another approach may be to randomly
(down)sample nomisers with the intent of simply correcting the skew slightly, for instance

in this case by producing a 75/25 (hasers/users) market segmentation relative to the
82/18 segmentation present natiwel the data. This latter approach was also tested for
this chapter, but ultimately not shown due to the large number of model formulations

already included.

The fit measures summarizedTiable5.4 indicate that, in the full NHTS sample,
the predicted attitudinal constructs serve to improve the model fit by(a@usted”  of
0.51 versis 0.47) when included alongside SED characteristics. Thishistantially less
than the improvement seen in the (untuned) regression models developed on NHTS data
earlier (~36%), as well as the improvement seen for the GDOT survey data (~33%). For
the downsampled subset, however, the improvement is a similara@jdstéd”  of 0.23
veras 0.17). When using the marisétare model rather than the equdikely model as a
benchmark, which is a better way to directly compare the two pairs of models to each other,
we see similar improvements in both cases: 37%6(0ersus 0.22) for the full sample, and

32% (0.25 versus 0.19) for the downsampled subset.

Further, compared to the refined binary logit model for the GDOT survey, there are

slightly fewer predicted attitudinal constructs that are significant in the fcael.
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Nonetheless, it is believed that the predicted attitudes that are retained do serve to provide
insight that could not have been obtained through the use of SED characteristics only. For
example, those who have preferences for-cammodes of traport like walking,
bicycling, and public transit are more likely to be ridesharing users, which is consistent
with the literature that shows the importance of ridehailing and ridesharing as -tmddast
connectors or needed-a@iemand transport optionsathare utilized by active transport and
public transit mode users (Alemi, Circella, Mokhtarian, & Handy, 2019). It is also noted
(in the full sample) that the importance of sociability to the adoption of ridehailing is an

interesting insight that we havetrseen elsewhere in the literature.

Table 5.4 Binary logit models of ridesharing adoption for NHTS, Atlanta region

NHTS
_ NHTS . Dowl\r|1|s_|aTmSpIe d _ NHTS _ Dc_)wnsampl_ed
Binary Logit® Binary Logit® Binary Logit? | Binary Logit®
SED + SED +
SED SED Predicted Predicted
Attitudes Attitudes
N =1349 N =412 N =1349 N =412
Predictors Coefficient Coefficient Coefficient Coefficient
Intercept 0.98 2.72" -0.46 1.05
SED
Education -- -- -- --
Age -0.06™ -0.06™ -0.05™ -0.04™
HH income 0.42" 0.42™ 0.22" 0.25"
HH size -0.28™ -0.25" -- --
HH vehicles -0.34™ -0.37" -0.24" -0.30"
Attitudes
Commute benefit NA NA -- --
Urbanite NA NA -- --
Materialistic NA NA -- --
Pro-exercise NA NA -- --
Pro-suburban NA NA -0.96" -1.34"
Waiting-tolerant NA NA -- --
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Table 5.4 cont’d

Traveltliking NA NA -- --
Sociable NA NA 1.84" -
Pro-carowning NA NA -- --
Non-car alternatives NA NA 1.80™ 1.96"
Work-oriented NA NA -- --
Tech savvy NA NA -- --
Family/friendsoriented NA NA -- --
Pro-environmental NA NA -- --
Polychronic NA NA -- --
Fit measures

fl -934.99 -285.56 -934.99 -285.56
fl 4 -576.53 -285.58 -576.53 -285.58
fl 5 -483.71 -230.94 -452.51 -215.05
Tl base) 0.48 0.19 0.52 0.25
Adjusted”  (fl base) 0.47 0.17 0.51 0.23
" (@l 4 base) 0.16 0.19 0.22 0.25
BIC 1003.46 491.99 955.46 466.22
AlC 977.42 471.89 919.01 442.10

M, = significant at 1940.01), 5% (0.05)10%(0.1), respectively.
aThe market share of ridesharing users in the NHTS, Atlanta region dataset is 18.02% (i.e., 206/1143).
bThe market share of ridesharing users in the NHTS, Atlanta region downsampled dataset is 50.00% (i.e., 206/412).

Table 5.5 summarizes the unitand probabilityweighted success tables and
resulting prediction accuracies for the NHTS models present€dhble5.4 (see Section
5.2.2.1.1for background on success tables and prediction accuracies). It is seen that the
introduction of the predicted attitudinal constructs yields improvements in prediction
accuracies of between 2 to 3 percentage points relative to models with SED characteristics
only as explanatory variables. Further, the downsampled models have lower prediction
accuracies than the models developed on the original NHTS distributionssThibé
expected, as reductions in the skew of the distributions make it more difficult for models
correct value

to predict the s i mpH a/n cbea’s)e.d
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Note as well that the prediction accuracies for the downsampledadataimilar in
magnitude to those developed for the GDOT survey data. Thus, the metrics for the
downsampled data may be said to provide a more realistic look at the performance of the
models. On the other hand, assuming that the skewed distributionfoll te@mple model

is the more accurate one, it is noteworthy that the addition of attitudes disproportionally
improves the prediction of the lesften chosen alternative, i.e., ridesharing: the SIBL

model correctly predicts 28% of observed rideslsater have chosen it (probability
weighted results), while the addition of attitudes allows the correct prediction of 32% of
observed adopters (the comparable numbers for thadapters are 87% and 88%). Such
improvements, though small, may be very usdéul the analysis of seldowwhosen

alternatives.

16¢€



Table 5.5 Unit and probability-weighted success tables for NHTS binary logit
models

NHTS full-sample binary logit SED-only model

Unit-weighted

Probabilityweighted

Predicted P red|ct¢d Predicted , Pred|.cted
. . ridesharing : . ridesharing non
ridesharing users ridesharing users
norrusers users
Observed ridesharing 30 176 57.44 148.56
users
Observed ridesharing 18 1125 148.56 994.44

Nnornusers

Prediction accuracy

85.61%

77.97%

NHTS full-sample binary logit S

ED and predicted attitudes model

Unit-weighted Probabilityweighted
Predicted P red|ct¢d Predicted , Predl.cted
. : ridesharing . . ridesharing non
ridesharing users ridesharing users
norrusers users

Observed ridesharing m 162 65.94 140.06
users
Observed ridesharing 30 1113 140.06 1002.94

Nnornusers

Prediction accuracy

85.77%

79.23%

NHTS downsampled binary logit SED model

Unit-weighted

Probabilityweighted

Predicted P red|ct(_ad Predicted . Pred|_cted
. . ridesharing . : ridesharinghon
ridesharing userg ridesharing userg
nonusers users
Observed ridesharing 151 55 128.04 77.96
users
Observed ridesharing 60 146 77.96 128.04

NOnusers

Prediction accuracy

72.09%

62.16%

NHTS downsampled binary logit

SED and predicted attitudes model

Unit-weighted

Probabilityweighted

Predicted P red|ct<_ad Predicted . Predl_cted
. . ridesharing . . ridesharing non
ridesharing userg ridesharing userg
nonusers users
Observed ridesharing 159 47 134,50 7150
users
Observed ridesharing 56 150 71.50 134.50

Nonusers

Prediction accuracy

75%

65.29%




5.2.2.2 Latent class choice models

Having examined the usefulness and value of attitudinal constructs in modeling
ridesharing using regression and binary choice models, the final and most advanced class
of models tested for external validation purposes comprises latent class choice models
(LCCMs). LCCMs are designed to capture unobserved heterogeneity in the population;
and psychometric variables/traits such as the attitudinal constructs transferred in this study
are considered to be wallited for being able to delineate this unobserveerbgeneity
through the formation of latent classes or subgroups. For reasons discussed already,

ridesharing usage is the outcome being modeled here.

Figure5.6 provides a visual overview of the LCCM model as applied to ridesharing
usage, when the attitudinal constructs are based on observed attitudinal indicators (e.g., the
GDOT survey attitudinal indicatordyigure5.7 provides a visual overview of the LCCM
model as applied to ridesharing usage when the attitudinal constructs are transferred using
the process developed and shown in Chapterg., for the NHTS). LCCM simultaneously
estimates the probabilities of each individual belonging to a specific latent class or group
(membership model), and the probability of each individual making the choices being
modeled conditioned on their membddsin a specific class/group (choice model). For
simplicity, in this application the attitudinal variables are limited to the class membership
model, but in principle they could appear in the choice model instead or as well. For the
SED-only LCCM formulatons, no explanatory variables are entered into the membership
model, which means the latent classes are based on the heterogeneity iprésent

outcome variable.
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where« represents the vector of outcomes being modeled (ridesharing usage in this case),

» represents the vector of covariates (attitudinal constructs), represents the vector

of predictors (SED characteristics), andepresents the totalmber of latent classekhis

can be expressed verbally as: the probability of observing a vector of outcomes given
covariates and predictors, is equal to the membership probability for latenQgjasn

the covariatesnultiplied by the conditional pbability ofy given the class membership

and predictorsAs with the binary logit models, the LCCM models are refined and
developed systematically with covariates and predictors entered one at a time, and multiple
class solutions examined and comparddieesettling on the final models presented here.

This approach ensures that model interpretation can be executed.

5.2.2.2.1 Georgia Department of Transportation (GDOT) Survey

In keeping with the external validation procedure thus far, three GDOT LCCM
models are desloped: a base model with SED characteristics only, a model with SED and
predicted attitudinal constructs, and a model with SED characteristics and attitudinal
constructs developed using observed indicators. By virtue of the definition of LCCMs, each
LCCM model can entail the assumption of various numbers of classes, each of which has
its own coefficients. As such, showing the full model for all classes across multiple models
would be an overload of information that could distract from the purpose cfittion—

i.e., to evaluate the usefulness and value of predicted attitudes in modeling travel behavior,
specifically ridesharing usage in this case. Thus, only the fit statistics across all three best

models are summarizedTiable5.6, while the coefficients and detailed model information
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for the best performing LCCM model that uses SED characteristics and predicted

attitudinal constructs is shown in Table 5.7 diathle5.8.

To reiterate,Table 5.6 summarizes the fit statistics across the best performing
LCCM models using the three sets of explanatory variables explored throughout this
validation process. The metrics preseniatle5.6 that should be compared across models
are the adjustedt values and the predictive accuracies. The predictive accuracies are
developed using the process detailed in Sed@i@r2.2.1 As with all nodels, there are
tradeoffs between fit and predictive accuracy thetur, and thawvere observed when
developing the models shown here. However, gthiahthe purpose of these models is for
external validation, it is more important that similar approadbe taken across models
(i.e., consistency), rather than to facilitate a discussion of which approach iddretties
specific applicationOf further consideration is the fact that in LCCMs there may be
heterogeneities that could be observed by afigmore classes, thus yielding interpretive

value but detracting from model fit or predictive accuracy.

