AN INTEGRATED FRAMEWO RK FOR EXPLORING
FINITE MIXTURE HETER OGENEITY IN
TRAVEL DEMAND AND BE HAVIOR

A Dissertation
Presented to
The Academic Faculty

by

Sung Hoo Kim

In Partial Fulfillment
of the Requirements for the Degree
Doctor of Philosophy in the
School of Civil and Environmental Engineering

Georgia Institute of Technology
August 2021

COPYRIGHT © 2021 BY SUNG HOO KIM



AN INTEGRATED FRAMEWO RK FOR EXPLORING
FINITE MIXTURE HETER OGENEITY IN
TRAVEL DEMAND AND BE HAVIOR

Approved by:

Dr. Patricia L. MokhtariapAdvisor
School of Civil and Environmental
Engineering

Georgia Institute of Technology

Dr. Giovanni Circella

School of Civil and Environmental
Engineering

Georgia Institute of Technology

Dr. Jorge A. Laval

School of Civil and Environmental
Engineering

Georgia Institute of Technology

Dr. Shatakshee Dhongde
School of Economics
Georgia Institute of Technology

Dr. Joan L. Walker

Department of Civil and Environmen
Engineering

University of CaliforniaBerkeley

Date Approved:June 282021



To my family



ACKNOWLEDGEMENTS

Reflectingon my long journey to complete this dissertationp ve come t o r
that | couldndét have gotten here without t|
just at the beginning @africh and challenging future, but | want to pause for a moment and

would like to express my gratitude to those who have helped me.

First, | want to give my deepest thanks to my advisor, Dr. Patricia Mokhtarian. |
cannot imagine myself without her patience and guidance. She has been a teacher, a life
mentor, and a friend for méler teaching and intellectual challenges helped merhea
scholar and her life mentoring made me overcome any hardships | fadédniss weekly

meetings with her.

My committee members have been very supportive of me. Dr. Giovanni Circella
has alwag encouraged me to do whatever | want to do in my research. Interactions with
him helped equipne with critical thinking and made my graduate school life joyful. Dr.
Jorge Laval, Dr. Siiakshee Dhordg, and Dr. Joan Walker provided numerous inight
comnmentson my di ssertation. As well, | gained

Dr.Dhongle 6s and Dr. Wal kerdés research.

| want to express myppreciationto the School of Civil and Environmental
Engineering (CEE)the Georgia Institute of Technolog$T), and funding agencies. |
believe that knowledge | learned from GT transportation faculty has been the ground of
my dissertation. My lifavas madesasier withthetremendous help of Marjorigorgensen

andthe CEE office staff. | could focus on my research thanks to funding from the Georgia



Department of Transportation, theenter for Teaching Old Models New Tricks

( TOMNET) , and FdlldwshipBfrGeosgiadeem t 6 s

Many professors have guided rae how © build my career path and provided
lifelong advice. lam deeply gratefulo professors at Yonsei UniversityDr. JintHyuk
Chung, Dr. Hyung Jin Kim, Dr. Bongsoo Son, and Dr. Jinhee Kiand professors |

interacted with at Georgia Te¢lDr. Sangho Chod)r. Joonho Ko, and Dr. Wonho Suh.

| would like to thank my lab mates, colleagues, and friendsll Icherish many
memories of lab meetings and hangmg with, Dr. Ali Etezady, Dr. Atiyya Shaw, Xinyi
Wang GraceChen Dr. Alex Malokin, Dr. Yongsung Led&)r. Sungtaek Choi, Dr. Shin
Hyung Cho, Dr. Gwen Kastand Dr. Farzad AlemDr. Hyun Woong Cho, Dr. Daejin
Kim, and many other Korean colleagues helped me settle down in Atlanta and at Georgia
Tech. | cannot list all friends here, but they have been mytainsapporters and thus |

could finish this journey.

Lastly, I am so fortunate to have my father, mother, and sister. They have always
been my true life mentors whenever | need advice and my supporters whateveswelo.
an unrepayable debt to the maagfices they have made for me to get to this plaibés

dissertation is truly dedicated to their unconditional love.



TABLE OF CONTENTS

ACKNOWLEDGEMENTS
LIST OF TABLES

LIST OF FIGURES
SUMMARY

CHAPTER 1. Introduction
1.1  Motivation
1.2  Setting up the ontext
1.2.1 Heterogeneity
1.2.2 Finite mixture modeling
1.23 Data used in this thesis
1.3  Knowledge gaps and research objectives
1.4  Thesis outline and contributions

CHAPTER 2. How we have used mixture modeling

2.1  The arena of segmentation, finite mixture modeling, and other relevant

concepts in various disciplines
2.1.1 Multigroup analysis in psychometric models
2.1.2 Market segmentation in marketing research
2.1.3 Model structure and ensemble methods in machine learning
2.2  Landscape and trends in transportation
2.2.1 Methodology
2.2.2 Yearly trends
2.2.3 Topic modeling
2.3  How have we used mixture modeling? Diving into each key element
2.3.1 Type of heterogeneity
2.3.2 Confirmatory versus exploratory approaches
2.3.3 Types of problem
2.3.4 Membership model
2.3.5 Outcome model
2.3.6 Number of classes and rationale behind decisions
2.3.7 Model comparisons: baseline and competing models
2.3.8 Software and estimation
2.4  Conclusions

CHAPTER 3. Alternative approaches to treating parameter heterogeneity
3.1 Introduction
3.2 Literature review
3.3  Methodology
3.3.1 Pooled model
3.3.2 Deterministic (and exogenous) segmentation model

vi

25
26
27
28
30
30
33
36
39
39
49
54
58
67
68
71
75
77

79
79
80
83
84
85



3.3.3 Switching regression model
3.3.4 Latent class model
3.4  Empirical application
3.4.1 Data
3.4.2 Estimation results
3.4.3 How do segments differ across models?
3.4.4 Model performance
3.5  Further discussion
3.5.1 Treatment effects

88
94
98
98
99
106
109
114
115

3.5.2 Membership model: link function, specification, and type of probabilityl24

3.5.3 Mixture modeling in machine learning: Mixture degsietworks

3.6 Conclusions

CHAPTER 4. Usefulness of the confirmatory latent class approach

4.1  Introduction

4.2  Literature review

4.3  Methodology
4.3.1 Confirmatay latent class modeling
4.3.2 Formulation
4.3.3 Hypothegs

4.4  Empirical application
4.4.1 Data
4.4.2 Estimation resus
4.4.3 Investigation of the zertrip shares
4.4.4 Profiles of each group

4.5 Conclusions
4.5.1 Summaryand relevance of findings
4.5.2 Limitations and directions for future research

CHAPTER 5. Latent class models with an error structure
5.1 Introduction
5.2  Methodology
5.2.1 Model formulation
5.2.2 Marginal effects
5.2.3 Ovewiew of empirical applications
5.3  Empirical application (1)
5.3.1 Background
5.3.2 Data and radeling approach
5.3.3 Results
5.4  Empirical application (2)
5.4.1 Background
5.4.2 Data and modeling approach
5.4.3 Results
5.5 Conclusions

5.5.1 A note about the performance of the proposed models

5.5.2 Summary and contributions
5.5.3 Future directions

vii

129
132

136
136
138
144
144
145
150
152
152
157
163
167
169
169
172

176
176
180
180
186
189
190
190
192
194
198
198
200
203
206
206
208
210



CHAPTER 6. Mixture of experts and nonlinear/interaction effects 212

6.1 Introduction 212
6.1.1 Use of machine learning in the transportation domain 212
6.1.2 Challenge of model specification and the usage of machine learning 214

6.2  Methodology 216
6.2.1 Mixture of experts 216
6.2.2 Neural networks 221
6.2.3 General approach of the study 221

6.3  Experiments with synthetic data 223
6.3.1 Experimental setting 223
6.3.2 Results 225

6.4  Empirical application 231
6.4.1 Data 231
6.4.2 Training andperformance 232
6.4.3 ldentifying nonlinear effects 234
6.4.4 Finding the best specification of the conventional model 236

6.5 Conclusions 240

CHAPTER 7. Discussion and conclusion 243

7.1  Summary 243

7.2  Challenges 246
7.2.1 Sample representativeness 246
7.2.2 Overfitting and generalizability 247
723 The ARashomon effecto 251
7.2.4 Revisiting the usefulness of finite mixture modeling 253

73 Whatds next ? 255
7.3.1 Combining continuous and discrete mixtures 256
7.3.2 Latent variable suinodels 258
733 Marriage with other fAmachine | e8 ni ngo

7.4  Outlook and concluding remarks 261

APPENDIX A. Technical details about treatment effects (chapter 3) 264

APPENDIX B. Airports in Georgia and 2017 statistics (chapter 4) 274

REFERENCES 275

viii



LIST OF TABLES

Table 1. Attitudinal Factors and Corresponding Factor Loadings....................... 17
Table 12. PCA pattern loadings arumber of amenities near geocoded home......18
Table 3. Summary of conceptual contributions and methodological novelties...23
Table 4. Summary of selected empirical findings..............oevvviiiiieeciiiiiiiiiie. 24
Table 21. Summary of topic modeling applications to transportation research....32

Table 22. The pool of transportation journals searched...............ccccovvicccvvevivnnnnnn. 32
Table 23. Word clouds for each topiC..........ccooviiiiiii e e 38
Table 24. Descriptions of types of heterogeneity...............eeeevvivieeciiiiiiieiieeeeieeeeenn. 41
Table 25. Summary of exploratory and confirmatory approaches under mixture
L0 =7 1T T SRR 53
Table 26. Typology and corresponding examples of segmentation bases in travel
behavior/demand appliCatiONS..............uuuiiiiiiiieeeiiiiii e 63
Table 27. Various outcome models with selected example studies...................... 6.7
Table 31. Variable deSCrpPtiONS..........uuuuiiiiiiii e ceeecie e aeeer e e e e e e e e e 99
Table 32. Estimation results for the pooled and deterministiocneegation models
(NT3,022) .ttt e e e e e ee et e e e e e e et e e e e e e e e mnnanrraeaaeeaas 104
Table 33. Estimation results for the endogenous switching and latent class models
(NZ3,022) ettt ettt e e e e e e ettt e e e e e e et e e e e e e e nnnnnraeeeaeeans 105
Table 34. Profiles of segments (N=3,022)...........cuciiiiiiiiiiimmiiiie e eeeeea 109
Table 35. Model PerformManCe...........ccooiiiiiiiiiieeee e 113
Table 41. Scopes of recent lorjstance travel studies the literature.................... 143
Table 42. Descriptive statistics of key variables (N=3,230).............ccceeevvvieeeeennn. 155
Table 43. Zercinflated negative binomial model (air travel, N=3,230)................. 162
Table 44. Zercinflated negative binomial model (car travel, N=3,230)................ 163
Table 45. Characteristics of the three groups..........cccccoeieiiieec 169
Table 51. Descriptive statistics of tleample (Study 1, N=3,215)........ccccceeeeeeennnn. 194
Table 52. Estimation results of Study 1 (N=3,215)........cccccceiiiiiiiiiimmriiiiiiee e 197
Table 53. Average marginal, conditional, joint choice probabilities..................... 198

Table 54. Descriptive statistics of the sample (Study 2, N=1,105 ridehailing us@&}



Table 55. Estimation results of the erromdependent and err@orrelated models (Study

2 N 01 DO 205
Table 61. Description of Synth@tidata.............ccevvviiiiiiiiieenee e 224
Table 62. True utility equations generated...............ooeeeeeiiieeeiiiiii e 225
Table 63. The squared correlation of true with estimated probabilities and utilit@a7
Table 64. Parameter estimates by madel.........cccooviiiiiiiceeiiiiiii e, 228
Table 65. Variables used in mode) (N=3,859)........ccccccuriiiiiiiiiiiiiice 232
Table 66. Model performancCe............oooiiiiiiiiiieeee e 233
Table 67. Binary logit model results incorporating nonlinear effects learned from MoE

....................................................................................................................... 235
Table 68. Model performance based on the final specifications......................cc. 239
Table 69. BeSt MOl rESUILS........ccciiiiiiiiiiieieee e 240



LIST OF FIGURES

Figuretl . Appearance of t hefi hwoonnodgse nfiehiettye® oogveenre i

Figure 2. Conceptual illustration of homogeneous and heterogeneous behavioral

[T 0ol 3T = PSPPSR 8
Figure 3. A tree of continuous and discrete/finite mixture modeling................... 10
Figure 4. Geographical distribution of the GDOT data.........ccccceeeeiiiieacniennennnn. 16
Figure 15. Schematicelationships among components of the thesis.................... 22

Figure 21. Publication of related papers over the years in target journals: (@)rtieer

of papers, (b) the share of papers normalized by total number of papers....... 35

Figure 22. Schematic diagram Of NMFE.............uuuiiiiiiiiiiieriiiiiiiiieeeee e 37
Figure 23. Typology of forms of heterogeneity addressed by the mixture modeling

FFAMEWOTK ... ettt e e e e eeeeeeees 40
Figure 24. Modeling flow charts of the two approaches............ccccciiiimae. 53
Figure 25. Types of problems addressed by using finite mixture modeling.......... 57
Figure 26. lllustration of model specifications in finite mixture modeling.............. 58
Figure 27. Distribution of membership variables in the literature......................... 64

Figure 28. Distributions of (a) decision rationale and (b) number of ctasisesen....71
Figure 31. Generic model specifications by approach...........ccccccoiviieeniinn. 84
Figure 32. Plots of estimated likelihood contributions of each case by madel...114
Figure 33. Prototypical model specifications.............ccoovviiiiiceeiiie e, 127