After testing many models with varying numbers of classes, thelwss solution
was selected as it was best able to balance-bfislamong modeli, predictive accuracy,
and interpretation. Table 5.6 shows that, as with the binary logit models, the GDOT
LCCMs that utilize attitudinal construcperform better than a model without attitudinal
constructs. However, conversely to the regression and BLM findings, the LCCM with
predictedattitudinal constructs had almost equivalent model fits and predicted accuracies
relative to the LCCM with attitudinal constructs developed baseobservedndicator
variables. Overall, the model fiddjusted”  andprediction accuracies observit the

LCCM models are similar in magnitude to those skerthe binary logit models (i.e.,
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model fits of ~0.20 and prediction accuracies of -#880), suggesting that the more
advanced LCCM model specification is not bringing significant additionalevailiih
regards to modgderformancehowever, it is in the discussion of interpretation that follows

in which LCCM is expected to show its true power.

Table 5.6 Comparing LCCM models of ridesharing adoption for GDOT survey,
Atlanta region

GDOT GDOT GDOT
LCCM LCCM LCCM
SED-only SED + Pred. Atts SED + Obs. Atts
N = 866 N = 866 N = 866
Fit measures
Number of classes 2 2 2
Number of parameters 11 17 20
fl -600.26 -600.26 -600.26
fl # -599.93 -599.93 -599.93
fl 5 -503.44 -463.70 -458.71
T (fl base) 0.16 0.23 0.24
Adjusted”  (fl base) 0.14 0.20 0.20
" (fl 4 base) 0.16 0.23 0.24
BIC 1081.28 1042.39 1052.70
AIC 1028.88 961.40 957.42
g/r;)it—weighted predictive accuracy 6732 73.67 72 06
Eé‘égfg’c";ﬁ(’;z)e'ghted predictive 59.57 63.90 63.96

Having discussed the fit statistics across the three GDOT models, model
interpretation is now performed for the GDOT LCCM model with SED characteristics and
predicted attitudinal construciBable 5.7details the coefficients arithble 5.8ummarizes
the £gment specific shares/means for the model. Based on the profiles of the two emergent
cl asses, the first cl ass, which compri ses

savvy, ridesharing |ikely gi ven @80t 96 %

the class fall into the youngest age category included in the survey (i.e., that of Millennials).
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The latter point is significant because as shown in the survey descriptive statistics (see
Table Al in Appendix A), the GDOT survey is heavily skewaaard older individuals.
Individuals in this class also have very positive attitudes toward technology. The second
cl ass, which comprises over 5-@aoridestharing h e

hesitant as only 13% o fising rideshanng. dFurthel, enlyi n
13% of this class fall into the Millennials category. Individuals in this class have negative
attitudes toward technology and are more positive toward owning cars and suburban living
relative to individuals in the prioclass. Thus, from an interpretation standpoint, the

predicted attitudinal variables help to add additional insight into understanding the choices

made with respect to ridesharing.

A final point to be noted here is that despite the overall predictiamaaes being
similar in value to the BLMs developed in the preceding section, the LCCM yields a sizable
segment (larger than the predicted ridesharing users correctly identified in the BLM) that
is almost certain to be ridesharing users, and the SEDtt#ndiaal profile of this segment
is known ([Table 5.8. In other words, the LCCM model shows an impressive ability to sort
between those likely to be ridesharing users andusens. This information has the
potential to be extremely useful for market gralicy analyses and predictions; and as
before mentioned, could also provide avenues forward for influencing behavior toward

more sustainable choices.
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Table 5.7 Coefficients of GDOT LCCM with SED characteristics and predicted

attitudes®
Younger, tech savvy, Older, pro-car,
ridesharing-likely ridesharing hesitant
(42.6%0) (57.4%)

Coefficient p-value | Coefficient p-value
Outcome model
(predictors)
Intercept -4.828 0.13 0.148 0.78
Education 2.160 0.07 -0.116 0.33
Millennials -0.396 0.62 1.488 0.004
(Lf$"‘ég'}g Income 2.170 0.11 0.285 0.22
HH size 0.407 0.15 -0.338 0.035
Membership model
(covariates)
Intercept -0.636 <0.001 0.636 <0.001
Tech savvy 1.069 <0.001 -1.069 <0.001
Materialistic 0.943 0.01 -0.943 0.01
Family/friendsoriented -0.636 0.02 0.636 0.02
Pro-carowning -0.719 0.07 0.719 0.07
Pro-suburban -0.574 0.04 0.574 0.04
Sociable 0.931 0.02 -0.931 0.02

aNote that effect coding has been used in the estimation of this model.

Table 5.8 Segment-specific shares/means of predictors and covariates for GDOT

LCCM model
Younger tech savvy Older pro-car
ridesharing-likely ridesharing hesitant
Variable (42.6%) (57.4%)
Variablemeans/sharper | Variablemeans/sharper
class class

Outcome variable
Ridesharing usaggbinary) 0.960 0.135
Predictors
Educatior’ 4.096 3.681
Millennials’ (binary) 0.162 0.035
Low HH income (<$50K] 0139 0313
(binary)
HH size' 2.425 2.136
Covariates’
Tech savvy 0.387 -0.069
Materialistic 0.173 0.008
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Table 5.8 cont’d

Family/friendsoriented -0.037 -0.007
Pro-carowning -0.182 -0.030
Pro-suburban -0.209 -0.058
Sociable 0.096 0.039

T Segmenispecific means
*Segmenispecific shares (e.g., proportion of segment that can be classified as Millennials)

5.2.2.2.2 National Household Travel Survey (NHTS)

The tables included her@dble5.9, Table5.10, andTable5.11) parallel those in
the preceding GDOT survey LCCM section. As before, it can be seen that the introduction
of predicted attitudinal constructs results in moderate improvements to the model fit and
predictive acctacy. The NHTS downsampled model is selected for further interpretation
as it is more comparable to the GDOT model discussed with regards to market shares and

consequently, model performance.
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Table 5.9 LCCM models of ridesharing adoption for NHTS, Atlanta region

NHTS
10 ounsmpea | TS| OO
LCCM
SED + SED +
SED SED Predicted Predicted
Attitudes Attitudes
N = 1349 N =412 N = 1349 N =412
Fit measures
Number of classes 2 2 2 2
Number of parameters 13 11 14 14
fl -934.99 -285.56 -934.99 -285.56
fl 4t -576.53 -285.58 -576.53 -285.58
fl o -484.71 -220.18 -454.20 -202.25
" (Il base) 0.48 0.23 0.51 0.29
Adjusted”  (fl base) 0.47 0.19 0.50 0.24
" (fl 4 base) 0.16 0.23 0.21 0.29
BIC 1063.11 506.59 1009.29 488.79
AlC 995.42 462.36 936.39 432.49
ggg;yvaec'g?;;jf predictive 85.10 74.76 85.32 76.70
Zé‘;ﬁf;c";fmf'ghted predictive 77.86 64.14 79.03 67.55

Model interpretation is now examined for the downsampled NHTS LCCM model
with SED characteristics and predicted attitudinal construicable 5.10 details the
coefficients andrable5.11 summarizes the segment specific shares/meamrsndimes of
the classes are able to be kept almost consistent between the NHTS and GDOT LCCM

model s. The first cl ass, which comprises

ridesharing i kel vy cl ass. Eighty percentnd asf t he

before, individuals in this class also have very positive attitudes toward technology. The

second class, which compri ses -oay, edeshatigy. 1 % o

hesitant?’ cl ass. For t his mocldss Ireport Lsthg per c €

ridesharing, and again, individuals in this class have negative attitudes toward technology

and are more positive toward owning cars relative to individuals in the prior class. As
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before, looking at the segment specific share of ridegiasers, it is seen that the LCCM
model does an excellent job sorting between those likely to ridesharing users and those
likely to be norusers, an outcome that is especially valuable for forecasting applications

and shows the power of utilizing this oe structure.

Table 5.10 Coefficients of downsampled NHTS LCCM with SED characteristics and
predicted attitudes®

Tech savvy, Older, pro-car,
ridesharing-likely ridesharing-hesitant
(53.9%) (46.1%)

Coefficient  p-value | Coefficient p-value
Outcome model
Intercept 13.08 0.03 -1.29 0.25
Age -0.13 0.01 -0.02 0.10
High HH income (>$100K) 2.97 0.01 0.69 0.07
HH vehicles -2.28 0.04 0.46 0.13
Black -3.74 0.07 0.46 0.38
Covariates
Intercept -0.45 0.02 0.45 0.02
Tech savvy 0.47 0.07 -0.47 0.07
Sociable 1.91 <0.001 -1.91 <0.001
Pro-carowning -1.27 <0.001 1.27 <0.001

aNote that effect coding has been used in the estimation ahtdsl.

Table 5.11 Segment-specific shares/means of predictors and covariates for
Downsampled NHTS LCCM model

Tech savvy, ridesharing- Older, pro-car,
likely ridesharing-hesitant
Variable (53.9%) (46.1%)
Variablemeans/sharper | Variablemeans/sharper
class class
Outcome variable
Ridesharing usagébinary) 0.80 0.15
Predictors
Age'’ 47.42 54.41
High HH income (>$100K) 0.48 0.33
HH vehicles' 1.86 2.10
Black” 0.28 0.19




Table 5.11 cont’d

Covariates’

Tech savvy 0.47 0.21
Sociable 0.12 0.03
Pro-carowning -0.27 -0.07

TSegmenispecific means
*Segmenispecific shares (e.g., proportion of segment that candssified as Millennials)

5.2.3 Comparison across model formulations

To close this external validation section on the attitudinal transfer varidillels,
5.12 summarizes the metrics reported for the linear regression, binary logit, and LCCM
models of ridesharing usage that use both SED characteristics and predicted attitudes. As
can be seen in the table, the refined LCCMs perform very similarly to theddé8iLMs as
far as statistical measures of fit are concerned. However, it is also seen that the LCCMs
offer considerable additional behavioral insight, including more so for theofiess
chosen alternative. This may yield significant opportunities famdtream influence and

analysis.
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Table 5.12 Comparison across ridesharing usage models with SED and predicted
attitudes (Atlanta region)

Probability

. " Unit-weighted X Number of
Dataset Model ﬁglsf)tf)? a d'LE]'(slte &R prediction V\r/gloﬁ(r:]ttiii significant
! accuracy (%) P attitudes
accuracy (%)
Linear regression 0.30 NA NA NA?2
GDOT Binary logit model 0.20 73.33 63.18 4
LCCM 0.20 73.67 63.90 6
Linear regression 0.19 NA NA NA?2
NHTS Binary logit model 0.51 85.77 79.23 3
LCCM 0.50 85.32 79.03 3
NHTS L_inear regression 0.32 NA NA NA?2
Downsampled Binary logit model 0.23 75.00 65.29 2
LCCM 0.24 76.70 67.55 3

@Because the linear regression models are not tuned, it is not considered appropriate to report the number of
significant attitudes for these naively estimated models as they are not comparable to the significant attitudes
in the other models.

5.3 Attitudinal marker variables

This last external validation effort is for tipeedictedattitudinal constructs that
were transferred using the attitudinal marker variables developed in Chapfes
previously mentioned, marker variables were not able to be embeudedni external
recipient survey like the NHTS (i.e., a proof of concept was not executed), and as such,
this external validation (unlike those of the prior two sections) is not able to examine the
performance of the marker variables for bringing the datl of attitudes into a recipient
survey. Recall that during the construct validity internal validation detailed in Section
4.5.2 the transferred attitudinal constructs using marker statements had extremely high
correlations (> 0.9) with the observed tattiinal constructs. Despite this, kigure5.8, it
can be seen that the predicted attitudinal constructs developed using marker statements do
not perfam as well as the observed attitudinal constructs in improving travel behavior

model lifts for the GDOT survey. Similarly, Figure5.9, it can be saethat the attitudinal



constructs developed using observed attitudinal indicators outperform the attitudinal

constructs predicted using marker variables when attitudes alone are included as

explanatory variables in the travel behavior models.
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Figure 5.8. Linear regression travel behavior model lifts due to attitudinal
constructs transferred using marker variables
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Coefficient of determination (adj. R?)

Linear regression travel behavior models with
attitudinal constructs only as explanatory variables
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B GDOT Survey (Atlanta Region) predicted attitudes
GDOT Swurvey (Statewide) observed attitudes
GDOT Swurvey (Statewide) predicted attitudes

Figure 5.9. Linear regression travel behavior models with observed and marker
variable predicted attitudinal constructs only as explanatory variables for the

GDOT survey

5.4 Comparison across enrichment variables

Given that regression models were the only model forms exeautaliithree types

of enrichment variables externally validated in this chapter, the adjusteduRs for the

GDOT travel behavior models are the only performance metrics that are able to be

compared relative to each othdihe comparison shown here isited to the travel

behavior models executed on the Atlanta subset of the GDOT surveguie5.10, the

model lifts that were obtained for the various enrichment variables throughout this chapter

are displayed on the same chart. It can be seen that for vehicle ownership and vehicle miles
traveled, the TM variables provide the largest model lift relative to-8Hip travel

behavior models. For the ridesharing, public transit, and bike usage behavioral models, it
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is seen that the attitudinal constructs based on the observed attitudinabpsddet those
present natively in the original survey dataset) provide the largest model lift when added

to the SED variables.

Across all models, with the exception of the bicycle usage models, the attitudinal
constructs that were predicted using SEDI, and land use data provide more model lift
than the attitudinal constructs that were predicted using attitudinal marker variables. This
may at first be somewhat counterintuitive given that the attitudinal constructs developed
using marker variables hdigher correlations with the observed attitudes as shown during
the internal validation process. However, this finding may be supported byhaints
(Figure5.4 andFigureb.9) developed within the preceding sections which showed that the
attitudinal constructs predicted using SED, TM, and land ugeedormed the observed
attitudes when attitudinal constructs were tested alone (i.e., as the sole predictors or
explanatory variables) in the behavioral models, but the attitudinal constructs developed
using marker variables did not do so. Thus, whils fimding is difficult to fully explain,
it is apparent that the transferred attitudinal constructs based on TM, SED, and land use
data are bringing additional information into the model that is better at explaining travel
behavior than the attitudinalcert r uct s t hat are “purer” (i
indicators only). Also supporting this conjecture is the fact the TM subset in the model
outperforms the predicted attitudinal constructs for three of the travel behaviors models;
recall that TMvariables were used as inputs for the attitudinal constructs developed using

SED, TM, and land use variables.

This finding shows the importance and power of external validation, as simply

looking at the internal validation results would make it appedrtbhemarker variable
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process is unquestionably superior to the transfer learning process that utilizes big, external
datasets. Nonetheless, it is also important to remember that the best method for enriching
datasets will really depend on the intent of #ipplication and resulting model(s). For
example, if the more important use of the enrichment variables is to create interpretable
models, the marker variable approach may be best. This is because the effects of predicted
attitudinal constructs that arewkloped using an amalgamation of external, big datasets
(as wel | as those of other explanatory wvar
difficult to interpret as they are a result of many different variable types. However, if the
analyst prioritizs model fit and model performance, the best approach may betteuse
latter predicted attitudinal constructs. Thus, it can be seen that overall, using external
variables directly, or using an array of methods for predicting or transferring desired
variables, are all viable approaches for enriching survey datasets and improving our

modeling and forecasting abilities.
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Comparing the effects of enrichment variables in improving linear
regression travel behavior models, GDOT survey Atlanta region
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B Lift with observed attitudinal vanables

m Lift with TM 50% variance dimension reduced subset
Lift with predicted attitudinal variables developed from TM, SED. and land use data
Lift with predicted attitudinal variables developed using marker variables

Figure 5.10. Comparison of external validation results across enrichment variables
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CHAPTER 6. CONCLUSIONS

Figure 6.1 provides a visual overview of the components of thissis, from
problem definition and motivation to applications and validation. To recap, in CHapter
this thesis opened by identifying model constraints/limitations that may be exacerbated by
transportation survey data challenges, followed by a brseiudsion of possible avenues
for addressing these challengés.Chapters 2,3and 4, three survey data enrichment
methods were presented and applied. In Chdptexternal validations of the enriched
survey datasets (that resulted from the methods abplithe preceding chapters) were
performed using travel behavior models. In this closing chapter (Cl@psesummary of
the research contributions and limitations for each method and application is presented,
followed by a broader discussion fofture work that can expand upon the efforts made

here. Lastly, a brief statement of impact is provided.

Motivation Method + Applications Validation
Advancing Addressing survey Methodological Applications of Advancing
forecasts/models challenges approaches methods forecasts/models
Expand variables Utili d: Make How well do
Improved lable for use tilize new data sources _
travel aval psychometric the
forecasting and  Reduce survey length ve_mables enrlghment
behavior and respondent burden Expand survey datasets available for variables
del ' use without improve travel
fodess Toserse SN increasing behavior
response rates Abbreviate survey instruments survey lengths models?

Figure 6.1. Overview of thesis components

6.1 Utilizing and integrating novel sources of data

The first nethodological approach discussed in this document was that of utilizing

new/novel data sources. To this end, Chaptiarovided an example of utilizing targeted
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marketing data as a potential data stream in transportation, either independently or through

its deterministic linkage with survey records.

6.1.1 Contributions

A key objective of the chapter at hand (Chagjes to serve as a model for analysts
exploring novel data streams by providing an example of the components deemed
necessary to lay the foundation for the sustainable integration of novel data sources within
various fields, and specifically transportatiorthis case. The background components that
are deemed of importance to develop for a novel data source include: a data dictionary on
related terms, a detailed look at how the data is collected, from where it could be obtained,
and what the benefits adisadvantages of its use might entail. It is also recommended that
analysts using novel data streams develop a typology of possible applications of the data
in transportation research and practice. Thereafter, depending on whether the data is to be
used diectly or integrated with existing data sources, a data cleaning and/or integration
framework should be developed. Finally, internal validation of the data source relative to
traditional data sources should be conducted. With all survey data enrichmieot snét
is also important to execute external validation to assess whether the new data source
provides empirical benefit to the field at hand. It is believed that only through systematic
and opersharing, can novel data sources become viable for widesmaidation and

usage within a field.

In this document, TM data constitutes the novel data source that is examined and
for which the data sharing framework is applied. It is seen that TM data are (currently)

available for most individuals in the popudat, are accessible for most analysts, and have
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relatively low acquisition costs. In addition, the developed typology demonstrates that TM
data provide a wealth of rich variables that have the potential to improve transport
modeling applications and reselr Internal validation procedures demonstrated that TM

is able to report key SED characteristics with match rates ranging from 70% to 90% relative
to traditional transportation surveys. Further, the external validation procedure illustrated
the potentiabf TM to improve model performance for a range of travel behaviors. Thus,
the application of the framework to TM data yields results that suggestrandang

benefits for the use of TM data in transportation.

6.1.2 Limitations

The most important limitation abbthis approach is the uncertainty surrounding
the existence and accessibility of new data sources in the future. Changes in privacy
regulations and in the method(s) of data collection used for a particular source can result
in inconsistency and instalifi for the new data source(s). This can make it difficult for
analysts to develop validation procedures that are comparable and applicable across time.
Relatedly, increasingly restrictive privacy laws (for example, that allow individuals to opt
in or out d data collection) can introduce additional, dynamic (i.e.,-ehanging) biases
within datasets. Such biases can be difficult to track since internal validation may require
analysts to deterministically connect new data sources with traditional datescamd
thereafter to examine differences in variables across the datasets. As shown in Zhapter
deterministically connecting data sources can be difficult and sometimes impossible,

making it difficult to complete validation procedures.



All of these Imitations listed here are applicable to TM data specifically, but are
also true of a large number of passive, large data streams. Accordingly, transport
professionals will increasingly have to make tradeoffs when balancing potential risks and
benefits of gploring a new data source. It is hoped that discussions such as the one here
provide an impetus for more civil engineers and planners to become involved with the
development and implementation of privacy regulations, so as to ensure that key data
sourcesthat could significantly improve travel and urban demand models may remain

accessible in some form to analysts working at city and regional levels.

6.2 Expanding survey datasets through predictive transfer

The second methodological approach discussed wagrdthctive transfer or
imputation of variables from one survey dataset to another. In Clptes method is
applied to bring attitudinal constructs from a statewide resemiehted survey (GDOT

survey) into the statewide subset of a national traueley (NHTS).

6.2.1 Contributions

The overarching objective of thigrobabilistic record linkage transfer learning
approach is to enable analysts to transfer/predict/impute information from one survey
dataset to another, using learning functions that are ttanethe donor datasets and
applied to the recipient datasets. At a more advanced level, this approach borrows methods
from computer science to allow for the use of big datasets alongside advanced data driven
models to improve the transfer of desired alga. However, it is also possible to execute
the predictive transfer learning approach without these additional complexities, thus

making the approach accessible for analysts across the field. The application of this method
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within Chapter3 showcased the ability to transfer complex psychometric variables across
survey datasets using basic common variables, with the transfer performance improving

with the addition of passive datasets like TM data.

6.2.2 Limitations

While this method is shown to V& significant potential for being able to inform
surveys with rich variables present in other instruments or data sources, as discussed in
Section3.6.2 there are numerous implementation challenges such as differences in spatial
and temporal congruencerass data sources as that can limit the applicability of the
approach. Furthermore, after the method has been applied, the resultant datasets may have
attributes such as undesirable distributions and substantial measurement errors that can
affect downstram analysed-urthermorethis processould lead to ambiguity in what the
transferredvariable actually representhereby resulting in the reification fallaeyd/or
complications ininterpreting the results afownstream analysemformation on other
possible limitations of this method can be found in SecBdh2 With regards to the
specific application shown in this thesis, there are numerous avenues for further
improvement. For example, weighting can be used between datasets to improve the
congruace of the distributions for key SED variables. Furtadditional datasets and/or
more complex ML algorithms and techniques (e.g., varied basis expansion approaches)
couldbe applied to (potentially) improve the performance of the transfer process.furthe
It is certainly hoped that the detailed method provided in this document serves as a
foundation for future researchers, as well as myself, to further improve and advance both

the method and application detailed for Chapter



6.3 Abbreviating survey instruments using marker variables

The third methodological approach entailed developing condensed sets of
statements (i.e., marker statements) Hratrepresentative of a larger array of observed
guestions/variables. These developed marker statements cowddoads within survey
instruments or alternatively could be used within the predictive transfer learning
framework presented in Chapter 3 to impute the full set of constructs/statements present

on the donor dataset/survey.