Figure 34. Membership probabilitie®r the endogenous switching and latent class

70T = £ 129
Figure 35. Conceptual diagram of mixture density networks...............cccvvvieeee.. 132
Figure 36. Application of mixture density Networks............cccceeeiiiiiiceen e, 132
Figure 41. lllustration of two modeling approaches............ccccuvvviiiieeeeiviiiiiiienene. 150

Figure 42. Distributionof the number of overnight domestic leisure air/car trips in the

past 12 months (N=3,230Q)..........cuuuuuuiiiiiii i e s rrerrr e eaeaa e 156
Figure 43. Geographic distribution dlhe sample and commercial service airports in
(CT=To] (o | - TP TP PPPPPPP 156

Xi



Figure 44. Estimated share of those in the structural zeros regirhgdothetical
distance t0 the ATL @INPOLL.......ouuiiuiiiiiie e eeeea e 167
Figure 51. Conceptual diagrams of the two empirical models.............ccccevvveeeee. 190

Figure 52. Scenario analysis of the impact of the-pcecarmo de att i tude on c

choice Probabilities.........ccoiiiiiii e e 198
Figure 53. Scenario analysis of population density change.................ccccceeeene 206
Figure 61. Estimated versus true values of probabilities and utilities................. 229
Figure 62. Systematic uities for polynomial/threshold models........................... 230

Figure 63. Identified interaction effect (with binary dummy, experiment.2.1).....230
Figure 64. Identified interaction effect (with continuous variable, experiment.2.281
Figure 65. Choice probabilities and systematic utilities as functions of (a) time and (b)

Figure 66. Approximation to MoE result by various specifications...................... 238

Figure 71. lllustration of how evaluation of finite mixture models can be mislea@sy

Xii



SUMMARY

In recent years we have faced a plethora of social trends and new technologies such
as shared mobility, micrmobility, and information and communication technologies, and
we will be facing many more in the future (e.g. gkifving cars, disruptive eventdn this
context, the perennial mission of transportation behavior analysts and modeleredel
behavior/demand so as to understand behavior, help craft responsive policies, and

accurately forecast future demaintas become far more challenging.

Specifically, behavioral realism and predictive ability are two key goals of
modeling (travel) behavior/demand, and a key strategy for achieving those goals has been
to introduce some type bkterogeneityn modeling. Thus, this thesis aims to improve our
behavioral modeling by accounting for heterogeneity, with clues from the ideas of
data/market segmentatipfinite mixture and mixture modeling The objectives of the
thesis are: (1) to build a framework for modeling finite mixture heterogeneitgahaects
seemingly less related models and various methodological ideas across domains, (2) to
tackle various heterogeneitglated research questions in travel behavior and thus show
the empirical usefulness of the models under the framework; and (Xatoire the
potential, challenges, and implications of the framework with conceptual considerations
and practical application&ive interrelated studies in this thesis illuminate some part(s)
of the framework and delineate how key concepts in the frankeaverconnected to each

other.

CHAPTER 1land CHAPTER 2 start with discussizs about the necessity of

studying heterogeneity, related key concepts, and an overview of modeling finite mixture
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heterogeneity. Airough a comprehensive and systematic revibes study (1provides a
broader understanding of the usage landscape of fimkeire modeling(2) shed light

on various typologies related to methodological approaches to treat heterogameity,

(3) discusse alternative model configuration3ransportation researchers may benefit
from this study by understanding the generaaidf finite mixture heterogeneity and where

we are now in this modeling. As well, analysts can use this study as a compass while

designing their models.

CHAPTER 3discusseparameter heterogeneity, which is the most popular type of
heterogeneity. Specifically, the chapter consdlttee alternative approaches to treating
finite-valued parameter heterogeneity: deterministic segmentation, endogenous switching,
and laent class models. The study (1) expatite typology of mixture modeling by
embr aci ng A o basdd2) comesthe finite mixterendodel with the switching
model family by way of detailed discussions about their similarities and differences from
conceptual and empirical standpoints. Specifically, with equaibndiscussions the
study poins out the distinctive usefulness of each approach: the-bftéer performance
of the latent class model over competing models, and the proper frameweskirwaiting
treatment effects offered by the endogenous switching model (including-captim
interpretation of treatment effects). Analysts may benefit from this study by understanding
the connections between two modeling families (thus supporting memlettion
appropriate to satisfying their ends) and obtaining the correct equations for calculating

treatment effects, especially when the dependent variable-islagformed.

CHAPTER 4deabkwith the confirmatory latent class approach, which has been less

discussed in the literature. The study illussdte usefulness of the confirmatory latent

Xiv



class approach with an empirical application (modeling leisurééiuencies by car and

air). Specifically, the zerinflated model is embraced under the finite mixture
heterogeneity framework, given the expanded typology of heterogeneity. Analysts may
gain inspiration from this study on how to operationalize behawooalels when dealing

with data showing a particular pattern and when having some behavioral hypotheses on

such a pattern.

CHAPTER 5expand the latent class model by combining it with the endogenous
switching model. ltrelaxeet he | atent ¢l ass model ds I mpl i c
between the unobserved influences on class membership and outcome. With two empirical
applications (modelig the willingness to share autonomous vehicle rides with strangers
and the adoption of ridehailing for soe@irpose trips), the study shehow the proposed
models may give different insights compared to standard latent class nex@eisyhen
parameteestimates and goodnestfit measures appear to be simil&pecifically, when
conducting scenario analysis, the proposed method provides distinct marginal and
conditional (on class) expectations, whereas the standard model only focuses on
conditional expctations. Thestudypens t he door to an avenue
effectso in the |l atent c¢class modeling cont

future.

CHAPTER 6conceptually connestatent class modeling to the mixture of experts
(MoE) approach arising from the machine learning donfdirs studyuses MoE as a data
driven exploratory tool to identify nonlinear and interaction effects (which aapypes
of parameter heterogeneity) amsesvhat we learn from Moo improve the performance

of conventional models. Through experiments with synthetic data and an empirical
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application (to mode choice), the study skotat MoE can automatically dadt
nonlinear/interaction effects and can be used to inform our model specifications. To our
knowledge, this study is the firstn t he transportation domai
applicationo (as it is known i 1mng.Hénee tiesy c ho
study expands the usage of finite mixture structures and thus helps to diversify applications

for analysts.

The journeyof this thesisconcludes with discussions about challenges, potential
technical advances, and outlook for the framewW@KAPTER 7. The dissertation is
expected to give conceptual/methodological insights the framework for modeling
finite mixture heterogeneity and how various hwetologies are connected under the
framework. As well, the studies provide rich discussions about -Spelgific empirical
findings and their implications. Thus, the dissertation can help improve our
behavior/demand models by serving as a navigational @assngor analystsThe
conceptual contributions, methodological novelties, saidctecempirical findings of this

thesis are summarizea the following tables.
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Conceptualcontributions

Methodological novelties

Ch2 & | 1 The first comprehensive revieof 1 Appliestopic modeling to papers specific
Ch7 heterogeneity and mixture modeling in interest in the Scopus datab&as opposed
transportation to typical applications in which topic
1 Developsatypology of heterogeneity in modeling is applied to any type of study ir
travel behavior/demand broad domain)
1 Examines key elements of mixture
modeling and thus portrays the general
usage of the method
9 Discusss potential technical advances
I Presatscritical issues and challengef
the finite mixture approactat have not
been discussed
Ch3 9 The first conceptual connections/ 1 Discusss modelspecific usage and
comparisons among three finite implications(performance, interpretations)
segmentation models: deterministic, when appliedn the context of vehicle
endogenous switching, and latent slas miles driven (VMD) modeling
1 Extendsthe concept of finite mixture/ 9 Provides complete equations for calculatin
segmentation varioustreatment effects whemlog-
transformation is applied (which has not
been covered in travel behaviessearch
Ch4 1 Embracs zerainflated models under the  § The first application that probabilistically
confirmatory latent class approach decomposes different types of zeros in th
9 Discusssthe usefulness of the context of modelindong-distance trip
confirmatory latent class approach frequency
Chs 1 The first introduction of the idea of 1 The first application of latent class
combining latentlass and endogenous modeling in the context of modeliriige
switching models in the transportation willingness to sharautomated vehicle
domain (AV) rides with strangers and adoption of
1 Delineats subtleconceptual differences ridehailing for sociapurpose trips
between latent class models with and 9 Conducs statistical inference based on
without an error structure (parallelzed) bootstrapping
9 Derives marginal effects of the model 1 llustrates the usefulnessf the method with
1 Discusssthe issue of evaluating latent scenario analyses
class models
Ché 1 The first study in travel behavior research § The first application of MoE in the travel

that introduces the ideas ioflirect

behavior and choice modeling communiti

application of latent class modeling ahe& 9§ Demonstrates the approximation abilities

mixture of expert§MoE) architecture

1 Proposethe idea of using MoE as a data
driven tool toidentify nonlinear/interaction

effects

MoE by experimening with syntheic data
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Empirical findings (selected)

Ch2 & Ch7

9 Found that heterogeneity and mixture modeling have gained popularity over the
in transportation research publications

1 Identified six subdomains in transportation that use mixture modeliscyete choice
modeling general behavior analysisrash/safety analysitraffic analysis travel time
distribution, andelectric vehicles

1 Summarized types of heterogeneity and related applications in the litevaitiable
distributions parametersmodel specificatiomattribute processingunctional forms
decision rulescausal structure/ordeiconstraint/choice set

1 lluminated that supervised learning and unsupervised learning applications tend
have divergent numbers of classes in their ragefinal solutions; many studies
determined such a number qualitatively rather than quantitatively

Ch3

1 Urban residentsreremore sensitive to the availability of transit, whereas-udran
residentsveremore sensitive to local amenities

9 The lowerVMD latent classvasinfluenced to drive less when living in more job
dense or better transervice areas, whereas the high®D classwasnot
significantly influenced by these factors

1 Propensities associated with residential location choice and VMT geneshare
common unobserved factors

Ch4

1 Identified profiles of those in the structural zernp regime (as opposed to the trip
making regime): thewerethe oldest and have the lowest household income for bc
air and car travel

9 The presence athildren acted as a barrier to belonging to thertrgking regime for
air travel, but it was a facilitator of doing so for car travel; it was negatively assoc
with the number of trips in both modes

1 As distance to airport increased, both entry ineotthp-making regime and number of
trips were inhibited for air travel, but car travel exhibited the opposite effects

Ch5

1 Found significant correlations between unobserved influences on latent segment
and behavioral processes (for both empiricateds of modeling the willingness to
share AV rides with strangers and adoption of ridehailing for spaigdose trips)

1 Males, more educated, and those who have used ridehailing severegsore willing
to share AV rides with strangers

9 Identifiedalatat gr oup of people who are fist
with strangers; (none of the tested factors affects their willingness)

Ché6

1 Experiments with synthetic data showed that MoE can capture nonlinear/interact
effects without prior knoledge of those effects

1 MoE identified significant nonlinear effects of time and cost on mode choice in ar
empirical application

1 Found significant interaction effects in this empirical application: in particular, tra
time interacted with gender and tpprpose; travel cost interacted with gender and
seat grade of train

9 Conventional logit models were substantially improved bgpecifying them on the
basis of what MoE learned from the data
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CHAPTER 1. INTRODUCTION

1.1 Motivation

People make numerotrainsportatiorrelatedchoices alwaysundera constellation
of circumstancesbut such circumstancek urban environments, transportation systems,
and society have been radically changing/e have faced plethora ofsodal trends and
new technologies such as shared mobility, mioability, and informationand
communication technologieand we willbe facingmany more in the futurée.g. self
driving cars, disruptive events). In this contétxé perennial mission tdehavioral analysts
and transportation modeleiis to model behavior/demansb asto understand behavior,
help craft responsive polies andaccuratelyforecastfuture demand has become far

more challenging

Behavioral realism and predictive ability awo key goals of modeling (travel)
behavior. It may seem that these goals are the same, in that better understanding of
behavioral mechanisms and causality should lead to better predictions of outcomes.
However, arguably, they are not completely congr¢eit Shmueli, 2010), and trying to
achieve both at once may someti mes feel | i
fields use statistical models fAal most excl
289), whereas some fields mainly foarsthe utilitarian need for predictive accuraly.
the transportation domain, both goalsenast, in sometimes separate but often overlapping
realms. This reality is perhaps exemplified by the existence of separate standing
committees of the US Transpation Research Board, respectively devoted to Traveler

Behavior and Values (AEP30) and to Transportation Demand Forecasting (AEP50).



Membership on the former committee is typically dominated by academic researchers,
while membership on the latter is a pospful mixture of researchers with planners/
practitioners/industry in roughly equal proportiofis.some extent, this dual nature can be
traced to the position of the transportation field on the boundary between social science
and engineering, where its@al science perspective often leads to a search for behavioral
explanations while its engineering perspective often calls for accurate forecasting in

support of infrastructure development, planning, and policy.

Myriads of models have been developed ariaus fields such as statistics,
economics, psychology, and data science. However, such models were developed for
different purposes and contexts and, even if some models are eventually performing similar
mathematical tasks, they may have different naanegor application approaches. A major
chall enge for many researchers and practit]
addressing this questi on?0 -qudstiorssihsuch as: () ur n s
what basic assumptions should besidared in order to haveusefulmodel and (2) to
what extent iseampromi® acceptable (including tradeoffs between behavioral realism and

prediction ability, if any)?