6.3.1 Contributions

As with the othemethods detailed here, this approach is not unique, but is seldom
systematically applied within transportation and/or urban planning. Thus, it is hoped that
the presentation of this method alongside the appropriate terminology and visualizations
would m&e this approach more accessible for transport researchers and practitioners. Most
significantly though, the ultimate contribution and value of this approach will rely on
survey designers in the field being open and willing to integrate marker statemaatged
surveys that capture information not previously obtained on traditional surveys, but which
could improve forecasting and behavioral modeling applications. The attitudinal marker
statements developed in the application shown here represent a setetfl marker

statements that could be integrated and validated on future travel surveys.

6.3.2 Limitations

All sets of marker statements developed by various teams will require external

validation within varying spatial and temporal domains before the relationships between
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the marker statements and the information of interest could be considered to be stable.
However, this will take time and conceivably could present difficulties as varying
analysts/teams will have to agree upon the marker statements selected for integration and
validation across survey instruments. Thus, while this approach performed wedl in th

' i mited internal and external valiindatinometa
world scenarios may be difficult. Further, if this approach utilizes the predictive transfer
learning framework discussed in the prior method, as is beingnaskin this thesis, then

there will be additional limitations that are associated with the predictive transfer learning

approach.

In line with this discussion, the major limitation of the application of the marker
statement approach shown here is thaag not yet been fully externally validated for the
attitudinal marker statements developed in Chapter 4. This means that the marker
statements were not integrated on a second independent survey, and the subsequent
relationship between the markers andftileset of information examined. As such, future
work on this application will aim to first execute an independent external validation of this
marker variable set. In addition, additional explorations of parameters that can be varied,
for example the coparison of various structure identification approaches, would result in

a more thorough application of this method.

6.4 Directions for future research

The methods presented and applied in this thesis constitute but three approaches
that address various sugvehallenges that may limit the use of survey data in transport

modeling and forecasting applications. These approaches were selected for examination in
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this document because they are considered to be the most implementable and useful in
bringing enrichedvariables into survey datasets. However, a major direction of future
research that is intended to be executed next is the development of a complete typology of
approaches for expanding (transportation) survey datasets. Such a typology is expected to
be a aluable contribution across fields. Within transportation specifically, it could serve
as a reference/guide for transport engineering and urban planning professionals interested

in enriching various datasets.

Following directly from such a typology, a alesecond area of future research
would involve the execution of methodological application and validation of other survey
enrichment methods (i.e., other methods featured on that typology) within a transport

context. Examples of such methods may include:

1. surveypooling-i . e., “joining” cross sectional
this approach has been executed by the author and other collaborators on the
research teamWWang et al.under review);

2. multiple matrix sampling;

3. micro and macrdevel stdistical matching; and

4. multiple/simultaneous variable imputation, to rafoust a few that the author

intends to examine next.

There are of course numerous additional survey and/or data enrichment methods that could

be developed and examined.

Lastly, and fom a broader perspective, based on the many challenges facing survey

data, it is clear that surveys, a core research tool in many disciplines, are in need of a
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widespread rexamination and subsequent plan forward to help to address errors in survey
desiqn, implementation, and analysis that are plaguing the field. One has only to look at
the wildly incorrect and infamous political polls of the recent U.S. elections (2016, 2020)
to get a sense of how survey errors can completely misrepresent the trueoVadues
population. Even after the most highly respected and rigorous survey firms analyzed and
corrected mistakes identified in 2016, the estimates four years later (2020) continued to be
incorrect. At least one postortem analysis of the 2020 polls suggedsthat this was
because the raw data continued to get worse, as weighting alone could not correct for a
lack of responses from certain demographic groups (Cohn, 2020). If survey research firms
with massive amounts of resources (for example, with regarsampling reach and
incentives) can still get this wrong, it forces the industry to ask, what can be done moving

forward?

Unless we, as survey designers and analysts, are willing to ask ourselves the hard
guestions, survey data will not improve, and iot fanay reach a point of being simply
indefensible. This is unacceptable given that surveys are critical for building interpretable
models that help explain the paradigms of how individuals make decisions and when or
why they experience shifts in underlyinglues, traits, and attitudes. Ultimately, large,
passive datasets, while extremely rich and useful, present only disjoint choices being made
at specific points in time. Thus, survey data is a critical foundational data stream. However,
as mentioned, oveime, these data are becoming less and less representative in ways that
are difficult to correct in postnalysis. Compounding this challenge, survey professionals
see increasing trends of respondents simply not taking the time to provide relevant and/or

thoughtful responses and thus, data quality suffers. Lastly, due to the demand for rapid
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turnover and data insights, less time is spent on pretesting and ensuring that the survey
guestions designed are measuring what they are intended to measure @athetually

capturing another construct).

Thus, in closing, this thesis acknowledges that the work presented here is but a tiny
drop in the bucket that is needed towards improving transportation survey datasets. There
are numerous avenues that need to be criticaléxaenined for survey data torttinue to
be used for the important societal decisinaking processes. It is hoped that this work,
and this closing plea, helps to motivate and inspire transportation researchers to take a step
back from disseminating survey upon survey, and insteadéooin the hard problems that

may be invalidating those very results.
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APPENDIX A. SUPPORTING INFORMATION FOR CHAPTER 1

Table Al. Selected sociodemographic characteristics of the survey datasets

GDOT Sample NHTS Sample

Variable Sample characteristics N = 32882 N =51482
N (%)° N (%)°

Female 1596 (48.54) 3010 (58.47)

Gender Male 1678 (51.03) 2136 (41.49)
18-24 years 33 (1.00) 103 (2.00)

25-34 years 256 (7.79) 630 (12.24)

3544 years 330 (10.04) 737 (14.32)

Age 4554 years 539 (16.39) 895 (17.39)

55-64 years 782 (23.78) 1180 (22.92)

65+ years 1326 (40.33) 1599 (31.06)

Homeowner — 3608 (70.09)

Tenure Renter — 1492 (28.98)
Asian/Pacific Islander 58 (1.76) 80 (1.55)

Black/African American 559(17.00) 1219 (23.68)
Race Native American 25 (0.76) 12 (0.23)

White/Caucasian

2515 (76.49)

3537 (68.71)

Marital Status

Married
Single

1905 (57.94)
1054 (32.06)

Standalone house

1905 (57.94)

Apartment/condo 1054 (32.06) —
Dwelling Type Mobile home 0 (0.00) —
Attached home/duplex/townhouse 318 (9.67) —
Professional managerial, or technical 1025 (31.17) 1555 (30.21)
Sales/service 302 (9.18) 632 (12.28)
o . Manufacturing, construction, 78 (2.37) 270 (5.24)
ccupation . :
maintenance, or farming
Clerical or administrative support 121 (3.68) 306 (5.94)
Less than $50,000 995 (30.26) 2437 (47.34)
Income $50,000$99,999 1151 (35.01) 1524 (29.60)
$100,000+ 1013 (30.81) 1111 (21.58)
Some grade school/high school 74(2.25) 177 (3.44)
Completed high school or equivalent 354 (10.77) 885 (17.19)
Education Some college/technical school 977 (29.71) 1557 (30.24)
Bachelor's degree 989 (30.08) 1251 (24.3)
Completed graduate degree(s) 887 (26.98) 1277 (24.81)
1-person household 923 (28.07) 1890 (36.71)
2-person household 1429 (43.46) 1923 (37.35)
Household Size 3-person household 434 (13.20) 633 (12.30)
4- or more person household 498 (15.15) 702 (13.64)

agxcludes those who did not agree to be contacted again, to be consistent with the validations presente
Sections 2.6.1 and 2.6.2n overlap sample of 1495 respondents is present in both the NHTS and GDO1
survey datasets.

b Frequencies do not add up to 100% or the total N because of rounding errarser®p onses, 0
categories (i.e., neoomparable categories).
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APPENDIX B. SUPPORTING INFORMATION FOR CHAPTER 2

B.1. Supporting tables and figures

Table B1. Classification of TM variables (p = 5684)

Section

p (%)

Category

p (%)

Examples of
subcategories

Sociodemographic

410
(7.21)

Composition
Education

Life event

Work

Housing

Political Indicators

285 (5.01)
20 (0.35)
14 (0.25)

21 (0.37)

42 (0.74)

28 (0.49)

HH Structure, Age, Gender,
Life stage, Background
Level, Background

Move, Divorce, Home buyer,
Relationship

Occupation, Employment
status

Length of residence,
Homeowner, Codes, Density,
Dwelling

Current affairs, Party
membership, Political
districts, Political views

Consumetrelated

3453
(61.28)

Consumer Behavior

Consumer Propensity

Consumer Interests

Consumer Attitudes

864 (15.20)
2421
(42.59)

148 (2.60)

20 (0.35)

Home, Food, Automotive,
Arts/Antiques, Clothing,
Causerelated donations,
Tobacco, Green Living,
Leisure, Baby/Children,
Books/magazines, Business,
Channel, Classic car owner,
Cost, Transaction,
Home/home appliances,
TVIMovie/Video, Holiday,
Gift, Collectibles, Crafts,
Home office/stationary,
Health, Personal care,
Lifestyle, General
merchandise, Electronics,
Novelty, PetsTravel

Saving, Consumerism,
Shopping, Personal interest,
Health, Environment

Financial

1045
(18.38)

Financial Behavior

Financial Propensity

Attitude

133 (2.34)

880 (15.48)

32 (0.56)

Assets, Cash, Credit risk,
Income, Insurance, Economic
stability, Credit/Debit card,
Mortgage, Investment, Race,
Spending, Services
Credit/Debit Card, Account,
Assets, Bank, Bill, Channel,
Check, Spending, Other card
Insurance, Investment,
Mortgage, Offer, Service,
Specification, Tax

Bank, Tax, Service,
Investment, Economy,
Financial publications

Technology

205
(3.61)

Technology Behavior

Technology Propensity

18 (0.32)

187 (3.29)

Computer, Internet, Services,
Other devices

Email, Mobile phone, Mobile
wallet, Service, Smart home,
Channel, DVR, Social Media
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Table B1 cont’d

384

Transport 6.77)

Travel Behavior

Travel Propensity

Vehicle Behavior

Vehicle Propensity

27 (0.48)

127 (2.23)

42 (0.74)

188 (3.31)

Business, Vacation, Activity,
Mode, Travel purchase
Activity, Lodging, Spending,
Trip purpose, Channel, Mode
Type, Vacation

Payment, Vehicle ownership,
Vehicle purchase

Vehicle ownership, Vehicle
purchase, Vehicle rent,
Loyalty, Payment,
Specification, Auto club

184

Segmentation (3.24)

Lifestyle

Sociodemographic

Financial

Technology

Transport

84 (1.48)

20 (0.35)

32 (0.56)

29 (0.51)

19 (0.33)

General segmentatin
Health, Leisure, Shopping,
Sports, Media, Food, Privacy
Composition, Occupation,
Life event
Banking,Investment,
Insurance, Affordability,
Income

Technographit Technology
adoption, Applications,
Attitude

Travel, Vehicle, Attitude

aBecause technology and transportation are higblyulatedcategories of interest in this research domain, they i
classified separately from the other consumer behavior/propensity variables.

bGeneral lifestyle segmentation variables are developed based on demographic, socioeandootisumer
behaviors and are among the most wetlognized and prototypical TM variables since they capture many
dimensions within one variable.