A key strategy for achieving either behavioral realism or predictive ability has been
to introduce some type bkterogeneityn modeling.Heterogeneitjhas become a popular
concept in(but not limited toxhe behavior modeling fieldn that it is concepially more
realistic for explaining human behavidtany questions can arisethis point:What types

of heterogeneitgexistin behavioral modelifggHow do weincorporate heterogeneity in

Thgsestion tokl baaawiistppab y st i ci @Al | Genomrded sBax,e wrong
some aroevhuscdf uls an e xhpea nqdueod ev e rns iBoonx ofl 9t7 6) .



modeling travel demand and behavibid/hat is the empirical usefulness of such
modeling?What arethe challenges and implications in applicatio¥hat are possible
challenges and avenues for methodological advankddfessing these questions may
ultimately help improve our behavior/demand meddlhus, his thesis is a journey
pursuing the answers to those questianth clues from the ideas segmentatiosfinite

mixture andmixture modeling

1.2 Setting up the context
1.2.1 Heterogeneity

We may need to step back and questiohy wmeterogeneityhe conept of
heterogeneity (or related synongnis ubiquitous and thus we can find it in almost every
domain.Figure 1-1 showsthe appearance of the woftheterogeneityin the literaturé.
Figurel-laconveysa general idea that the waiideterogeneityis more commonly used
than the wordihomogeneitg in recent decades. As welfigure 1-1b illustrates, overall,

t h ddterojeneityis far moreoften used thafhomogeneitgin theacademic articles of
numerous domainsWhile one reasorfor these pdaernsmay be thathereis a lower
perceived need to articulate the dominant, often implicit paradigm of homogeneity
(whereas heterogeneity, when considered, generally needs to be explicitly named and
contrasted with the dominant paradignthe figure cledy suggeststhat the idea of

heterogeneitys shouldering a greater roleanhomogeneityn researchand increasingly

The purpose of this figure is to give a gener al i d
exact meaning of heterogeneity/ homogeneity may di ff
appearance in the leistsarrdtl wr eneiatns e lhfatd d eho sreotc ome®e pt
literature. As well, many variant words including ¢



more so in recent yeai$is instructive tadip into the thinking throughout history sbme

selected influential scholavéth respect tdheterogeneitybolding added for emphasis)

T AThe asymmetry may arise from the

measured material amet really homogeneousIt may happen that we have a
mi xt ur e rmhfo nRo,g e3n, 0 LES, ¢ rom 1BH4shé forst fipite miatures
mode)

filn considering thesub-groups of a populatiori especially in deatg with local
races in man, animals or plaritsa problem of the following character has not
infrequently aisen: It is found that a sutlass, fo example a local sample, differs
considerably from the genemabpulationo ( Pear son, 1906)
fiMarket segmentation on the other hand, consists of viewinheterogeneous
market (one characterized by divergent demand) as a number of smaller
homogeneous maeks in response to differing product preferences among
important market segmesx (Smith, 1956the first idea of market segmentatjon

ABut al | evol ut i on avarationbitself lisorgture's @enly k n o w

irreducible essence. Variation is the haedlity, not a set of imperfect measures

for a central tendency. Me éGowdd, 1885d me d i

i Ac c o u n bheterogeneityanddiversity and its implications for economics
and econometrics is a central message of this [Nobéljreeand a main theme of

my | i febds wor k Nadabel Meeralkriza in EcomdriidStiences

fiThe original formulation of RUM [random utility maximization] as a behavioral
hypothesis started from the standard model, with randomness attributed to
unobservecdheterogeneityin tastes, experience, and information on the attributes
of alternatives 0 ( Mc F a dNbleehMemazid Pri@e in Economic Sciences
APredictive accuracy 1 s smultigldpeedidorsal | y
Our experience is that most efforts should be concentratietiving substantially
different approachesrather than refining a single techniqudBell et al., 2007
Netflix Prizg

fact
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would improve if one used separate model for each groupnstead of a single
one for the whole dataset. ( S my,IM4 CotnpeftiOn
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Figure 1-1. Appearance of the word fiheterogeneitypy a n d finheoimoygoe over t i
The meaning of heterogeneity itself, of course, might be very heterogeneous
depending on the context and domain. This thesis will articulate the meaning of

heterogeneity in travel demand/behavior studies in a later se2tid) (However, from



a broader perspective, we can observe that there has been a consensus about the importance
of considering heterogeneity in numerous fields. In addition, nrsahglars and studies

have been finding a pathway to leverage our knowledge and/or improve their
research/models by accounting for heterogeneity. This motivates the focus of this thesis on

heterogeneity as a pathway to better behavior/demand modeling.

1.2.2 Finite mixturemodeling

As discussed further belowy iessence heterogeneity can have two fundamental
natures: continuously varying across the population, or taking on only a finite number of
different versionsThis thesis specifically focuses dime finite natureof heterogeneity

anchoed inmixture modelingout relating itto modelcousinsas appropriate

Finite mixture modeling is a statistical approach to modeling a variety of random
phenomena, and it has a long history. As noted in McLachlaeeld(2001), one of the
first major analyses using mixture modeling was in the late 1&jixcifically, Pearson
(1894) fitted a distribution of the body length of crabs using a mixture of two normal
distributions, indicating the possibility of two sspecies. Notable features of the mixture
model are that it has a probabilistic nature and it can disentangle latent structure in the data
(or subgroups in the population). Hence, the basic idea of mixture modeling is to posit the
existence of withirsubgrouphomogeneity but betweesubgroup heterogeneiiy the
population and to model those heterogeneous patterns/distributions/behaviors. A general

form of finite mixture models is as follows:



QO B Qafn B0 asp "QoghE (1.1)

wherewis an outcome variable (target variable, dependent variable),a vector of
variables explainingw (covariates),sr is a vector of variables explaining subgroup
membershipx (segmentation bases),is adiscretesegment or subgroup indicatar (

phc8 R, 0 O denotes a mixture density function (or segment membership probability),
and’Q O denotes an outcome function for segnierwe will describe functional forms of

0 D and" Q2 in later sections (Sectiors3.4and2.3.9. It is useful to se a graphical
illustration of homogeneous and heterogmrs behavioral processes that could be handled
by the finite mixture modeling paradignFigure 1-2). As opposed @& assuming
homogeneity in the data generation process (or behavior generation process, in the context
of behavior studies), finite mixture modeling posits that there are multiple subpopulations
having different behavior generation processes. Puttingrtlsgtistical terms, we aim to

find the joint density ofoandd (and thence the marginal densitypbbtained by summing
over, or marginalizing outq), which can be expressed as a product of the marginal
probability of belonging to a segment atite conditional density of outcome given
segment. By decomposing the joint density into two parts, it brings benefits of

interpretation and the potential of technical extensions.

When discussing finite mixture modeling, for a better understanding of the
methodology it is instructive to make some distinctions with respect to some relevant
concepts: (1)continuousversusdiscrete/finitemixture and (2)disaggregationversus

segmentationThese two contrasts will be discussed in turn.
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Figure 1-2. Conceptual illustration of homogeneous and heterogeneous behavioral
processes

1.2.2.1 Continuous versus discrete/finite mixture

In the statistics literature, the weighted average of several functions is called a
mixed functionand the density that provides the weights is calledaniiang distribution
(Train, 2009). Although we focus on finite mixtures, more broadly, mixture distributions
can be either continuous or discrete (cf. Walker andAewa, 2011; Vij and Krueger,
2017)’. Continuous mixture models can appear in two different forigufe 1-3):
mixtures overparameter spageand mixtures ovelatent variable spaceA common
example of a mixture over parameter space is the case in which the travel time coefficient

in a mode choice model is specified to have a continuous distribiflon, , in the

51't i s possobthepdloordaey dwdeeu s o n ttyhpes sd iesatdrdivideu tail d n

mo detl r u.c tpuarreamet ri ¢ mi xture di str i bu(tnioonn),p aroannpeatrrainte
di stribution (cf. Vij and Krueger, 2017). Typical I
fami |l yit he sbhaport oflefheedi asrbabtt xed-dinsmmemesrn omfal poi
coeffico(evitf samadc &Krueger, 20Xt upe coredn ed |liHooy ebvee rc,o nfsii
a s-paf ametr i,whiamplpriosw lflelt lwye emar ametri ¢ aheésnonpar ame’
(McLachl an and Peel, 2001)



population. In the general case where the vector of model paraweatenave continuous

distributions, the mixture model can be expressed as follows:

QO Qs Q Q. (1.2)

This means thaRosts is weighted byQ 51 and integrated oves, since’Q 1 is a
continuous density. The mixed logit model, in whi€higtn: is the logit probability
function, is a popular form of this type of mixture model (cf. Hensher and Greene, 2003;

Train, 2009).

With respect to mixing over the latent variable space, the model can be expressed

as follows:

QO QRN Q agr N Q4G (1.3)

whered is a latent (unobservedjriable This meansthat "QuaiR:s is weighted by

"Q G P . The integrated choice and latent variable model (ICLV, or hybrid choice
model; cf. Vij and Walker, 2016) isparticulartype of this mixture model (Walker, 2001),

in whichais a continuousalued variable such as an attitude, &7 is a discrete

choice model.

Finite mixture modelsan be viewed as degenerate special cases of both kinds of
continuous mixture models, in which the mixing distribution is fiwidued and therefore
the integrals of Eq.1(2) and Eqg. 1.3) are replaced by the summation in Efl). The

latent class model is the counterpart of E®)(in which the parameter vectoronly takes



on a finite number of values, each with a reero probability; it is the counterpart of Eq.
(1.3) in which the latent variablé is a finitevalued marker of class membership, vehe
the probability thaty takes on a gienvalue is being modeled by a function of observed
variables and parametets . Walker and Bem\kiva (2011) compared the continuous

behavioral mixtureEq. (1.3), and discrete behavioral mixture modets. (L.1).

Mixture model

Mixing distribution is Mixing distribution is
continuous discrete
If mixing over If mixing over
parameter space latent variable space
Random parameter Integrated Choice and Latent class model
model Latent Variable model

VA
o) =ff(yIX:ﬁ)gp(ﬂ)dﬁ fo) =ff(ylz,X:ﬁ)gz(Z|W: aydz  f(y) =Zf(yIZ.X;.Bz)P(ZIW;a)
z=1

Figure 1-3. A tree of continuous anddiscrete/finite mixture modeling

In this thesis we focus on the discrete/finite mixture due to its three unique
benefits.First, it bringsconvenienceboth conceptually and technically. Conceptually, it
is cognitively easier to think of a finite numbersets of parameters rather than considering
the distribution(s) of parameters. Along with this, it ofg@rovides amore tangible
explanation oan individuad behavior. Consider the mixed logit and latent class models

for mode choice modeling as a simgbeample. With a discrete mixture, it is easier to

“The par)xmet ébres consi derasd wejndee pvag ammedz érmegp ac cameett a n t
cl ass member sehd pf poéptbiadn il satdudieel dl 31 sbieh e 6 €c t3i. ain
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understand that a particular type of person may have a willingness to pay of $A as opposed

to $B for those in another class. On the other hand, mixed logit models may indicate that
willingness to payexhilts a certain distribution in the population, but it gives limited
information as to where a person with certain characteristics whllldn such a
distribution. To obtain such information from a continuouslgtributed random
parameterthe analystmud resort toparametering the parameters characterizing the
distribution of the outcomeond e | 6 s p.a rhypotesizenghete(ogeneity in the

mean and/ or vari anc e oorftinueudigtiibutienandmspedfgilg par ar
such heterogengitas a certain function aV), which only proliferatest he par amet e
distribution rather thasimplifyingit. The technical convenience of finite mixture models

arises because in continuous mixture models, the integral does not offer a closed form
solution and thus it requires simulation for estimation. This means that in general it may

require a longer time for estimation (although this can depend on model specification).

Second the discrete mixture isicely connected with some other useful
concepts ormodeling approaches One such important conceptngrket segmentation
(seeSection2.1.2, which has been long and successfully used in the marketing field, and
towhich discrete mixture mais are well suited (Wedel and Kamakura, 2012). In addition,
discrete mixture models can even be associated with s¢éigenentationmodels such as
switching models GHAPTER 3, and the ensemble method by weigh in machine

learning CHAPTER 6.

Lastly and importantly, whereas continuous mixtur@dels focus on how
parameters/latent variables are distributed, discrete mixture models exfastd our

modeling capability by examining more diverse types of heterogeneitpeyond

11



parameter heterogeneity (as will be covered in Secfidhl). However, the two
approaches each have their own advantages, and there are often tradeoffs between them
(e.g. continuous mixture models require distributional assumptionslidmsete mixture

models are subject to decisions on the number and nature of classes). Theretmsighe

does not assert superiority of finite mixture models over continuous mixture models; rather

it aims to deepen our understanding of the finite unextase and its implications.

1.2.2.2 Disaggregation versus segmentation

Another important distinction is to understand the meanirg lofsegniientation
which is achieved by finite mixture modeling. Two key conceptshardevel of (analysis
unit) (dis)aggregabn and the level of (data) segmentatiofhe terminology can be
confusingbecause the word Afdi saggregationodo i s
Aisegmen(teatgi.ondit he sampl e was dbusaathegamegat ed
ti me, Al egwele gaft | (odhidos )caan be used to descrilt
The two dimensions of (dis)aggregation and segmentation have different implications for

data analysis and its interpretation.

We are exposed to a large spectrum of datatentially alout countries, states,
cities, neighborhoods, transit agencies, employee groups, households, individuals,
vehicles, and so on. One way of characterizing a data set is by the unit of observation: what
type of entity is being measured by each data pointumhief observation falls at some
level of disaggregation the aggregate level (i.e. each data point represents some
aggregated group of actors), disaggregate level (i.e. each data point represents a single actor

such as a person), and individual leved.(multiple data points are captured from the same

12



actor). In theory, data available at a figgained level of disaggregation can be aggregated

to higher l evel s, p r o \graided daset beng aygremateel tol e n 0
provide a good measucéthe coarsegr ai ned case they represent
the coarser level to enable reliable statistical analysis at that level. Obviously, the definition

of an fAactoro and the | ev-dpendent. A-da cenargtg r e g a
exampe, suppose we want to estimate the elasticity of driving distance with respect to
income. In the aggregatevel analysis, we may collect data on average income and total
vehiclemiles traveled (VMT) in major cities in the US, and model VMT as a funation

income. Note that the aggregation could also be at the state or county level, and so on. At

the disaggregate level, we may collect data on the income and VMT of individuals and
estimate a similar model. At the individual level, we can even focus ortieupar person

and model a VMIincome relationship across multiple years of measurement.

Another dimension fom s t madglibgsstrategy ishe (often datadriven)
segmentationof the datai.e. the subivision ofthe data into smaller groups. For exde)
if we hada sample of New York state residents, for modeling transit use behavior, we
might be tempted to split the sample into residents of the New York metropolitan area and
the rest of the residents. Note that this segmentation does not charigeethef the
observation unitit would be the individual (disaggregate level) whether we segmented the
data or natIn the continuum of segmentation, at one end is no segmentation (or pooled
data) mearing thatthe data are analyzed@e group representilgh e wh ol e Apopul
The other end is highlgegmented and, at the extreme, each data point can be considered
as its own segment. In theory, data segmentation can be applied to any level of

(dis)aggregation of the data. Finitextuire modeling, which is the focus of thisesis is

13



an approach of segmentation. In this study, we particularly focus on the segmentation

scheme (via mixture modeling) with disaggregetee| data.

1.2.3 Dataused in this thesis

For empirical applications, thteesis mainly uses survey data hereafter referred to
as t he 0 GHyO@l-4dCHAPAIBR 6is an exception in that it employs synthetic
data and a publicly availabtiataset, both of whicWill be described in that chapjeiThe
survey waglesigned anthe datawere ol | ect ed as a part of a r
Impactd Emer ging Technologies and Trends on -
the Georgia Department of Transportation (
the survey aimed to explore the impacts of emerging technologies and trends on travel
behavior n Georgia (201-2018), and accordingly the population of interest was adult
residents of Georgia. The survey employed a combination of two sampling approaches: (1)
recruiting respondents through addrbased stratified random sampling in the 15
Metropolitan Planning Organization (MPO) areas in Geofgtah e A ma i, amd(2)s a mp | €
recontacting survey participants who took the 2a¥6National Household Travel Survey
(Westat, 2018) in Georgia (which included residents ofM&®O areas) and agreed to be
survgyed furthe t h e A N H T.S ke werking gatageincludes ~3,300 cases, but the
final sample size varies by the stu@ach chapter will describe the working data and key
variables in that studyMore details about the survey and the data are awaitetble final

reportof the projec(Kim et al, 201%D).

The GDOT data were enriched through appending additional information based on

geocodes of respondent sé home | ocations. l

14



Community Survey (ACS), LongitudinaEmployerHousehold Dynamics (LEHD),
Alltransit, Google Place API, and Google Map API. In addition, several variables were
created by usindactor analysis(e.g. attitudinal constructsrable 1-1) and principal

component analysi®.g. a proxy for local accessibiljtjyablel-2).
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Table 1-1. Attitudinal Factors and Corresponding Factor Loadings

Pattern
Factor Statement matrix
loading
Non-car | like the idea of walking as a means of travel for me. 0.666
alternatives | like the idea of bicycling as a means of travel for me. 0.628
| like the idea of public transits a means of travel for me. 0.336
Techsavvy Learning how to use new technologies is often frustrating for me. 10.866
| am confident in my ability to use modern technologies. 0.801
Commute My commute is a useful transition between homewaork (or school). 0.677
benefit My travel to/from work (or school) is usually pleasant. 0.579
| wish | could instantly be at work (or schabljhe trip itself is a waste of tim 10.428
Modern | like the idea of having stores, restaurants, affides mixed among the horr 0.417
urbanite in my neighborhood.
My phone is so important to mestalmost part of my body. 0.350
Work-oriented At this stage of my life, having fun is more important to me than workingt  10.572
I'm too busy to have amuch leisure time as I'd like. 0.527
ltds very important to me to achi 0.298
Materialistic I usually go-ffrard |Itsthe magiion( frad h 10.565
extras.
The functionality of a car is moimportant to me than the status of its branc  10.431
| would/do enjoy having a lot of luxury things. 0.426
| like to wait a while rather than being first to buy new products. 10.357
| prefer to minimize the amount of things | own. 10.341
Polychronic | prefer to do one thing at a time. 10.834
| like to juggle two or more activities at the same time. 0.697
Pro- Cost or convenience takes priority over environmental impacts geltion) 10.914
environmental when | make my daily choices.
| am committed to an environmentafjendly lifestyle. 0.481
Pro-exerci® The importance of exercise is overrated. 10.669
| am committed to exercising regularly. 0.663
Family/friends Family/friends play a big role in how | scheduby time. 0.612
-oriented ltdéds okay to give up a |l ot of tir 710.468
goals.
Pro—suburbanl prefer to |Ilive in a spacious ht 0.608
or many places | go to.
| seemyself living longterm in a suburban or rural setting. 0.387
Waiting Having to wait is an annoying waste of time. 10.831
tolerant Having to wait can be a useful pause in a busy day. 0.533
Travelliking | generally enjoy the act of traveling itself. 0.618
| like exploring new places. 0.593
Sociable | consider myself to be a sociable person. 0.563
Il &m uncomfortable being around pe¢ 10507
Proi car- | definitely want to own a car. 0.748
owning I am fine with not owning a car, &ng as | can use/rent one any time I nee  10.576
| like the idea of driving as a means of travel for me. 0.535
As a general principle, I'd rather own things myself than rent or borrow 0.404

from someone else.

Note: Factor loadings under 0i8 magnitudeare suppressed.
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Table 1-2. PCA pattern loadings on number of amenities near geocoded home

Number of amenities Pattern loading Number of amenities Pattern loading
Bar 0.803 Bakery 0.821
Conveniencestore 0.741 Café 0.838
Doctor 0.734 Dentist 0.711
Florist 0.670 Parking 0.606
Homegoodsstore 0.857 Bank 0.738
Liquor store 0.698 Book store 0.655
Restaurant 0.887 Clothing store 0.835
Beautysalon 0.883 Hair care 0.860
Gasstation 0.661 Library 0.545
Park 0.636 Pharmacy 0.634
School 0.794 Supermarket 0.568
Store 0.726

Note: Numbers of amenities near the home location are collected via the Google Map API.

1.3 Knowledge gaps and researchlgectives

The ideas of heterogeneitgggmentation, and finite mixture modeling have been
around in the transportation domain for same and ardbecomingmore popular recently
(cf. Section2.2). Then,what will be the merits of this thesis? Years of delving these

topicspoint to some knowledge gaps.

First, the concepts of heterogeneity and finite mixture modeling have gained
popularity, but the literature lacks a framework that integrates varigpes tof
heterogeneity and their model configuratiol® the questions arddow has the
transportation domain used finite mixture modeling? What types of heterogeneity have
been discussed? What is the proper model configuration for a specific type ofjapesty
and what are the alternative€HAPTER 2i CHAPTER § Secondthere has been little
effort to connecimethodological ideas scattered in various domdtas. example, the

relationshipmay seem slight at firsbut thefinite mixture modelcan be connected with
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several classical econometric modélHAPTER 3and CHAPTER 4 and even models

developed in the machine learning domaAPTER3 andCHAPTER 6. Knowledge

of linkages among related models could bring benefits of enriching interpretations and the
potential to shed light on new pathways rtew approacheg¢e.g. CHAPTER 5and

CHAPTER §. Lastly, there are plenty of conceptual/methodological details and issues
funder the hoodo, but discussions about t hc
and especiallHAPTER 7 will aim to invite unique discussions). In this egd, the goals

of this thesis are threefold:

1. To build a framework for modeling finite mixture heterogeneity that connects
seemingly less related models and various methodological ideas across domains;
2. To tackle variouseterogeneityelatedresearch questns in travel behavioand
thus show the empirical usefulness of the models under the framework
3. To examine the potential, challenges, and implications of the framework with

conceptuatonsiderations and practical applications.
1.4 Thesis aitline and contributions

This section outlinethe structure of the thesigigure1-5) and describethe key
contentsof each chaptein the thesiseach corechapter illuminate some pags) of the
framework and delineasdow key concepts in the framework are connected to each other
(and to other chapters as well summary of the conceptual contributions and
methodological novelties of the thesiifered inTable1-3, and a summary of selected

empirical findings appears ifable1-4.

CHAPTER 1provided the motivation of this thesis and sethgbackground and

thesis objectivesThis sectioroutlinesthe rest of the thesis.

19



CHAPTER 2aims to provide a broader understanding of the usage landscape of
finite mixture modeling, and also insights into detailed elements of the approach through a
comprehensive and stematic review.The chapterdoes not simply summarize the
literature; rathernt aimsto provide conceptual insights.g.thetypology of heterogeneity
in Section2.3.7). Section2.1skims related concepts in other doma®ection2.2 presents
how we obtaieda pool of relevant papers and how the studies are distributed by year and
topic. Section2.3 dives into the key elements of the finite mixture model and how
transportation studies have used the metfodhe bestof ourknowledge, this is the first
comprehensive conceptual/review study exploring heterogeneity and mixture modeling in

the ransportation domain.

CHAPTER 3focuses orparameter heterogeneity, which is the most popular type
of heterogeneity. Specificall{he chapteconnecsthree alternae approachet treaing
parameter heterogeneitgeterministic segmentation, endogenous switching, and latent
class models. The study compmatbem from theoretical andconceptualstandpoints
(Section3.3) andwith empiricalapplicationgmodeling vehiclamiles driven; Sectio3.4).

In addition, the chapt provides somemportant discussions related to the models,
especially notes about estimating treatment effects (Sek#spriro our best knowledge,
this is the ifrst study to connect those¢hree alternative modelsincluding theoretical,

conceptuglandempirical comparisons.

CHAPTER 4deals with the confirmatory latent clasgproach. The confirmatory
approach is introduced in Secti@rB.2 as distinguishedrom the exploratory approach
which is more common in the literature. This cleapliustratesthe usefulness of the

confirmatory latent class approach with an empirical applicdtradelingthe frequency
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of overnightdomestideisure trips by car and airppecifically, the zerinflated model is
embraced under tHenite mixture heterogeneityramework given the expanded typology
of heterogeneityTo our best knowledge, this is the first studytobabilistically classify
two types of zerdrip cases(structural vs. incidental, which will be described in the

chapter) in the conke of modeling longdistance tip frequency.

CHAPTER 5 expands the latent class model by combining it vatbther,
previously encountereHAPTER 3, model familyi the endogenous switching model.
It relaxes an(often implicit) assumption of independence of the latent class mabgel
allowingthe unobserved influences on clagsmbership and outcome to be correlabed
doing so, however, the model deviates from the standard finite mixture model; hence, the
chapter discussethe implications of this idea(Section 5.2). With two empirical
applicationgmodeling willingness to share autonomous vehicle rides with strangers and
adoption of ridehailing for sockigdurpose trips)the chapter shows how the proposed
models may givenarkedlydifferent pictures compared to the standard latent class models
even when parameter estimates and gooediefismeasures appear to be simi|8ectiors
5.3and5.4). As far as we knowthis is the first studyn the transportation domathat

introduces thédea of combining latent class and endogenous switching models.

CHAPTER 6examines the potential of using the mixture of expg@itsE) method
as a datalriven explortory tool to capture nonlinear and interaction effecthi¢h are
special types of parameter heterogeneity). Se@i®ddescribes how thkIoE fits into the
framewok of finite mixture heterogeneitya(soc al | ed Ai ndi rect appl
mixture modeling). Sectiof.3 verifies the usefulness of the Mokethodwith syntheic

data and Sectiof.4 applies the method to empirical dgqtaode choice)To our best
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knowledge, this is the first studg the transportation domathat connectatent class
modeling and MoE and proposes the idea of using MoE as aldata tool to capture

nonlinear/interaction effects.

CHAPTER 7summarizes the thesis and insgit@irther discussions. lsuggests
several avenudsr futuretechnical advances ampiesend some issues regarding mixture
modeling.It concludes with remarksn the use of the methodology and improvements of

our behavior/demand modeling.