‘The term technographic refers to general technology segmentation; in fact, the term was initially introtheed
marketing domain to characterize consumer segmentation based on attitudes, behaviors, and preferences t
technol ogy. I'n addition, there is an entire |-exi

representing the generatithat cannot imagine life without mobile phones.

Table B2. Variables compared/equated between TM, NHTS, and GDOT survey

data
Variable
Nam_e TM Variable Categories NHTS V_ariable GDOT \_/ariable Final Vqriable
(Variable Categories Categories Categories
Type)
Male Male Male Male
Female Female Female Female
Gender — - Other Otherhot
) o o applicableissing
Not applicablehissing values  — Missing values values
18-24 years
25-34 years
Age relative to 2017 Age relative to 2017 Age relative to 2017 3544 years
Age (2017- birth year) (2017- birth year) (2017- birth year) 4554 years
55-64 years
65+ years
Missing values - Missing values Missing values
. . 1-person household
Total occupants in household Total occupants in - Total occupants in 2-person household
Household  (number of adults + number of household household 3-person household
size? children) ('”C".*des NoA (excl_udes non 4- or more person
relatives) relatives)

Missing values

Missing values

Missing values

household
Missing values
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Table 5.2 cont’d

Less than $15,000

Less than $10,000

Less than $25,000

$15,000 to $19,999 $10,000 td$14,999
$20,000 to $29,999 $15,000 to $24,999 — Less than $50,000
$30,000 to $39,999 $25,000 to $34,999
$40,000 to $49,999 $35,000 to $49,999 $25,000 to $49,999
$50,000 to $74,999 $50,000 to $ 74,999 $50,000 to $74,999
$75,000 td$99,999 $75,000 to $99,999 $75,000 to $99,999 $50,000 to $99,999
| $100,000 to $124,999 ﬁgg'ggg o
ncome , C
$125.000 to $100,000 to $149,99¢
$149,999 $100,000 or more
Greater than $124,999 $150,000 to
$199,999 $150,000 or more
$200,000 or more
| don't know Prefer not to
Missingvalues | prefer not to answer Missing values answer /|
Not ascertained knowimissing
scertal values
Some hiah school Less than a high Some grade Some grade
9 school graduate school/high school school/high school
. . Completed high
High school graduate High s_chool graduate Completed h_lgh school or
or equivalent school orequivalent -
equivalent
Some Some
Some college or . .
Some college associates degree college/technical college/technical
school school
i College graduate Bachelor's degree Bachelor's degree
Education 9eg 9 g Bachelor's degree
— - Some graduate schoc
Graduate dearee Graduate degree or Completed graduate Completed
9 professional degree degree (S) graduate degree (s)
Appropriate skip (age Not
<14) applicableprefer
Missing values | don't know Missing values not to answer/|
Not ascertained don’ t missingp
| prefer not to answer values
Asian Asian Asian/Pacific
- Native Hawaiian or ~ Asian/Pacific Islander
Pacific Islander o Islander
other Pacific Islander
Black or African Black or African Black/African
Black . . .
American American American
American Indian American I'ndlan o' Native American Native American
Alaska native
White White White/Caucasian White/Caucasian
Raceb - - .
Mixed (no single race/ethnic A
. : Multiracial - L . .
group is dominant) Multiracial/Hispani
NHTS asked clother (not

Hispanic?

Other

Missing values

Hispanic/Latino in
separate questich
Some other race

I don’'t Kkr
| prefer not to answer

Hispanic/Lating®

Other (please specify

Missing values

specified)prefer
not to answer/I
don’ t missing
values
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Table 5.2 cont’d

Professionatéchnical
Self-employed-
professionakechnical
Educator
Financialprofessional
Legalprofessional
Medical professional
Administrationfanagerial
Self-employed-
administrationmanagerial

Salesgervice

Self-employed- salesservice
Craftsmantflue collar

Professional
managerial, or
technical

Salegservice

Manufacturing,

Professional/technica

Manager/administratc
r

Salesarketing

Services/repair

Professional
managerial, or
technical

Salesgervice

Manufacturing,

Selfemployed- craftsmanblue  construction, Production/ construction,
collar maintenance, or construction maintenance, or
Occupsion ~ Farmer farming farming
Clericaltvhite collar Clerical or Clerical/administrativ Clerical or
Self-employed- clericalivhite administrative administrative
e support
collar support support
- — Arts/crafts
Other
Sef-employed- other Something else Other
Military
Religious Otherhot
Student applicablesot able
Self-employed- student to be c!assmed/ '
Homemaker . . . don’ t preken o
Retired Appropriate skip Not applicable not to
Selfemployed- homemaker answenhissing
] values
Self-employed- retired
— | don't know
— | prefer not to answer Missingvalues
Selfemployed Not ascertained
Marriedinferredmarried - Married Married
Singleinferredsingle - Single Single
— - In a relationship
Marital ; ;
Status Not_smgl_e (butdid Not able to be
not identify as o T
— - X . classifiedmissing
married or in a
. - values
relationship)
Missing values - Missing values
Singlefamily dwelling unit — Standalone house Standalone house
Condo -
. Apartment/condo Apartment/condo
Apartment (5+ Units) -
Mobile home — Mobile home Mobile home
Dwelling : ; ; Attached Attached
Type¢ 2-4 United (uplex,triplex, - home/duplex/townho home/duplex/townh

quad)

Miscellaneousesidencedombo

storeflat)
Timeshare

Cooperative

use

Other

ouse

Otherhot able to be
classifiedmissing
values



Missing values - Missing values

Table 5.2 cont’d

Homeowner Own — Homeowner
Renter Rent - Renter
Tenure/ — Some other -
Not able to be
arrangement A,
Homeh_c dg , K classifie
owneship™ — — ' on’t r— knowi/prefer not to
— | prefer not to answer — answenhissing
Missing values Missing values — values

a NHTS data initially included nerelatives in the household size estimate; however, we adjusted this number to re
nonrelatives, thus making it comparable with the GDOT data. TM did not specify whether or refatores were
included, but based on the variable description, which simply states that the variables encompasses the number
and children in a haehold, we have reason to believe that the TM data most likely does includdatoes. We have
accommodated this difference by instituting household tolerances in our analyses.

b Each of the three data sources treatedjtiilee st i on/ cl assi fication regardin

variable used treated “ Hi spdaniso/nmeatnien ov'a sa sc | aams se Xdl
could not have another racei apangokdationoheams dhee
the official United States Census Bureau definition that considees o be “ Whi t e” , “Bl ack
I ndi an”, “Paci fic | sl an cthnicityto beovhetharmiodividwalris ofr Hésjgaric originwort

not. As such, U.S. official documents consider race and ethnicity to be two different demographic characteristics
typically ask them separatelsome ach ot her . The GDOT s ur v e yrade caegos,dut"”
asked respbedknasl tohati nappldy ngotwyowad!l ow “ Hi spani
category as well. Accordingly, for the GDOT survey, we see that 82 respondents (of 3288, total) checked the

“Hi spaniecél category, and of these 42 selected ano
We are therefore missing race data for the remaining 40 GDOT respondents who checked Hispanic/Latino, but
select another race. Similariyn t he TM dataset, we are missing race

and may similarly be missing relevant ethnicity data for individuals classified into the Census Bureau race categ(
Thus, for the purposes of creating compégaace categories across these data sources, we consider all TM and G
respondents who are classified as “Hispanic/Latinc
who identified as “Hispamassi bLatdhotategbhg asowedtk
¢NHTS does not have an exclusive marital status or dwelling type question, and as such could not be compared
data. The GDOT survey does not have a tenure/home ownership question and so could not be compared to TM
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Table B3. Variable Accuracy Rates across Overlapped Respondents before and after Processing

Before Data Processing

After Data Processing

. TMvs. GDOT ~ TMvs. NHTS GDOT vs. TMvs.GDOT  TMvs. NHTS GDOT vs.
Variable Match N = 1495 N = 1495 NHTS N = 1245 N = 1245 NHTS
B B N = 1495 B B N = 1245
N % © N % N % N % N % N %
Gendep Accurate matches 1366 96.40 1367 96.06 1464 98.39 | 1240 100 1245 100 1240 100
Inaccurate matchds 51 3.60 56 3.94 24 1.61 0 0 0 0 0 0
Not comparablé 78 - 72 - 7 - 5 - 0 - 5 -
Age? Accurate matches 1312 94.46 1269 91.03 1411 94.76 | 1209 99.51 1171 95.58 1192 99.16
Inaccurate matches 77 5.54 125 8.97 78 5.24 6 0.49 49 4.42 47 0.84
Not comparable 106 - 101 - 6 - 30 - 25 - 6 -
Tenured Accurate matches - - 1330 91.72 - - - - 1145 92.56 - -
Inaccurate matches - - 120 8.28 - - - - 92 7.44 - -
Not comparable - - 45 - - - - - 8 - - -
Race Accurate matches 1140 86.17 1129 86.65 1392 98.79 963 87.23 952 87.82 1165 99.15
Inaccurate matches 183 13.83 174 13.35 17 1.21 141 12.77 133 12.18 10 0.85
Not comparable 172 - 192 - 86 - 141 - 161 - 70 -
Marital Accurate matches 981 73.48 - - - - 859 74.89 - - - -
status? Inaccurate matches 354 26.52 - - - - 288 25.11 - - - -
Not comparable 160 - - - - - 98 - - - - -
Dwelling Accurate matches 723 60.1 - - - - 616 59.52 - — — —
typed Inaccurate matches 480 39.9 - - - - 419 40.48 - — — —
Not comparable 292 - - - - - 210 - - - - -
Occupation  Accurate matches 214 63.5 240 59.7 428 77.12 192 63.58 222 60.66 344 77.83
Inaccurate matches 123 36.5 162 40.3 127 22.88 110 36.48 144 39.34 98 22.17
Not comparable 1158 - 1093 - 940 - 943 - 879 - 803 -
Annual Accurate matches 796 54.97 837 56.71 1170 81.19 676 56.19 706 57.45 978 81.70
household Inaccurate matches 652 45.03 639 43.29 271 18.81 527 43.81 523 42.55 219 18.30
income Not comparable 47 - 19 - 54 - 42 - 16 - 48 -
Educatiorf Accurate matches 550 45.23 555 4553 1324 88.80 514  48.22 515 48.18 1114 89.77
Inaccurate matches 666 54.77 664 54.47 167 11.2 552 51.78 554 51.82 127 10.23
Not comparable 279 - 276 - 4 - 179 - 176 - 4 -
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Table 5.3 cont’d

Household Accurate matches 472 31.61 491 32.84 1251 83.79 399 32.07 406 32.61 1055 84.81
sized Inaccurate matches 1021 68.39 1004 67.16 242 16.21 845 67.93 839 67.39 189 15.19
Not comparable 2 - 0 - 2 - 1 - 0 - 1 -

aGender, age (tolerance-4 years), and education (tolerance:2-levels) are used in pegtocessing to ensure that the TM records are for the correct
individuals. As such, the accuracy for these numbers in theppostssed sample are higher than iddae typically expected (or unrealistically perfect, as
the case of gender). Note that even when instituting these stringent matching criteria, a large number of resporefeais stithe survey datasets.
Additionally, thereé ramaisn f‘oNotgenarp g rpoessing sanpled beeadiae wearetainechcasesrfor whicke |
gender/age/education are missing in either the TM or survey datasets, as these could not be definitively ruled outdasedtenmatches.

bMatch percentages exclude “Not comparable” segments and asedwithand be
equivalent category between data sources that are accurately matched (or inaccurately matched).

cThe “ Not "coamptagq@drlye i ncludes respondents in “Other/ Could notesdbe ¢
categories were not separated, because they are oftegtandorffNoundaedl
not distinguishable from each other, although they were distinguishable for some of the questions in the survey dala Saati@s.4.1.3 we provide
general missing rates for the TM data to allow for an understanding K&ftéseof missingness in the TM data.

dNHTS did not obtain marital status and home dwelling type of survey respondents, and thus these variables could no¢thdetveparTM and NHTS
data. Similarly, GDOT did not obtain tenure, and thus this varhlél not be compared between TM and GDOT survey data.