« Motivation
Chapter1 | Setting up the context
itchi i Chapter 2
Sl CL ey Finite mixture modeling P Ensemble method
(selectivity modeling)
Chapter 3
h 4
Eidiains »| Observed class Latent class
switching
o Mixture of
Y y experts
Direct application Indirect application Chapter 6

h 4 A 3

Exploratory Confirmatory e
Chapter 4
Latent class
*| error component Chapter 5 Chapter 7

T ] « Challenges
A |:> « Future directions
e - Concluding remarks

Figure 1-5. Schematic relationships among components of the thesis
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Table 1-3. Summary of conceptual contributions and methodological novelties

Conceptualcontributions

Methodological novelties

Ch2 &

9 The first comprehensive revievf o

1 Appliestopic modeling to papers specific

Ch7 heterogeneity and mixture modeling in interest in the Scopus datab#gas opposed
transportation to typical applications in which topic
9 Developsatypology of heterogeneity in modeling is applied to any type of study ir
travel behavior/demand broad domain)
1 Examines key elements of mixture
modeling and thus portrays the general
usage of the method
1 Discusss potential technical advances
1 Presergcritical issues and challengeb
the finite mixture approacthat have not
been discussed
Ch3 1 The first conceptuatonnections/ 9 Discusse modetspecific usage and
comparisons among three finite implications(performance, interpretations)
segmentation models: deterministic, whenappliedin the context of vehicle
endogenous switching, and latent class miles driven (VMD) modeling
1 Extendsthe concept of finite mixture/ 9 Provides complete equations for calculatin
segmentation varioustreatment effects whemlog-
transformation is applied (which has not
been covered in travel behaviesearch
Ch4 1 Embracs zerginflated models under the  The first application that probabilistically
confirmatory latent class approach decomposes different types of zeros in th
1 Discusssthe usefulness of the context of modelindong-distancetrip
confirmatory latent class approach frequency
Ch5 9 The first introduction of the idea of 9 The first application of latent class
combining latent class and endogenous modeling in the context of modelirige
switching models in the transportation willingness to sharautomated vehicle
domain (AV) rides with strangers and adoption of
1 Delineats subtleconceptual differences ridehailingfor socialpurpose trips
between latent class models with and 1 Conducs statistical inference based on
without an error structure (parallelized) bootstrapping
1 Derives marginal effects of the model 1 lllustrates the usefulnessf the method with
1 Discusssthe issue of evaluating latent scenario analyses
class models
Cheé 9 The first study in travel behavior research § The first application of MoE in the travel

that introduces the ideas ioflirect
application of latent class modeling ahe
mixture of expert¢MoE) architecture

1 Proposethe idea of using MoE as a data
driven tool toidentify nonlinear/interaction

effects

behavior and choice moded) communities
9 Demonstrates the approximation abilities
MoE by experimening with synthetic data
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Table 1-4. Summary of selected empirical findings

Empirical findings (selected)

Ch2 & Ch7

1 Found that heterogeneity and mixture modeliagegained popularity over the years
in transportatiomesearch publications

1 Identified six subdomains in transportation that use mixture modeliscrete choice
modeling general behavior analysisrash/sdety analysistraffic analysis travel time
distribution, andelectric vehicles

1 Summarized types of heterogeneity and related applications in the litevaittiable
distributions parametersmodel specificatiomttribute processingunctional forms
decision rulescausal structure/ordeiconstraint/choice set

1 lluminated that supervised learning and unsupervised learning applications tend
have divergent numbers of classes in their respective final solutions; many studie
determined such a numbaraiitatively rather than quantitatively

Ch3

1 Urban resident&veremore sensitive to the availability of transit, whereas-udran
residentsveremore sensitive to local amenities

9 The lowerVMD latent classvasinfluenced to drive less when living in more job
dense or better transiervice areas, whereas the high®tD classwasnot
significantly influenced by these factors

1 Propensities associated with residential location choice and VMT generatioth sha
comma unobserved factors

Ch4

1 Identified profiles of those in the structural z¢rip regime (as opposed to the trip
making regime): thewerethe oldest and have the lowest household income for bc
air and car travel

1 The presence of children acted dsagrier to belonging to the tdmaking regime for
air travel, but it was a facilitator of doing so for car travel; it was negatively assoc
with the number of trips in both modes

1 As distance to airport increased, both entry into thenid@ing regimeand number of
trips were inhibited for air travel, but car travel exhibited the opposite effects

Chb5

1 Found significant correlations between unobserved influences on latent segment
and behavioral processes (for both empirical contexts of modeéngilimgness to
share AV rides with strangers and adoption of ridehailing for spaigdose trips)

1 Males, more educated, and those who have used ridehailing seveiegsore willing
to share AV rides with strangers

1 Identified a latent group of peoplenwo ar e fAstructurally
with strangers; (none of the tested factors affects their willingness)

Ché

9 Experiments with synthetic data showed that MoE can capture nonlinear/interact
effects without prior knowledge of those etfec

1 MoE identified significant nonlinear effects of time and cost on mode choice in ar
empirical application

1 Found significant interaction effects in this empirical application: in particular, tray
time interacted with gender and trip purpose; travel iodstacted with gender and
seat grade of train

1 Conventional logit modelgere substantially improveay re-specifying then on the
basis ofwhat MoE learned from the data
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CHAPTER 2. HOW WE HAVE USED MIX TURE MODELING

Paper itle: Finite mixture (or latent class) odeling in transportation: Trends, usage,

potential, and future directions

This chapterexploresstudies using finite mixture modeling in transportatitin.
starts with related concepts in various disciplines andekamines publication trends by
year aml subdomains based on topic modeling. The chapter prosidemprehensive
review of how transportation studies have used finite mixture modetiegelops a
framework encompassing finite mixture modeling and related subggrigiscusses key

elements of th&rameworkwith varioustypologies (e.gatypology of heterogeneity).

2.1 The arena of segmentation, finite mixture modeling, and other relevant concepts

in various disciplines

Transportation studies constitute a wide spectrum of research, but a majority of
them employ analytic approaches involving some type of statistical modeling. Numerous
studies have pointed out some types hefterogeneitythat could be an important
consideréion in modeling. For example, unobserved heterogeneity in crash data is a critical
issue for modeling in safety analysis, and has thus led to the proposal of various models to
deal with it (cf. Lord and Mannering, 2010; Mannering and Bhat, 2014; Manretradg
2016). In travel behavior studies, a key avenue of research has addressed how to capture
heterogeneity with respect to a given behavioral process (e.g. Brownstone et al, 2000; Ben
Akiva et al., 2002; Greene and Hensher, 2003). The interest imogeteity and
corresponding modeling approaches has been exponentially growing over the past several

decades (as will be shown in Sectibg).
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The mixture modelindramework is extremely flexible, and thus it is a versatile
tool for probabilistically and simultaneously taking various types of heterogeneity into
account in behavioral modeling. This methodology has been applied to analysis techniques
such as clusternalysis (unsupervised learning), regression/classification, and model
systems (structural equation modeling). Thus, concepts of segmentation, heterogeneity,
and mixture modeling have appeared in an arena of various fields beyond transportation,
including ut not limited to) (big)statistics, econometrics, psychometrics, machine
learning, marketing research, social/behavioral science, and transportation. Here, we
briefly and selectively overview concepts and methodologies discussed in various domains

that ae relevant to the themes.

2.1.1 Multigroup analysis in psychometric models

Naturally, the existence of heterogeneity in human behavioral processes would be

of fundamental interest to the discipline
Amul t imgaloywspi sab has | ong been of interest i
(1964) aimed to answer the question, AUnder

the factor structure inherent in a given set of variables will be invariant over populats ? 0

In psychometric models, the focal point of multigroup analysis is to test multigroup
invariance in model elements such as factor loadings, factor covariances, regression paths,
and latent factor means (cf. Byrne et al., 1989; Ansari et al., 20006eB2013). There

have been several methodological approaches to treating heterogeneity in the population.
For example,Joreskog (1971) described a procedure of testing for multigroup invariance
(when the sample is drawn from several populations). Muth@89) introduced multiple

indicator multiple cases (MIMIC) analysis as a method for describing heterogeneity.
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Al t hough he took another avenue to handl e
alternative view to homogeneity is that data come from a migtfupepulations with their

own sets of parameter values. This relates to statistical modeling called finite mixture
anal ysi s dlowévpr, mo& m8ltigroup analyses have been based on a certain
deterministic group indicator of interest (e.g. gendeg).dgarly proposals adopting (finite)

mixture modeling in psychometric models include Yung (1997) and Jedidi (1997a; 1997b).

Yung (1997) proposed finimixture confirmatory facteanalysis models; Jedidi et al.

(1997a; 1997b) proposed a latetdss versn of the multigroup structural equation model

(SEMY, questioning the basic assumption of a known group indicator.

2.1.2 Market segmentation in marketingsearch

The concept afnarket segmentatidmas a long history in marketing research. Since
the pioneeringntroduction of Smith (1956), market segmentation has become a dominant
concept in marketing research and practice (Kotler and Armstrong, 2010; Wedel and
Kamakura, 2012). Initially, segmentation was mainly performed using two approaches:
direct segmentatioon the basis of one variable at a time or perhaps thetatmdgstion
of two or (seldom) more variables, and cludiased segmentation, in which an initial
cluster analysis was conducted on multiple variables, and then the data were segmented
(for further analysis) on the basis of the resulting clusters (Wind, 1978). Both of these
approaches are deterministic (manifest) and exogenous: the segment membership of each

case is knowa priori, having been determined outside of the model or process of interes

SThiasa@al |l ethi kinreeSEM agpéarisewtasdk hlmevh hternansport ati ot
domdthre aut hor sonmlrye sabh wfdtise s 0fz a 6Atl | &In. e tRdaldy,a | 2a0 1e%;

al ., Kem26tn aplr)o,gr es s
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Finite mixture modeling was an important analytical breakthrough. Since the first
application of mixture modeling in the 1970s, it has been considered one of the most
influential methodological developments in the field (Wedel and Kamakura, 2018 In t
mar keting | iteratur e, such model s ®liave b €
terminology that is also familiar in the transportation domain. Early works in marketing
research, which employed this type of mixture modeling, include DeSarbo and Cron
(1988), Kamakura and Russell (1989), and Swait (1994). Particularly, Swait (1994)
presented a useful conceptual model that embeds the latent class concept into the discrete

choice process formulated by Nobel economist Daniel McFadden.

2.1.3 Model structure andresemble methods in machine learning

A variety of machine learning techniques have been proposed in the last several
decades. Among the myriads of model classes, some are relevant to our themes. As
commented in Bishop (2006), if we focus on the mechanismieofsion tree models
(namely,to partition the input space into a set of rectangles and then fit a model for each
segment we may notice that the basic idea for solving the problem is segmentation. In
addition, vhen examining the model structures of ftelass models and neural networks,
we may recognizéhat their structures are fairly similar to each other in that there are
hidden (or latent) nodes in layers. Indeed, the latent class model can be considered as a
particular form of a single hidden layeedforwardneural networlkwith MNL activation

functions (McFadden, 2001; Vermunt and Magidson, 2003).

SAccording to Qrheee it eettenad e e INals9s76Gt) Becaemioybf o maz ar sf el d
(1950) .
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Lastly, one particular relationship pertains to a modeling approach (or model
architecture) rather than to a single model peCsasiderable effort has been expended
to improve the performance of models in the machine learning domain (cf. Kotsiantis et
al., 2006). A particular approach is to combine models (ensemble methods). Loosely
speaking, this approach aims to predict outconasgd on multiple (local) models instead
of a single (global) model. There are various ensemble methods (cf. Rokach, 2010); one
such method is the smalled mixture of (local) expertéMoE) proposed by Jacobs et al.
(19919). The basic idea is to split tigut space into homogeneous regions, with different
experts(i.e. modelsor also calledearner§ bei ng fAresponsi ble foro
different regions (Masoudnia and Ebrahimpour, 2014; Baldacchino et al., 2016). This
approach i deandadd geue riiod i fvrirsolring perspectiveb(Whicimis
comparable to the concept of market segmentation). Then, results from the different experts
are combined by gating network(usually employing the socalled softmax functiori
known as multinonal logistic regression in other domainswhich functionalizes the

membership models of latent class models in most studies).

Recalling the concepts of finite mixture modeling and market segmentation, these
approaches are not far from each other. ThatliBpugh some details in application and
context may not be identical, the basic idea for solving the problem is fairly similar. We

can translate Ahomogeneous input spaceso |

2

gating networ ko emttat ifonre mhedeslhd p/ daed mil oc
Acl-apeasci fi ¢ o0 uThisavithbe conered erlCHAPTER 6in detail. Hence,
the mixture modeling frameworkf interest in this study blends fundamental conceptual

(e.g. marketing research) ideas with a promising analytic approach. This accordingly

29



suggests that the methodology has great potential to improve the interpretability as well as

the performance of thmodels to which it is applied.

2.2 Landscape and trends in transportation
2.2.1 Methodology

Although studies of research trends are not uncommon, only a few attempts to
identify such trends through modeling can be observed in the transportation field. This has
happ&ed recently (201:2020), since text mining and/or topic modeling has started to gain
attention in the field. As shown ifiable2-1, four out of six studies used resoes of the
Transportation Research Board (TRB), including compendia of the Annual Meeting and
theTransportation Research Recqadirnal. A critical difference of this study from others
is that this study specifically targets selected papers sharing a tifeénterest, whereas
others pooledall articles in the target sources. Hence, the previous studies identified
macroscopic topics/trends in transportation at large, whereas this study aims to uncover
topics/trends with respect to papers focusing on our interest (applications of latent class or

finite mixture modeling).

First, we find a large volume of journal articles, to encompass the landscape of
transportation literature related to our interest. There are multiple sources of information
on research articles (e.g. Google Scholar, Scopus, W8kience, Transport Research
International Documentation, individual journal websites); we use the Scopus database to
identify our pool of articles. This study specifically uses the Scopus API since (1) it is one

of the few sources publicly available (foon-commercial purposes) and (2) Scopus is a

30



major sourceneutral abstract and citation datada¥ée search for our keywords in three

fields: article title, keywords, and abstract. We do not search for keywords in the body of
the paper, to focus on papdor which our keywords are highlighted and to avoid irrelevant
papers (e.g. terms can be mentioned in the body of the paper in a way that is peripheral to
the paperdéds theme). However, this search
because soméwslies may use the methods of interest without mentioning them in the title,
keywords, or abstract. We limit our analysis to the pool of articles published through 2020
(no lower bound) We directed our search query to focus on major -peeéewed

transpatation journals as shown fable2-2. The keywords we use are:

5t

| atentl adleamd s ®,egfiment ati ond, Aendogenous

=]

mi xtur e Aima ke lu(r ) gmwo,d efil f(ilniit e mi xtur eo.

We pool the selected papers using the union operaiimther words, our pool contains

any papers having at least one of the keywords sear€hedlist of specified &ywords

may potentially include less relevant papers (e.gvKegwords appear in the abstract by
coincidence) and/or exclude highly relevant papers (e.g. papers in other journals, but

involving a transportation application).

"For more déattaiplss,/ / defver !l s@uiters.:ddm/wswc ed siess.i ketr mlic o m/
SThep@0dawarc®!| | ected i Dattantiary20202publ i ceantdi ons we
of December 2020.
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https://dev.elsevier.com/sc_apis.html
https://www.elsevier.com/solutions/scopus

Table 2-1.

Summary of topic modelingapplications to transportation research

Author  Year Method Target sources Number of Period
articles
Das etal. 2016 Latent.DlrlchIet TRB annu_al meeting 15,357 20082014
allocation (compendia)
Das etal. 2017 Svucturaltopic TRB annual meeting 15,357 20082014
modeling (compendia)
- 22 selected
S_un& 2017 Latent.DlrlchIet transportation 17,163 199062015
Yin allocation :
journals
Boyer et 2017 Latent_DlrlchIet TRB annu_al meeting 32,090 19982016
al. allocation (compendia)
Kuhn 2018 StructL_JraI topic Aviation incident 25706 20112015
modeling reports
Latent Dirichlet Transportation
Das etal. 2020 allocation; structural P 30,784 19742019

topic modeling

Research Record

Table 2-2. The pool oftransportation journals searched

Transportation
Transportation Research Part A: Policy and Practice
Transportation Research Part B: Methodological
Transportation Research Part C: Emerging Technologies
Transportation Research Part D: Transport alBdvironment
Transportation Research Part E: Logistics and Transportation Review
Transportation Research Part F: Traffic Psychology and Behaviour
Transportation Research Record
Transportation Science
Transportmetrica A: Transport Science
Transportmetrica BTransport Dynamics
Transportation Letters
Travel Behaviour and Society

International Journal of Sustainable Transportation
Journal of Advanced Transportation

A=A 8888880 _0_0_0_92_98_92_29_29_-92_-2_-4_-9_2_-29_-2°.-2°

Journal of Public Transportation

Journal of Transport and Health

Journal of Transport and Land ©s

Journal of Transport Geography

Journal of Transportation Engineering Part A: Systems
Research in Transportation Economics
Transport Policy

Transportation Planning and Technology
Journal of Intelligent Transportation Systems
Accident Analysis and Preveorti

Analytic Methods in Accident Research
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2.2.2 Yearly trends

Finite mixture modeling or latent class modeling is gaining in popularity, and such
studies appear in a portfolio of transportation journals. In particlil@nsportation
Research Part pAccidentAnalysis and Preventigiiransportation Research Recoahd
Transportationare the main transportation journals publishing such papers. We compare
the publication trend of our focus (latent class or mixture modeling) with the trends for two
adjacent andwerlapping topics: heterogeneity and random parameter métgplse2-1a
plots the annual counts of identified papers having the selected keywords. We can observe

a huge surge, beginning around 2008, in the number of publications that are related to the

=]
>

concept of % hetrer,ogereeirteyddo | i ne graph of
y-axis, is superimposed on tlaeeacharts associated with the leftaxis). In addition,
random parameters and latent class models have also surged. However, the total number
of scientific papers across all fields has also been exponentially growing over the same
period. Hence, we normaéizhe number of related papers by the total number of papers in
the target journals in each yekiqure2-1b). For example, as of 2020, the respective shares

of papergertaining to latent class modeling and heterogeneity were 1.5% and 7% out of
all papers in the selected journals. The smallness of these shares is not surprising in view
of the wide variety of topics and methodological approaches available in the ttahgpor

field, but the important point is that the shares of related papers are exhibiting increasing
trends. Thus, the figure confirms that identifying and accounting for heterogeneity is

becoming an important stream of research. Furthermore, the risergiat given to

Fotrhgwery, avie fserartchiee tkeeryodgaiifiesit tey o goeSri (nec)eoushese t er n
are rather general, substantially diverse papers cc
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Arandom par amet er s 0 siacreasingipukdidateom ttends dindlar 00 mi r
that for heterogeneity studigbus implying that they might be major tools to be employed.
Although the two approaches keep rapidly growing, theaamnglarameter approach seems

to be relatively more popular in terms of the number of papers. Some studies nientione

both concepts together, signifying that they compared the two approaches (we will revisit

this in Sectior2.3.9. G ven t hat concepts of Aheterogen
have been discussed in transportation journals since the late 1970s, it is likehethat

spread of newer tools (i.e. randomgraeters or latent class modeling halped increase

the number of papers discussing heteroger@tty.

PThis ispreaans porniathipaneel tgrsielautcdobl e t o some seminal
cl amovd ¢ Bhat, 199 "Mo,dénHexnesdh elro gaintd a 10 oenepnaerqif s2dONGOS )

met hodssafp@r édlemsheal | @09iI0BY ti me for the concepts to
and for the application papers to be published
TAnot her i nteert eadttipseg ethamitfi on of statistical model ir

transportation idpmpiuh ac as elde mamlynnd bat sesi oal and
ecometric methods for transpepandi eanah emmblimegtean et
models in the second edition (2010) that was not ir
(2020), tnhanepbampatneert ears rhedcemkbabar ad kaprdead eont ¢l as s
model s has been newly added.
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(a) The number of related papers in target journals
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Note: Plots (a) and (b) are unstacked area charts. Heights for the three colored regions are
all calculated from the zero point on the vertical axis; i.e. the three regions are overlaid.

Figure 2-1. Publication of related papers over the years in target journals: (a) the
number of papers, (b) the share of papers normalized by total number of papers
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2.2.3 Topic modeling

Latent class or mixture modeling approaches have been used in a variety of
applications. To identify and classify research topics that employed the mixture modeling
appro&h, we employ the nonnegative matrix factorization (NMF) technique. NMF aims
to find the positive factorization of a given nonnegative mairex @ matrix with no
negative elementsu et al., 2003; Shahnaz et al., 200Bpecifically, we begin with the
nonnegative wor@bstract matrixo , wheremis the number of words,is the number

of abstracts, and thg" element oo, ® , is a number between 0 and 1 that represents

the value of word to characterizing abstractThe more abstrés that contain word the

less valuable that word is in distinguishing among abstracts, and the simalléli be.

We assume there dfatent topics in our pool of abstracts, which are considered as proxies
for the (relevant) contents of the papthemselves. The goal is to factorize into two
nonnegative matrices: a wetdpic matrix,o  , and a topie@bstract matrixO . The
objective function to be minimized is as followss: /&y w 'O, where£2 denotes the
squared sum of all the elements in the matigure 2-2 shows a schematic diagram of
NMF. The darker colors indicate greater values. In this exampleraksbs2 is more
relevant to Topic 2 and Word 3 is more relevant to Topic 1. Although methodologies take
different mathematical forms, the basic idea of NMF is analogous to that of principal
component analysis (PCA) or exploratory factor analysis (EFA), lwlkie widely
employed in the transportation domain. For example, when applying EFA to attitudinal
statements, we aim to find latent psychological constructs (here topics) and estimate the
loadings, or associations, of statements (here words) with cossadtvith the factor

scores of individuals (here abstracts).
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When constructing a matrieo, we transform a raw wordbstract matrix into a
matrix of tkidf (term frequencyinverse document frequencyalues Thisconcepis often
used in text mining toneasurethe importance of words in each document (Beel et al.,
2016). It works by determining the relative frequency of words in a document compared to
the inverse proportion of that word over the entire document corpus (Ramos, 2003); hence
the tfi idf valueincreases proportionallyith the frequency o& word appeaancein the

document, but is offset by the number of documents in the corpus that contain the word.

Hj,xpn (topic-abstract)
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(_2\0\ (_?0'1, . QE\C“‘ é@o é@o %@o 6\&0
<0748 <2 ¥ W ¥
Word 1 Word 1
Word 2 Word 2
Word 3 Word 3
Woerdm Wordm
Wik (word-topic) Ximxn (word-abstract)

Figure 2-2. Schematic diagram of NMF
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Table 2-3. Word clouds for each topic

Topic 1: Behavior analysis (26%)
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Topic 3: Crash/safety analysis (17%)
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Topic 5: Travel time distribution (14%)
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Topic 2: Discrete choice modeling (21%)
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Topic 4: Traffic analysis (16%)
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Topic 6: Electric vehicles (6%)
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We experimented with topic model

s having various numbers of topics (values of

k), and ultimately identified six topics among 284 papers of interest. Based on the word

topic matrix, we can ideify the top keywords in each topitgble 2-3). In the pool, studies

Afunder the umbrell

ao

of behavior anal

y si

discrete boice modeling is a major community using this methodology. Crash/safety
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analysis is the maiapplicationdomain (17%) using the methddllowed closely by traffic
analysis (16%)Each of the topics involves general issues of heterogeneity in analyses. Fo
behavior analysis, it has been emphasized that human behaviors are heterogeneous. In
addition, many studies have commented on heterogeneity in safety (Mannering and Bhat
2014; Mannering et al., 2016) and tratiele related data (e.g. Kim and Mahmassani,
2014; Yang and Wu, 2016; Zou et al., 2017). In a nutshell, mixture modeling has become
a major methodological tool, having diverse applications in transportation. We will

examine the literature and its keynotes in greater detail in later sections.

2.3 How have we used mixture modeling? Diving into each key element

This section explores how transportation studies have used the finite mixture
modeling framework. For more detailed and specific discussions, we put more emphasis
on transportation studigiirtherspecializing in travel demand and behavior analysis. The
following subsections successively discuss the key elements of mixture modeling: the
types of heterogeneity considered and the types of approaches used (confirmatory versus
exploratory), the types giroblem to which mixture modeling is applied, the membership
function, the outcome model, selection of the number of classes, model comparisons, and

software and estimation approaches.

2.3.1 Type of heterogeneity

A number of different kinds of heterogeneity baleen identified, particularly
relevant to the field of behavior modeling. In thieesis we classify heterogeneity as
pertaining toone or more ofthe following aspects of a behavioral mode#riable

distributions parameters model specificationattribute processingfunctional form
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decision rulecausal structure/ordeandconstraint/choice séf As shown inFigure2-3,

we suggest that these types of heteroggne#ctangles) arise from four key sources
(rounded rectangles): data, parameters, function, and conceptualization. The types of
heterogeneity are briefly summarized Tiable 2-4. Note that they are not mutually
exclusive: some types can be obtained as special cases of others (but we keep them separate
because they are typically treated separately in the literature), and multiple types of
heterogeneity can appear in them& model. Below, we will examine each of the

representations of heterogeneity found in the literature.

C) Source of heterogeneity
|:| Representation in modeling

! Heterogeneity enabled by
! the confirmatory approach

_________

v v H

h 3 h
( Data ] ( Parameters j:[ Functions ] [Conceptualizationj

X,
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&

Parameters

Figure 2-3. Typology of forms of heterogeneity addressed by the mixture modeling

framework
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Table 2-4. Descriptions of types of heterogeneity

Heterogeneity Description

A fundamental source of heterogeneity is the data distribution. The
subgroups in the population (no matteiw we define them) and eac
segment has its own distributions of characteristics. For examplt

Variable may classify individuals into urban and rorban residents; and the

distributions urban and nowrban resident segments may have different distribut
of characteristis (e.g. gender, income, age, attitudinal dispositic
Mixture modeling can be used to probabilistically classify individual
the basis of selected characteristics, or indicators.

Individuals have heterogeneous sensitivities to, or pmedee for,
factors associated with the outcome. The most popular forr

Parameters heterogeneity explored in transportation is parameter heteroge
(referred to as fitaste hetero
modeling context).

Each class has a different model specification with respect to the
attributes to be considered in the model. For example, a certain
may not be considered in the decisioaking of a certain segment.

Model specification/
Attribute processing

Each segment follows a different data generation process whi
represented by a different functional form (not just different paran

Functional form valuesper sg. For example, for some segments the choice may foll
multinomial logit form best, while for otheescrossnested logit form is
more appropriate.

Each segment has a different behavioral mechanism, beyond func
formsper se For example, some people may make the choice that
maximal utility, whereas others may make the chtiieg¢ gives minimal
regret.

Decision rule

The causal relationships among behavioral indicators may differ a
Causal structure/ segments. For example, some people may determine vehicle own

order and then residential location, whereas others may do so in thesee
order.
. Each segment has its own constraints on decisiaking. Or eacl
Constraint/ h it hoi | ;
choice set segment may have a different choice set. For example, a certain se

would never consider bicycle for a mode choice.