€When a tolerance of +1 is instituted for the household size variable, the accuracy rates increase as follows: 71.40%, 70.50%, 97.12%, 7Q%0%, 7(
97.19%.

20z



BGDOTvs. TMD EONHTSvs. TMD 0O GDOT vs. NHTS

< 8 g SRS =~ ) §
g 888 $39 o 5 Qo ~ ) o8 R
o [] i il % % [] 2 A 4 o0 =
w M - o " R % M «
2 . 33 3 5 3
= o © 5 8 N
" S 3 @
= pe S
S o
Q
Q
<<
GENDER AGE TENURE RACE MARITAL OCCUPATION DWELLING  ANNUAL EDUCATION HOUSEHOLD
STATUS TYPE HOUSEHOLD SIZE
INCOME

Figure B1. Variable Accuracy Rates across Overlapped Respondents before Processing

20¢



B.2. TM data integration case study

Here, we present in detail the process (Figure 5) used to integrate TM data with the
GDOT survey and NHTS (see Section 4.1). We cauhiahthe information provideshay
not alwaysapply to all TM data providersGiven the constantly evolving and expanding
natureof TM data, as well as the proliferation of new privacy laws, it is necessary for
analyststo conduct their own investigations prior to making the best decision for their

respective dataeeds and jurisdictional constraints

B.2.1. Selection of TMlata provider andservice

Selecting a TM data provider depends primarily on: (1) the types of variables the
analyst is hoping to acquire; and (2) the constraints of the provider regarding sample size
restrictions and variable availability. There are hundreds of firms that proidedata;
however, approximately five to seven of these are mggeiders that dominate the TM
data market in variable quantity and quality. These large providers are often branches of
credit reporting firms such as Experian, Equifax, and TransUnion.a88ilaibe U.Sbased
TM providers that are not directly linked to credit reporting firms, but which
collect/develop their own data, include Acxiom and Epsilon. Smaller TM data providers
often purchase, repackage, and subsequentigltsubsets of TM dafaom larger firms,
and as a result data from smaller firms may not always be as regularly updated as data from
larger providers. Furthermore, large TM data providers are often able to source much of
their data directly, as well as to supplement their desed with valuable, high cost data

from a myriad of service providers and analytics firms. Many large data providers have

smal | busi ness
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researchers may often fall within these smaélibeiss arms, as in our case with a sample
size of N~10,000 cases. However, we recommend that academic researchers start by
exploring the larger TM providers, given that even-fineected to the small business arms,
these data would most likely still bewgced from the master databases available to larger

clients.

After becoming familiar with the TM firms offering the best quality data in the
geographic region of interest, researchers/practitioners will need to explicitly define the
type of information neded. As shown in Figure 5 of the main text, there are four primary
services most typically offered by TM providers: (1) distributions of select variables by
geographic region; (2) individualame/businessame and address/ emaddress lists; (3)
name/ernil-address/phoraumber appends to provided information (e.g., names
appended to given addresses); and (4) data enrichment, which involves appending a wide
range of selected variables to existing names and addresses. We discuss each of these
services in urn. The first service listed here involves acquiring the frequencies or
distributions of a particular variable, for example: gender and age, by the chosen level of
geographic aggregation, whether state, county, or smaller areas like census tractkand bloc
groups in the U.S. This service is typically used by marketing agencies who are hoping to
understand the demographics of a specific area, but can also be used for aggregate level

TM data validation (Kressner and Garrow, 2014).

Most transportation agems and researchers currently use TM data primarily to
purchase name and address lists in a particular jurisdiction; and there are hundreds of TM
providers and other firms that provide this service. As a side note, if sampling hames as

well as addresseg,is important to decide whether to obtain the default name associated
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with a given address in the TM database, or to request a randehatted (adult, usually)
household member at each addressd if the latter, to doubleheck that that is what is

acdually provided. The default name is generally considered (by the TM provider) to be the
“head of household”, which may be adequate
designers obtain the names/addresses with the intention of conducting surveys on a
random/representative sample of one person per household, and obtaining only heads of
households would clearly preclude the study from being a random sample of the study

population.

Regarding the name append service, TM firms are typically able to pribveke
to five selected household member names accompanied by gender and age characteristics
for a given address. This service may be useful for researchers/practitioners who have
addresses (and ideally SED characteristics like gender and age) for ewitisgort
survey data, but who then wish to match this to the correct individual in order to be able to

further enrich that respondent’s profile.

about the provider ' s dmeasesddnwhiclartarees aré present,in t h e
the TM database, signifying that the firm has at least some information about one or more

people living there.

The fourth and most relevant TM service in the context of this paper entails
appending selected variablesexisting names and addresses. Both large and small TM
data providers typically have two options for data enrichment. For a small number of
variables (e.g., 58 100) and limited number of respondents, there are online portals that
can be used to quigkland easily append variables of interest. As the order size grows,

analysts must purchase -hdhesenrsehwmenes .daAfa
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with multiple data providers, our team reached the understanding that most TM firms are
disinclined o provide all available variables, possibly due to proprietary concerns.
However, for this project, after providing extensive justification for our use of this data,
the data firm agreed to provide our team with an extensive list of variables. Our imterest
obtaining almost all TM variables available was due largely to the exploratory nature of
this work, and our intention to use this experience to provide guidance on the overall
process as well as to identify key TM variables that may be most usefalysis moving
forward. In the future, we recommend that transportation professionals identify a smaller,
more targeted subset of variables for enrichment, as this significantly simplifies the

acquisition process.

Finally, when selecting a provider fortdaenrichment, we strongly recommend:
(1) first purchasing a test set of data on a small subset of respondents; and (2) carefully and
thoroughly examining the data documentation and dictionary provided. In our experience,
because TM firms primarily caten tnarketing clients, many of whom are interested only
in reaching their target population, there tends to be a litany of variables and/or variable
categories that are not accounted for, not -deflned, or simply missing from the
documentation altogethdn obtaining test sets for this project, our team became aware of
the fact that even providers with high quality data may not always have high quality
documentation. Given that transportation professionals/researchers are often more
interested than marlkats in formally defining, understanding, and documenting variables,

this verification is critical when it comes to selecting an appropriate provider.



B.2.2. TM data acquisition

TM providers typically require a list of names and addresses across all cases that
arebeing submitted for data enrichment (i.e. the fourth service discussed in Section 10.2.1
and as shown in bold in Figure 5). Submitted lists are matched against names and addresses
on file in the TM provider’' s da taanbtas e, an
matched, variable matches degenerate into less precise matches (e.g., address and last
name, address only, zip+4 code, zip code, or possibly even more aggregate matches if the
attribute is not available for an exact name/address). It is theliefportant to obtain and
submit as complete and accurate a list of names/addresses as possible. We realize that
analysts have varying amounts of name/address information available for their datasets,
and thus, here we demonstrate how we dealt with thestouey data subsets in this study

(see Figure 1.2 in the main text), as each had differing circumstances.

First, we examine the case in which analysts have multiple sources of name/address
information available, as was the case for the GDOT_R and NH3i®eAR respondents.
For these subsets (both of which completed the GDOT survey), there were three sources
of name/address information: (1) from the original mailing list purchased for the GDOT
survey (in the case of GDOT_R) or provided by GDOT (for NHTSeAgR); (2) from
the home address question on the GDOT survey; and (3) from the final page of the GDOT
survey where respondents indicated their name and address to receive a small token of
appreciation. For these respondents, we developed name and #ddsegs crosscheck
names and addresses from the different sources. The flags were developed to code
respondents depending on whether their-gdbrted names and/or addresses differed

from the mailing list names and addresses to which that unique suagegelivered. For
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example, if a survey addressed to person x was delivered to y address, and filled out by
person z at y address, and the respondent reported her name and address accurately on the
completed survey, this flag would capture the fact thatgerson is different, but the
address to which the survey was mailed is consistent. We developed this system to help in
selecting which name and address combination should be submitted for TM data

augmentation.

For ~450 respondents in these subsetslichip cases (either two or three) were
submitted for TM data augmentation due to uncertainties or differences regarding-the self
reported name/address and the mailing list name/address. Duplicate cases represent a form
of insurance for obtaining the begsissible match rate in the data augmentation process, as
once the TM variables have been appended, we can select the TM record that best matches
the survey data for the individual for whom duplicate records were submitted. Thus, for
analysts who have varny sources of name/address information, we recommend a similar
system for choosing which record should be submitted for data enrichment. Researchers/
practitioners who have only one source of name and address information obviously would
not have to engage this checking process, as was the case for the NHTS_Agree_ DNR
respondents for whom we essentially had only the name/address information that they

shared when agreeing to be contacted again.

The fourth subset, consisting of NHTS respondents who didwaot to be
contacted again (NHTS_DNAgree_DNR), required the mosppeessing, as this subset
had only address information available (obtained from the trip diary data). For these
individuals, we first used the TM name append service to obtain namesyeidlby a

smallscale data enrichment to obtain gender and age, for up to five individuals living at
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the submitted addresses. At this point, we investigated gender/age matches between the
NHTS households and the firsnedfromtheddh f i f
append services. The purpose of this process was to find the best individual match, by age
and gender, between the household members in the NHTS sample and those living at the
same address in the TM database. Having done this, these remottien be treated like

those in the other subsets. Once the data enrichment has been completed, names can be

removed from the data files as they are no longer needed.

Thus, for researchers/practitioners who have address information (which is often
preent in travel surveys) without names, it is possible to consider data enrichment after
obtaining names linked to those addresses through a name append service. However, if no
address information is available, then TM data may be integrated using a sampling
approach based on selected characteristics (e.g., similar age, gender, education level,
neighborhood type, etc.), a method used in synthetic population generation (see, for
example, Kressner, 2017). As privacy restrictions become increasingly striety iben

necessary to pursue flexible data enrichment approaches such as the latter option.