We reserve the discussion dfeterogeneity in variable distributionso

Section2.3.3*® Turning to the second type, ast applications of mixture modeling

BThikecause heterogeneity in varOtalelre tdipetsr iof uthied res

41



highlight heterogeneityn parameters The idea is that individuals have heterogeneous
sensitivities to, or preferences for, factors. This is the most popular form of heterogeneity
explored in the transportation literature (taste heterogeneity/variation in the choice
modeling context, andian even broader per spec-hkariese, st
analysis is a type of parameter heterogeneity). Hence, although many studies do not
explicitly say which type of heterogeneity they are investigating, a majority of them
implicitly examined peameter heterogeneity. Early works in traxgated choice
modeling include modeling mode choice behaviors (Bhat, 1997; Walker, 2001) and route
choice behaviors (Greene and Hensher, 2003hy studiesaveprovided conceptual and
empiricalevidencaegading how treating parameter heterogeneity (via mixture modeling)

is helpful. In particular, in behavior analyses, it is well suited for explaining complicated
human decisions. Several studies tried to understand behaviors as arising from
endogenously segmted travel/liferelated styles (e.g. Walker and Li, 2007; Vij et al.,
2013; Vij and Walker, 2014; Prato et al., 2017). Hence, the latent class modeling
framework has been applied to a varietgubjecs such as (but not limited to) mode choice
(Wen et al, 2012; Ma et al., 2015; Vijj et al., 2017; Qin et al., 2017; Saxena et al., 2019),
flight choice (e.g. Wen and Lai, 2010; Seelhorst and Liu, 2015; Araghi et al., 2016), vehicle
ownership (e.g. Anowar et al., 2014; Kim and Mokhtarian, 2018), vehicle ¢ypeBeck

et al., 2014; Hackbarth and Madlener, 2016; Ferguson et al., 2018), location choice (Olaru
et al., 2011; Fatmi et al., 2017), and some types of binary decisions regarding, or interest

in, services/activities (e.g. Wen et al., 2016; Lin et afl,72@Volbertus and Gerzon, 2018;

deal with how behavioral outreed g eme del se@)li 1 far na oigc
whereas the variable distribut(oelsduaresbu gaabrovuits eddi st r i
l eardngi ng
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Lin et al., 2018). Numerous safety analyses have also benefited from incorporating
parameter heterogeneity since it has been claimed that unobserved heterogeneity is present
in crash data. For example, latent class moddiasybeen an important tool for treating
parameter heterogeneity in modeling crash/injury severity level (e.g. Xie et al., 2012; Eluru

et al., 2012; Chu, 2014, Behnood et al., 2014; Yasmin et al., 2014; Shaheed and Gkritza,
2014; Adanu et al., 2018; Fountatsal., 2018; Yu et al., 2019) and crash count (e.g. Zou

et al., 2013; Yasmin and Eluru, 2016; Park et al., 2016).

Studies ofattribute processingor information processing) strategies in choice

modeling have also employed the mixture modeling frame@ok Hensher and Greene,
2010; Hess et al., 20b3Hensher, 2014). In this type of heterogeneity, each class is
conceived of considering (or attending to) a different combination of attributes in the
choice process (i.e. when there quatributesg combinations are possible and thus there
can be as many &s classes). Loosely speaking, this can be also considered as a branch
of parameter heterogeneity in that different model specifications imply different parameter
values (e.g. individuals in onegment take into account built environment attributes and
thus have noizero weights on those attributes, whereas individuals in another segment do
not, and thus give them zero weight). Or, as Hess et al. lfp@h8 Hensher et al. (2013)
pointed out, attbute nonrattendance and regular taste heterogeneity could be confounded
while employing the mixture modeling framework. In any case, the latent class modeling
framework (generally with constarinly membership modeld)as served as a formal
specificationof models considering attribute attendance. Collins et al. (2013) applied
various specifications of attribute processing models (formulated with mixture modeling)

to flight choice behaviorddensher et al. (2013) modeled route choice with a latent class
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structure that allows heterogeneity in attribute processing rules (e.g. full attribute
attendance, attribute nattendance, aggregation of comraetric attributes). Pan et al.
(2019) modeled electric vehicle (EV) charging choice with a latent class nuodeirding

for attribute norattendance. They reported that, with respect to the Akaike Information
Criterion (AIC), the model was better than a counterpart that assumed the same model

specification across segments.

We can also imagine that different pogida segments may have differenpriori

model specificationapart from variations in attribute attendance. Even if an attribute is a

factor for all segment$or some conceptual reasons, it may be formulated in different ways
across segments (e.g. {ognsformed, powered, amtransformell For instance, Sun et

al. (2012) conjectured three types of risk attitudes (risk avoider, risk taker, and risk neutral)
related to route choice, and then constructed three classes having different utility functions
to reflect such attitudes. El Zarwi et al. (2017) modeled the adoption and diffusion of new
transportation services (e.g. Uber/Lyft) and formulated three types of technology adopters
(innovator/early adopters, imitators, and remopters). Based on the teology diffusion
literature, the systematic utility of the innovator class is formulated as a function of
characteristics of the decisionaker and attributes of the new technology; the utility of
imitators is a function of social influence as well as tloeeanentioned attributes; and the

utility of the nonadopter class is formulated only with constant terms.

A rationale behind heterogeneity fanctional formsis that there could be

alternative mathematical representations/functions of how segmentsatgenatcomes
(aside from different sensitivities). For example, Koutsopoulos and Farah (2012) applied

latent class modeling to céollowing behaviors. They assumed that there are three
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possible(latent) states for vehicles (acceleration, deceleration,dmdothing) and that

each state follows different models (lognormal distributions for the first two classes and
normal distribution for the daothing classin this study). Some studies posited that there

are random and regular user groups of parti@adavities and applied latent class modeling

(to shopping, Bhat et al., 2004 and use of EVs, Kim, Yang, Raouli, Timmermans, 2017).
Bhat et al. (2004) modeled two different functional forms (proportional hazard
accommodating the effect of observed and ueoiesl characteristics fahe erratic
shopper class and ngrarametric hazard fdheregularshopper class). Kim et al. (2017)
modeled EV intecharging time with the exponential distribution (for the random user
group) and the Erlang distribution (for the regular user group). Or, we can consider
conventional zeranflated models (Lambgr1992) as a particular form of latent class
modeling addressing heterogeneity in functional forms. In this case, one class follows a
usual behavioral generation process (e.g. represented by probit, Poisson or negative
binomial), but another class strucilly generates zero instances or amounts of the
behavior (cf.CHAPTER 4. Ma et al. (2016) modeled injury severity with a talass

model: one assuming the multin@logit and the other assuming the ordered logit (OL)
functional form. They called the method a
includes two types of models. After comparing with a mixture of multinomial and mixture

of ordered logit modelshey (p.70) concludethati ét he FMMNL [ finite mi
model provides a very flexible modeling structure but the interpretation of the factors is
difficult, whereas the FMOL [finite mixture OL] model is simpler to interpret but less

capable of miningomplicated patterns of influence of factors. The proposed HFM [hybrid
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finite mixture] model exhibits an appropriate balance between modeling flexibility and

interpretation difficulty.o

Particularly in the choice modeling context, there have been disnassivarious
decision rulegdecision protocol or process heuristics) that could potentially govern human
decisions (cf. Gopinath, 1995). Thanks ttee seminal work of McFadden (2001)
connecting economic theory (random utility maximization, RUM) wittatitical model,

RUM has served as the dominant decision rule paradigm of choice modeling. However,
due to the complexity of the human decision process, it has been argued that human
behaviors cannot be explained solely by RUM. Hence, various alternaéiveslso been
proposed such as lexicography (Payne et al., 1992) and random regret minimization
(Chorus and Timmermans, 2088)Although numerous studies looked for the best
decision heuristic given the empirical context, several studies posited thiaterdécision

rules can exist in the sample and endogenously clustered the sample into segments that
follow different decision rules with the aid of a mixture modeling framework. Hess et al.
(2012) provided four case studies, with each case study emgplaymixture modeling
framework to combine two different kinds of decision rules: (1) RUM versus lexicography,
(2) RUM versus referenegependent choice, (3) RUM versus elimination by aspects, and
(4) RUM versus random regret minimization. The study dematest that the mixture
modeling framework is flexible enough to accommodate behavioral process heterogeneity.
Srinivasan et al. (2009) modeled mode choice under the assumption that individuals follow

either utility maximization or disutility minimizationegision rules. In this application, a
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sizable majority (68%) turned out to follow the disutility minimization rule. Zhang et al.
(2009) utilized latent class structures to examine heterogeneous household -decision
making mechanisms. They built three sepatab-class models that contain combinations

of two decisioamaking mechanisms out of three: mulitiear utility, maximum utility, and
minimum utility models. Boeri et al. (2014) conducted a choice experiment obtaining
preferences among alternative traffelming projects. They constructed two latent classes:
one following random utility maximization and the other following random regret
minimization. In their application, the share of the utility maximization class was dominant
(57.3% versus 42.7%). Hdmx et al. (2018) examined two process heuristics in the
discrete choice modeling context: extremeness aversion and extended expected utility
attribute transformation. Cranenburgh and Alwosheel (2019) used a latent class model with
three classes of decisioules: random utility maximization, random regret minimization,

and random.

A large body of studies in transportation investigatassality or structural

relationshipsamong variables. Most of the previous studies have assumed a homogeneous
model struatire for the sample, but we can expect there could be subsamples that follow
different structural relationships. Here, mixture modeling renders a framework for
incorporating such an assumption in modeling. Chakour and Eluru (2014) employed a
mixture modelig framework to segment two types of decision order: choosing train station
first and then access mode (statmnde), and choosing access mode first and then train
station (modestation). In particular, the second choice is specified as a function of
exogaous variables that include attributes of the first choice. They found that, based on

modelingsegmenimembership as a functiaf work status, walk time to closest station
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and departure time, the modttion choice segment consisted of 36% of the sample.
Angueira et al. (2015, 2019) analyzed interrelationships between vehicle type choice and
distance traveled. With the aid of a latent segmentation approach, two segments (vehicle
type choice affects distance traveled; distance traveled affects vehiclehtipe) were
identified. The first segment consisted of 89% of the sample. Anowar et al. (2019)
constructed a latent class joint choice model (mode choice and departure time) to
understand university studentsod fraedssesi or .
mode choice first and then departure time choice (class 1), and the reverse choice order
(class 2). Under this confirmatory latent class setting, they found that the model
outperformed the baseline models (separate models assuming each owtpzrienusly),

and that the departutene-choicefirst group has a higher share (64.65%) in the sample.
Astroza et al. (2019) explored heterogeneous structural relationships among residential
location, vehicle ownership, and use of shared mobility. In etbeds, the study assumed

that each segment has a different structural relationship among the three individual choices
in the bundle (e.g. residential location affects vehicle ownership for one segment, and vice
versa for another). In their analysis, a ondy of the sample (53%) presented the following
structural relationships: residential location affects vehicle ownershipathdlecisions

affect the use of shared mobility.

Some groups of data (in particular, people) may haorestraintson producing
certain outcomes. An example is differ@mbice setsBenAkiva and Boccara (1995) is
an early application in marketing that used mixture modeling for heterogeneity in choice
sets. Some people may have the options of choosing car, public transit, avhekeas

bike is not a feasible option for others. In the transportation literature, very few studies
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have explored this type of heterogeneity. In behavior studies, some scholars have linked
preference heterogeneity with the choice set (Vij and Walker,)26b4 example, Vij et
al. (2013) discussed choice set generation related to modality styles. In their experiment, a
threeclass latent class model with heterogeneous choice sets across segments
outperformed counterparts with uniform choice sets as wethigsd logit with error

components, with respect to Bayesian and Akaike Information Criteria (BIC and AIC).

2.3.2 Confirmatory versus exploratory approaches

As aforementioned, one of the main reasons why mixture modeling has become
popular is that it could be suitable methodological approach for examirengumber of
types of heterogeneity. Taapturecertaintypes of heterogeneity with mixture modeling,
however,analystsneed tocustomize the model structure. In this regard, it is helpful to
introduce two typs of approaches using mixture modeliegploratoryandconfirmatory®

(Table2-5).

Most typical finite mixture models are considemxploratory (Hoijtink, 2001;
Laudy et al., 2005). A key question expected to be addressed by the exploratory approach
is: how many latent @dsses are there and what types/characteristics of classes are there,
given the data@o answer this question, the number of classes is empirically explored and
determined. For exampl e, analysts do not s
thinkther e are three classes in this-speaifipi ri cal

hypotheses imposed on the classes. This is an obvious consequence of not having a prior

BAE x p | odaantdoor nyf i Oangpér orpye rgteinees ad fpmod eildumngsi ent i fic res
nota ogfarmeétchud chatlsobgeiot e ms have been widely used in p
Wagenmakers et al. (2012) pr oot dsepssdyucsheof!uolg yp hsitluodsi oepsh
t hayael s®l| etvoatnhte re Isdcsi eonft i fi ¢ research.
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belief about the classes. Hence, the general procedure for the exploratogchppras
shown inFigure 2-4. First, select a functional form given the data, and determine model
specifications. Then, test numbe@f classeganging fromone toK and see if there is a
satisfactory solution (Sectiaa3.6will cover this). A premise is that we do not have
priori hypotheses/knowledge about the latent classes$,age thus exploring possible

solutions.

On the other hand, it is relatively less often characterized as such, but some studies
have employed theonfirmatory approach in a mixture modeling context; this approach
seems to have originated from psychomest(af. Hoijtink, 2001; Finch and Bronk, 2011).