In this section, we provided a generalized overview of the process used to
successfully enrich transportation survey data with varying amounts of name and address
information. However, we acknowledge that this stage of the data enrichment process can
be time consuming, and may well be a limiting factor for many users. Thus, it is
recommended that analysts make appropriate plans while designing and administering their

respective surveys, so that less manipulation will be necessary duriqg @osssing.
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B.2.3. TM dataprocessing

Following data acquisitionthe resultingTM dataset typicallyequires processing
before integration with the existing datasets. The extent of #ffests is dependent on the

total number of TM variables acquired, as well as on the clarity of the data documentation.

The first step entails the individulvel comparison of the TM record for each case
relative to available (survey) datathis verification is intended to ensure that TM data
purchased for an individual is indeed representing that individual. Analysts should first
select the variables that will be pairwise compared between the TM and survey data, and
subsequently establish an associdatdéerancdevel. For example, in this paper, the three
variables selected for verificatiowere gender, age, and education level, in order of

importanceAfter selecting the variables to be compared, we then:

1. Removed ases for which gender, age, and etiocaevelwereall missing in the
TM record, as appropriate matches between the TM data and survepalataot
be established without this information.

2. Removeccases thatid not match on gender.

3. Calculated age and education differences between TMsanay data for each
record.

4. Retainedmatches with the minimum age and education differences per unique
record.

5. Removedtases that fell outside of our stated tolerance lewelse following order:

a. Removed cases that felltside of an age tolerance of fdur years
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b. Removed cases that fellitside of an education level tolerance oftwio levels.

6. Conducted manual removal for unique records that still had duplicate cases

remaining after the above process.

Over the cowe of the data matching process for this dataset, the total number of
respondents was reduced by approximately 21%. Removal ofczasesoduce bias; and
we anticipate that retained cases are those that are more likely to have records in consumer

databaes (see Sectidnof the main textor examination of this

After checking each TM record relative to the existing survey records, the TM
variables shouldbe recoded aseededIn our experience, TM databases do abtays
follow data conventions, anaeordingly, the values are sometimes a mix of numbers and
letters €.9, a nominal variable may have “M” t
represent another, thus precluding automatic recodihept, variableswhose share of
missing valuedies above acertain threshold should be either removed or imputed,
depending on thea n a | ¥yimalt goads. Further cleaning, such as removing highly
correlated variables an¢hear) zero variance variables, should then be conducted.
Depending on the number and typésI® variables acquired, the level of cleaning and
imputation required would differ. For exampdénce weacquired over 5000 TM variables,
the imputation effort required our team to use machine learning (specifically, the Random
Forest algorithm) with aupercomputer to efficiently impute across varied variable types
at the same time. Traditional imputation approaches such as Expectation Maximization and
Multiple Imputation are not feasible with mixed variable types across such large datasets.

Additionally, for research teams that obtain large sets of TM variables, dimension
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reduction or othefeatureyariable selection procedures may be necessary prior to using

the acquired data.
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APPENDIX C. SUPPORTING INFORMATION FOR CHAPTER 3

Table C1. Selected common variable sociodemographic characteristics for the
transportation survey datasets

GDOT Sample NHTS Sample
Variable Sample characteristics N = 26992 N = 45812
N (%) P N (%)°
Female 1272 (47.12) 2707 (59.09)
Gender Male 1427 (52.87) 1874 (40.91)
18-34 years 197 (7.30) 480 (10.48)
3544 years 253 (9.37) 621 (13.56)
Generation 45-64 years 1098 (40.68) 1931 (42.15)
65+ years 1151 (42.65) 1549 (33.81)
Asian/Pacific Islander 47 (1.74) 101 (2.20)
Black/African American 471 (17.45) 1048 (22.88)
Race Native American 55 (2.04) 78 (1.70)
White/Caucasian 2175 (80.59) 3431 (74.90)
Professional managerial, or technical 966 (35.79) 1424 (31.08)
Sales/service 289 (10.71) 549 (11.98)
0 . Manufacturing, construction, maintenance, ot 62 (2.30) 278 (6.07)
ccupation farming
Clerical or administrative support 112 (4.15) 271 (5.92)
Worker Worker 1460 (54.09) 2526 (55.14)
Less than $25,000 324 (12.00) 983 (21.46)
$25,000 to $49,999 548(20.30) 1059 (23.12)
$50,000 to $74,999 552 (20.45) 841 (18.36)
Income $75,000 to $99,999 423 (15.67) 594 (12.97)
$100,000 to $149,999 497 (18.41) 665 (14.52)
$150,000 or more 355 (13.15) 439 (9.58)
Some grade school/high school 48(1.78) 131 (2.86)
Completed high school or equivalent 295 (10.93) 913 (19.93)
Education Some college/technical school 833 (30.86) 1465 (31.98)
Bachelor's degree 839 (31.09) 1098 (23.97)
Completed graduate degree(s) 684 (25.34) 974 (21.26)
Driver Driver 2673 (99.04) 4361 (95.20)
No drivers 12 136
Number of 1 driver 862 1683
household 2 drivers 1412 2302
drivers 3 drivers 269 361
4+ drivers 144 99
1-person household 784 (29.05) 1385 (30.23)
2-personhousehold 1184 (43.87) 1938 (42.31)
Household
Size 3-person household 333 (12.34) 603 (13.16)
4- or more person household 398 (14.75) 220 (4.80)
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Table C2. Attitudinal indicators and latent constructs for 15- factor EFA and CFA solution

EFA CFA
Factor Statement Loading | Loading®
Non-car s. | like the idea of walking as a means of travel for me. 0.730 0.805
alternatives | ae. | like the idea of bicycling as a means of travel for me. 0.727 0.680
c. | like the idea of public transit as a meangra¥el for me. 0.350 0.577
Techsavvy | g. Learning how to use new technologies is often frustrating for me. -0.938 -0.778
af. | am confident in my ability to use modern technologies. 0.835 0.974
Commute y. My commute is a useftitansition between home and work (or school] 0.693 0.732
benefit g. My travel to/from work (or school) is usually pleasant. 0.610 0.641
as. | wish | could instantly be at work (or schoethe trip itself is a waste| -0.421 -0.448
of time.
Modern I. I like the idea of having stores, restaurants, and offices mixed amon 0.432 0.240
urbanite homes in my neighborhood.
k. My phone is so important to me, it's almost part of my body. 0.398 0.873
Work-oriented | d. At this stage of my lifehaving fun is more important to me than -0.475 -0.343
working hard.
u. I'm too busy to have as much leisure time as I'd like. 0.675 0.877
Materialistic | a h . I usual ly -fgroi Iflog” Xt hepthiasn cr -0.598 -0.620
money forextras.
n. The functionality of a car is more important to me than the status of| -0.451 -0.455
brand.
z. | would/do enjoy having a lot of luxury things. 0.417 0.508
ag. | like to wait a while rather than being first to buy meaducts. -0.364 -0.397
b. | prefer to minimize the amount of things | own. -0.344 -0.442
Polychronic | ag. | prefer to do one thing at a time. -0.919 -0.898
e. | like to juggle two or more activities at the same time. 0.725 0.662
Pro v. Cost or convenience takes priority over environmental impacts (e.g.| -0.941 0.538
environmental | pollution) when | make my daily choices.
ar. | am committed to an environmentalhiendly lifestyle. 0.550 -0.918
Family/friends | p. Family/friends play a big role in how | schedule my time. -0.602 0.520
oriented* w. lt’s okay to give up a | ot o 0467 -0.565
other worthy goals.
Prosuburban | a a . I prefer to | i v e faitherfrem pshtica c i 0.651 0.849
transportation or many places | go to.
f. | see myself living longerm in a suburban or rural setting. 0.362 0.310
z. | would/do enjoy having a lot of luxury things. 0.439 0.530
Waiting- al. Having towait is an annoying waste of time. 0.958 -0.861
tolerant* h. Having to wait can be a useful pause in a busy day. -0.526 0.564
Travelliking* | ac. | generally enjoy the act of traveling itself. -0.716 0.264
a. | like exploring new places. -0.563 0.394
Sociable* X. | consider myself to be a sociable person. -0.687 -0.490
0. I m uncomfortable being arou| 0462 0.359
Pro-carowning | t. | definitely want to own a car. 0.882 0.901
j. I am fine with not owning a car, as long ash use/rent one any time || -0.599 -0.655
need it.
ak. I like the idea of driving as a means of travel for me. 0.460 0.589
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Table C2 cont’d

Pro-exercise | ao. The importance of exercise is overrated. 0.756 0.685
m. | am committed texercising regularly. -0.702 -0.813

2Not all factors used in the CFA are shown here. For simplicity, we include only the loadings for the statements thaitbvirdap
EFA construct statements.

*The loadings on these statements musekiersed during interpretatidiney have been reversed as needed in all model results
shown.

Table C3. Attitudinal indicators and latent constructs for six-factor solution

EFA CFA
Factor Statement Loading Loading®
s. | likethe idea of walking as a means of travel for me. 0.560 0.752
ae. | like the idea of bicycling as a means of travel for me. 0.491 0.636
c. | like the idea of public transit as a means of travel for me. 0.565 0.682
m. | am committed texercising regularly. 0.431 0.459
Non-car a. | like exploring new places. 0.388 0.345
alternatives ar. | am committed to an environmentaffiendly lifestyle. 0.340 0.364
. 1 like the idea of having stores, restaurants, and offices mixed amonc 0.339 0.432
homes in myneighborhood.
ac. | generally enjoy the act of traveling itself. 0.302 --
g. Learning how to use new technologies is often frustrating for me. -0.963 -0.836
Techsavvy af. | am confident in my ability to use modeathnologies. 0.736 0.904
as. | wish | could instantly be at work (or schoethe trip itself is a waste -0.613 0.536
of time.

Commute al. Having to wait is an annoying waste of time. -0.569 0.614
and wait  y. My commute is a usefttansition between home and work (or school 0.495 -0.584
tolerant h. Having to wait can be a useful pause in a busy day. 0.478 -0.562

g. My travel to/from work (or school) is usually pleasant. 0.432 -0.537

ag. | prefer to do one thing atime. 1.058 0.936
Polychronic e. | like to juggle two or more activities at the same time. -0.557 -0.640

z. | would/do enjoy having a lot of luxury things. -0.670 0.687

ah. I usual ly -fgroi Iflog” Xt hepthiasn cr ¢ 0.483 -0.507

money for extras.

aa. | prefer to live in a spaci -0.391 0.530
Materialistic transportation or many places | go to.

n. The functionality of a car is more important to me than the status of 0.388 -0.380

brand.

b. I prefer to minimize the amount of things | own. 0.366 -0.458

ag. | like to wait a while rather than being first to buy new products. 0.316 -0.325

Pro-car ak. I like the idea of driving as a means of travel for me. 0.621 0.656
owning

t. | definitely want to own a car. 0.599 0.816

aj. As a general principle, 1" d 0.479 0.569

them from someone else.

j- I am fine with not owning a car, as long as | can use/rent one any tim  -0.446 -0.663

need it.

f. | see myself living longerm in a suburban or rural setting. 0.362 0.391

2Not all factors used in the CFA are shown here. For simplicity, we include only the loadings for the statements thaiitbveréap
EFA construcstatements.
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Table C4. Native common variables in GDOT and NHTS surveys

Variable NHTS Variable Categories GDOT Variable Categories Final Varl.able
Name Categories
Gender Male Male Male
Female Female Female
Age Age relative to 2017 Age relative to 2017 Age relative to 2017
9 (2017- birth year) (2017- birth year) (2017- birth year)
Household  Total occupants in household Total occupants in household Total occupants in
. i ] . household (excludes
size? (includes norrelatives) (excludes no#nrelatives) .
nonrelatives)
Less than $10,000
$10,000 to $14,999 Less than $25,000 Less than $25,000
$15,000 to $24,999 —
$25,00010 $34,999 $25,000 to $49,999 $25,000 to $49,999
Household $35,000 to $49,999
income $50,000 to $ 74,999 $50,000 to $74,999 $50,000 to $74,999
$75,000 to $99,999 $75,000 to $99,999 $75,000 to $99,999
$100,000 to $124,999 c
$125.000 to $149 999 $100,000 to $149,999 $100,000 to $149,99¢
$150,000 to $199,999
$200.000 or more $150,000 or more $150,000 or more
. . Some grade
Less than a high school graduatt Some grade school/high school school/high school
High school graduate or . . Completed high
equivalent Completed high school equivalent school or GED
Some
Some college or associates degi Some college/technical school college/technical
school
Bachelor's degree Bachelor's degree B hel ,
Education - Some graduate school achelor s
Graduate degree or professional Completed graduate degree (s) Completed graduate
degree degree (s)
Appropriate skip (age < 14)
Not
I don't know Missing values applicable/missing
values
Not ascertained
| prefer not to answer
Asian
Native Hawaiian or other Pacific Asian/Pacific Islander Asian/Pacific Islander
Islander
Black or African American Black or African American BIack_/Afncan
American
American Indian or Alaska native Native American Native American
Race’ White White/Caucasian White/Caucasian
Multiracial More than one category selected Multiracial
NHTS asked H_|span|c/Lat|no n Hispanic/Latind® Hispanic/Latind®
separate questidh
Some other race Other (please specify) Other
I don’t know o L
Missingvalues Missing
| prefer not to answer
Worker Worker Worker Worker
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Table C4 cont’d

Work full- Work full- time for pay Work full- time for pay work full- time for
time for pay pay
mékfgﬁ;; y Work parttime for pay Work parttime for pay \Fl)\gc;rk parttime for
j\g/gsrck two Work more than one job | have two or more paying jobs. Work two jobs
Homemaker A homemaker | am a homemaker/caregiver Homemaker
Student Going to school Full time/part time student Student
Retired Retired | am retired Retired
Other work Something else | do unpaid work Other work
Other
Physical conditions or anxieties that
absolutely prevents driving during th
day
Given up driving altogether Physical conditions or‘a.nxieties. that
absolutely prevents driving at night
Physical conditions or anxieties that
absolutely prevents driving on the
freeway
— Physical conditions or anxieties that
absolutely prevents taking public
transit
— Physical conditions or anxieties that
absolutely prevents walking
— Physical conditions or anxieties that
absolutely prevents riding a bicycle Resp_o_ndent ha_s a
Medical I_Dhysica] (_:onditiqns or anxieties that gﬁzﬂﬂgg’tﬂigggh i
condition Ilmlts.dnvmg qqung the day . or limit them from
Limited driving to daytime F_>hy3|ca_l (_:ondmo_ns or anxieties that traveling outside the
limits driving at night home
Physical conditions or anxieties that
B limits driving on the freeway
Used the bus wubway less Physical conditions or anxieties that
frequently limits taking public transit
- Physical conditions or anxieties that
limits walking
— Physical conditions or anxieties that
limits riding a bicycle
Reduced dayo-day travel -
Asked others for rides -
Used special transportation -
services such as Diél-Ride
Used a reduced fare taxi —
Driver Driver? Yes Age you received your license Yes, | am a driver
Driver? No | don’ t have a | No,lamnotadriver
HH driver Number of'related people in HH Numbe_r of related people in HH whc mulznk?(\j\:h(g ;er:aatlves
who are drivers hold a license dri
rivers
() persons under 6 () persons under 6 () persons under 6
() persons 612 () persons 612 () persons 6.2
() persons 187 () persons 187 () persons 187
Household () persons 186 () persons 126 () persons 186
age groups () persons 2-84 () persons 284 () persons 2:B4

() persons 3%0

() persons 3%0

() persons 350

() persons 565

() persons 5b65

() persons 5565

() persons over 65

() persons over 65

() persons over 65
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Table C4 cont’d

a NHTS data initially included nerelatives in the household size estimate; however, we adjusted this number to

remove norrelatives, thus making it comparable with the GDOT data.

bThe NHTS asked “Hispanic/ Lat i n othe oficil UnitedsSeatesaQersstisBurepu e st i on,
definition that considemacet o be “ White”, “Black”, “Asian”, “American |
but considergthnicityto be whether an individual is of Hispanic origin or not. As such, affisial documents

consider race and ethnicity to be two different demographic characteristics, and typically ask them separately of each
other. The GDOT survey |isted “Hispanic/ Lahedkalldhat as anot h
appl y t,o iynotueondi ng to allow “Hispanic/Latino” individuals
GDOT survey, we see th@firespondents (2699 t ot al ) checked the “His2ganic/ Latir
selected another racedddition to their identification as Hispanic/Latirihe original datasetastherefore missing

race data for the remainir®y GDOT respondents who checked Hispanic/Latino, but did not select anothén rthee.

initial processing of the dataset, raceadfar these 37 respondents was imputed.

‘These variables did not need adjustment of categories between GDOT and NHTS datasets.



APPENDIX D. SUPPORTING INFORMATION FOR CHAPTER 5

Table D1. Travel behavior variables across GDOT and NHTS surveys

Final response

Variable NHTS question GDOT question? ies f
name (response type/categories) (response type/categories) categories for
harmonized variables
How many vehicles are owned, lease
How many cars (including light  or available for regular use by the s
. I~ L No harmonization
Vehicle truck, minivan, SUV, and people who currently live in your . X
. needed; continuous
ownership  motorcycle) does yourousehold household? Include motorcycles, .
. . X varieble
have? (continuous variable) mopeds and RVs. (continuous
variable)
Never used/no
Please indicate how often you typical !onger use
In the past 30 days, how many use ordemand ride services shared ~Less than once a
. . times have you purchased a ride on-demand ride services. (Answer ~ month
Ridesharing . . ) ) ) )
usage with a smartphone rideshare app options: never used/no longer use; le 1-3 times a month
9 (e.g., Uber, Lyft, Sidecar, etc.)  than once a month:3 times a month; .
(continuous variable) 1-2 times a week; 3 or more time a 12 times aveek
week) 3 or more times a
week
Never used/no
longer use
In the past 30 days, how many  Please indicate how often you typical Less than once a
time did you use a carsharing usecarsharing. (Answer options: neve month
Carsharing  service where a car can be rente used/no longer use; less than once a  1-3 times a month
by the hour (e.g., Zipcar or month; 13 times a month;-2 times a )
Car2Go? (continuous variable)  week; 3 or more time a week) 1-2 times a week
3 or more times a
week
Never used/no
longer use
Please indicate how often you typical Less than once a
In the past 30 days, about how make local (i.e., not overnight) trips month
Public many days_have you used public using bus or train. (Answer options: 1-3 times a month
transit transportation such as buses, never; less than once per mont 1
subways, streetcars, or commut¢ times a month;-R times a week;-3 1-2 times a week
trains? (continuous variable) times a week; 5 or more<{p times a .
week) 3 -4 times a week
5 or more (57)
times a week
Never used/no
longer use
In the past 7 dz_ays, hO.W many Please indicate how often you typical Less than once a
times did you ride a bicycle ) . !
oo X oo make local (i.e., not overnight) trips month
outside including bicycling to using bicycle. (Answer options: neve ;
. exercise, or to go somewhere g bicycle. i P ' 1-3 times a month
Bicycle used/no longer use; less than once p

(e.g., bike to
bike around the neighborhood,
bike to thestore, etc.)?
(continuous variable)

month; 23 times a month;-P times a
week; 34 times a week; 6r more (5
7) times a week)

1-2 times a week

3 -4 times a week

5 or more (57)
times a week
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Table D1 cont’d

Please provide your best guess i Not able to be
to howmany miles you Now considering your travel for all harmonized across
personally drove during the past purposeshow many miles do you surveys due to
. 12 months in all motorized personally drive in a typical week? If reporting differences
Vehicle ; . . .
miles driven vehicles. Include all miles from  you are a professional driver (e.g., bL for work-related

work vehicles, rental cars, and  truck, taxi, or Uber/Lyft driver), please miles driven;

any other vehicles not owned by do not include the miles you cover as reported only for

your household. (continuous part of your job. (continuous variable) GDOT survey in this
variable) thesis

aQuestion formulations shown here may not look exactly like this on the survey instrument due to graphical limitations
that prevent exact reptduction. However, the essence and information that the question is capturing is accurately
represented here.

B

Education

1.00

Driver
Age 0.75

Household income

Household size

Household vehicles
Household drivers 0.50
Tech savvy

‘Work-oriented

Materialistic
Pro-exercise .
Family/friends-oriented
Non-car alternatives

Commute benefit

0.00

Travel liking
Pro-car owning
Prosuburban
Urbanite
-=0.25
Polychronic
Pro-environmental

Sociable

Waiting-tolerant
-—0.50

Female
Driver
Age
Urbanite
Saociable

=
g
o
EL
g
i

Household income
Household size
Household vehicles
Household drivers
Tech savvy
‘Work-oriented
Materialistic
Pro-exercise
Non-car alternatives
Commute benefit
Travel liking
Pro-car owning
Prosuburban
Polychronic
Pro-environmental
‘Waiting-tolerant

Family/friends-oriented

Figure D1. Correlations for GDOT SED characteristics and observed attitudinal constructs
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Female

Education

Driver

Age

Household income
Household size

Household vehicles
Household drivers

Tech savvy predicted
Work-oriented predicted
Materialistic predicted
Pro-exercise
Family/friends-oriented predicted
Non-car alternatives predicted
Commute benefit predicted
Travel liking predicted
Pro-car owning predicted
Prosuburban predicted
Urbanite predicted
Polychronic predicted
Pro-environmental predicted
Sociable predicted

‘Waiting-tolerant predicted

2
©
5
=

Education

Driver

Age

Household income

Household size

Household vehicles

Household drivers

Tech savvy predicted

Work-oriented predicted
Materialistic predicted

Pro-exercise

Family/friends-oriented predicted

Non-car alternatives predicted

Commute benefit predicted

Travel liking predicted

Pro-car owning predicted

Prosuburban predicted

Urbanite predicted

Polychronic predicted

Pro-environmental predicted

Sociable predicted

Waiting-tolerant predicted

Figure D2. Correlations for GDOT SED characteristics and predicted attitudinal constructs
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