As discussed by Hess (2014) in a choice modeling context, confirmatory mixture modeling
imposes certaia priori constraints, not only on the number of segments, but also on their
distinctive natures. A key @stion expected to be addressed by the confirmatory approach
is: are the hypotheses on the number of classes and their eassific assumptions
supported by the data@o answer this question, an analyst designs a behavioral
mechanism or mathematical repentation of each clabased orprior assumptions, then
tests the model upon the empirical data to see if the hypotheses are corrabpthted

data (see the modeling flow charthigure2-4). For example, suppose we hd¢enodel
candidates and then want to identify how many and what type of individuals follow certain
models. Then, researchers can combinekthmodels with mixing proportions (which
could be just constants or a function of covariates) and then estimate such mixing
proportions as well as the parameters ofkhmodels. In this case, the number of classes

is predetermined; the purpose of using tabe modeling is then, as aforementioned, to

identify the shares of classes and (potentially) to characterize the classes with covariates.
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It is worth noting two caveats about this distinction. First, the two approaches are
on a continuum rather than a kiatomy!® The two approaches share common
characteristics in practice. Both are pattigorydrivenin that theories and conceptual
validity are involved in (1) model specification and (2) the decision on the final solution.
As well, both are partlgata-drivenin that model validity is subject to the empirical data.
Second, the word fAexploratoryo may not be
The main reason is that the exploratory approach is not, inftdigt,exploratory. In
principle, a tilly exploratory approach should be able to search all combinations of types
of heterogeneity (as discussed in the preceding section) with numbers of classes. For
example, in a mode choice problem, it should explore multiple combinations of decision
rules(e.g. random utility maximization, random regret minimization), functional form (e.qg.
multinomial logit, probit, mixed logit), and so on with a hyperparameter governing the
number of classes. This is an almost infeasible search problem. However, whiiéhgssu
thatmany types of heterogeneity are not operative, the conventional approach still has an
exploratory nature in terms of (1) the philosophy that the number of classes is empirically
determined rather than assumed in advance, and (2) the fact thaassspecific

constraints/assumptions are imposed on model parameters.

Then, why do we need to discuss this d

exploratory approach? The benefits of this conceptual distinction and understanding the

%S mi | ar samguimenhfhpesimdhol ogy/ psychétnheet [rfiitaddst t | iatl enfoastt ur
no psychol ogi cal research is €posguobbédginab ptudi ¢:
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usefulness of theonfirmatory approach are twofold. First, the confirmatory approach is a
way of incorporating (human) expert knowledge in mixture modeling (and probably any
other modeling as well). As a result, we may have more meaningful results accruing from
more reasaable assumptions. In addition, from the technical viewpoint, we may reduce
the search space of model configurations. This is an important merit because, in reality, we
cannot search every possibility. Second, as indicated above, we may notice thatlthe usua
latent class model is not truly exploratory under the extended typology of heterogeneity. In
practice, we do not impose clagsecific hypotheses regarding functions and
conceptualizations (seEigure 2-3) and thus the modeling can only find parameter
heterogeneity. On the other hand, the confirmatory approach is customized to test other
types of heterogeneity across classes. In other words, as shdwguie 2-3, the blue
dashed line presents the expanded territory of heterogeneity addressed by the confirmatory
approach. We suggest that this is the key virtue of the confirmatorgaabprand thus
highlights a unique benefit of discrete mixtures as opposed to continuous mixtures.
However, recalling the earlier argument that exploratory and confirmatory approaches are
two ends of a continuum, any study may contain both characteastiche placement of

the study along the continuum is contexihd applicationdependent instead of simply

constituting a certain approach.
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Table 2-5. Summary of exploratory and confirmatory approaches unde mixture

modeling

Exploratory approach

Confirmatory approach

Common { Partlytheory-driven theories and conceptual validity are involved in
characteristics (1) model specification and (2) the decision on the final solution
1 Partlydata-drivert modelvalidity is subject to the empirical data

Key question  How many latent classes and wha' Are the hypotheses on the number
types/characteristics of classes ar¢ classes and their claspecific

there, given the data?

Number of Empirically determined
classes

Classspecific  Not imposed
assumptions

Type of Parameter heterogengei
heterogeneity

Search space o Extremely large (even infinite, if
model truly exploratory)
configurations

assumptions supported by the data

Hypothesized in advance

Behavioral mechanism or
mathematical representation of eac
classis designed based qmior
assumptions

Any type of heterogeneity
Search spacis reduced based on

knowledge/assumptions of the
analyst

Exploratory approach

Confirmatory approach

Select a functional form Hypothesize possible classes .
(applied to all classes) given the empirical context A

Determine model specifications
(membership and outcome models)

Determine the behavioral
mechanism and functional form for
each class

A

l |

Experiment with 1-K classes

Determine model specifications
(membership and outcome models) |

sesayjodAy eAneuwisye uo spuadsdg

Does the model fit well to
the empirical data? No

<
®
»

ant to test alternative
hypotheses?

Choose the optimal one The hypothesis is corroborated The hypothesis is rejected

Figure 2-4. Modeling flow charts of the two approaches
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2.3.3 Types of problem

Finite mixture modeling has been applied in various types of contexts. In particular,
the problem type shapes the narrative flow and the characteristics of the study. From a
broad and practical &wpoint, types of problems that mixture modeling aims to address
include (in machine learning parlancg)pervised learningclassification/ regression
and unsupervised learning(cluster analysi¥ problems. Among the identified pool of
papers, about 65%r e supervised learning problems and the rest (35%) deal with
unsupervised learning. Although the underlying frameworks are similar, the types of results

obtained from the methodological framework are not necessarily identical.

For applications of classifation and regression, a majority of studies are
particularly interested in the different functional forms of outcome models or distinct taste
or sensitivity to factors exhibited by different segments. In other words, such studies aim
to simultaneously estiate segmentation (i.e. clustering) and outcome models. Supervised
learning can be subclassified by the type of target or outcome variable. The distinction
between classification and regression is the standard one: classification deals with
categorical owdomes (including binary, nominal, ordinal variables; such models are often
referred to asatent class choice modelsarticularly in the choice modeling community),
whereas regression deals with continuous or count outcomes (often referrddtémias
class regression modéldn other words, the type of target variable determines the type of
outcome model (we will revisit this in Secti@B.5. For either case, ammon narrative
flow in the papers is to describe how the latent segments are distributed (often with profiles)

and how the outcome functions differ across segments.
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In an unsupervised learning context, the purpose of using mixture modeling is to
clusterthe data with respect to indicators. It does not aim to simultaneously produce
different behavioral outcome models for each segment. In this case, the clustering method
is often referred to by some specific terms includdeussian mixture models (GMM)
latent class cluster analysitatent profile analysisand so on. From one perspective,
cluster analysis based on mixture modeling can be considered as a speciallaiase of
classregression, where the outcome equation(s) have only constant tErbhgéike other
popular clustering methods (e.g. distaesed clustering such asnventioml k-means
or hierarchical clustering), clustering based on mixture modeling is based on the
distributionof data rather than distances between data points, and ledsaadipstic nature
in that observations only have probabilities of belonging to each segment, rather than being
deterministically assigned to one and only one segmenteskencegconstantonly

regression modebsre fitfor different classes as identifitsrough segmentation variables.

Although clustering is embedded in classification/regression problems when using
mixture modeling, there are some differences in practical applications. First, studies using
cluster analysis do not necessarily model orudischow the different segments have
different functions to explain/predict certain target variable(s), whereas that is usually the
main focus of classification/regression problems. In other words, for studies classified as

cluster analysis, identifying segnts is a key goal (oftehe key goal) in its own right.

17 Following the notation oEg. (1.1), the basic fomulation oflatentclustering can be expressed@e

B 0 a3 B "Qwx, where'Qindexes the number of indicators be clusteredlike dependent
variables,”Q p8 0. For example, a common GMM ©® B 0 & "Qugx where™Qare normal
densities (i.e. a constaatly regression with a normal error term); a common latent class cluster analysis on
"Obinary indicators may be expressed@® B 0 0sf B Qo where'Qw ot are constant

only binary logit models.
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Another difference concerns the general tendency of the number of classes. Classification/
regression problems tend to end up with fewer clabs@sunsupervised learning problems
do, for practicd reasons (e.g. estimation and interpretability). This will be covered in

Section2.3.6

However, it has been -ait ep a&pmnieatard.o ol 1
One type of twestep approach, adopted byeav studiesfirst deterministically segmest
the sample and thapplies latent class modeling the multiple subsamples. Bimplicit
assumption isthat each subsample may have different latergsels and corresponding
behavior functions. In this case, most applications choose a certain number of classes (two
class is the most popular; we also revisit this in Seci@¥© and then constrain all
subsamples to have the same numbetasises (e.g. Olaru et al., 2011; Adanu et al., 2018;
Lin et al., 2018Potoglou et al., 2020; Choi and Mokhtarian, 2020e speculate that this

is for convenience of coparison aross subsamples.

Another type of two-step approachFHgure 2-5) consists ofuncovering latent
segments with the aid of some type of mixture modekmgl, thenconstruting separate
outcomemodels for each segmefitFor example, Machado et al. (2018) identified six
latent transit customer types based on their perceptions and then built a separate structural
equation model for each class to find heterogeneous behavitalsnPiendl et al. (19)
classified shipment types into four latent classes and then estimatesipdags shipment

size choice models. Ahmed et al. (2020) clustered workers based ofmlsowgraphics

BAut hors did not al ways -sdpesccil foisce nuoed eali sl sweorfe heoswt isneag
secondhenhepegment me mb,ersithsi pé ¢ nemoEn ghos etaltdd tiaglee 3 0

predimembdipgshibmbi |l ity segment, whether ¢ceeeeBtkhkhg f
et al . 2013;. Bolck et al., 2004)
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via latent class cluster analysis and then agpliierarchical logit models of destination

choice to the resulting four classes.

Types of problems addressed
by finite mixture modeling

A 4

Unsupervised

Supervised learning Two-step approach

learning
v
Segment by prior knowledge Segment by mixture
and then apply mixture modeling and then develop
modeling to each class class-specific models

Figure 2-5. Types of problems addressed by using finite mixture modeling

Typically, latent class choice/regression modedtimate both class membership
and classspecific outcome modelsimultaneouslyand thusthe latter type otwo-step
approach may not be efficient or may have an inferior gooebfefits The latter can
happen becae when we simultaneously estimate membership and outcome models, latent
classes are identifiaslith respect tahe outcome of interest via maximizing tokelihood
during estimation, whereas clustering in the-step approach finds segments based on
thedistribution of variables and thus does not necessarily help explain the oltetiare
However, this twestep approach could potentially bring some practical benefits. First, it
simplifies the estimation process: it could reduce estimation time ordtklpe the chance
of having estimation issues. Second, it could make interpretation easier. Lastly,
simultaneous modeling means that the specifications of the segmentation and outcome

models can affect each other, and if the analyst does not want thisosi(e.g. if it is
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desirable to identify a set of clusters that remains stable across a number of different models

or analysis purposes) twostep approach may be beneficial.

2.3.4 Membership model

Section2.3.4and2.3.5respectively examine the two model components in finite
mixture modeling: membership(i.e. the model component that characterizes the

segmentationQ) and outcome modelXYin Figure2-6).

fo fo fn fo
b ¢ X X\ X— [
- - - =
fm i % &
v @ (v @ | W
Jrlll
a. Most common model b. All inputs are used as c. All inputs are used as d. Saturated model
specification explanatory variables membership variables
Legend
|:| Manifest variables X Explanatory variables Z  Class membership
indicators
O Latent variables W Membership variables fo  Outcome function
i (segmentation base)
Functions Y Outcome variable fimn  Membership function

Figure 2-6. lllustration of model specifications in finite mixture modeling

2.3.4.1 Membership function

It is commonto focus more on outcome models than on the membership model, but
the membership model has its own value, since it helps us understand the nature of the
classes. Our first interest is in the functional form of membership models. Some mixture
modeling applicabns directly estimated membership probabilifiesxing coefficients
The kasic implicit constraints aret *“ pandB * p, whered is a class

membership indicator antl is a mixing coefficient. These constraints are required
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because we assunstasses are collectively exhaustive and mutually exclusive given the
sample. Although this approach, of directly estimating mixing coefficients, was the original
idea of mixture modeling in the early stages, it is still used (e.g. Arentze, 2015; Park et a
2016). However, recently it seems more common to use cdrtkinfunctions as
membership models (denoted '&sin Figure 2-6), with the most popular link function
being a logit link. There are two clear benefits of using a link function. First, from a
technical perspective, we naturally satisfy the conditiorts of* pandB “ P

by reparameterization (e.y. A @®H jB A 3P ). For example, even when we
construct a membership model with only constants, when a link function is employed those
constants (e.g: ) do not need to be constrained, unless there are specific reasons to do so.
Second, we can reparanrée membership probabilities with covariates of interest (as
shown inFigure2-6a). In theory, other types of link functions are possible (e.g. probit),
but they arearely used. We speculate that this is because using a probit link function adds
a computational burden, unless it is atlass situation (recall that the probit probability

is not a closed form function). However, the probit link function has been nstbe i
switching model (e.g. Ding et al., 201GHAPTER 3, which is closely related to finite
mixture moded (this can be illustrated by changiadrom a latent vaable to a manifest
variable inFigure2-6; CHAPTER 3covers more details about this connection). Another
unique attempt in the transportation literature was to adopt a fummans method to

construct membership probabilities (Ishaq et al. 4201

Parameterizing the membership function with covariates not only improves the
model, but also enriches interpretation. Without parameterization of the membership

function, every individual has the same fixed segment membership probabilities. On the
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othe hand, characterizing segments using information such as indivrditalprovides

more behavioral insights. In marketing research, the class membership variables, denoted
assr in Figure2-6, are also known asegmentation basg#/edel and Kamakura, 2012),

and behavioral studies in transportation have widely used covariates in the membership
model. The pie chart ifFigure 2-7 exhibits the distribution of membership model
specifications in the selected literature. Among 284 papers, 50% of them employed
membership variables while 38% modeled class membership with only constants (e.g. Hess
et al., 2013b; Li, 2018). One of the majeasons for constructing the membership model
with only constant(s) is to minimize the complexity of the estimation process (e.g. Zou et
al.,, 2014; Molin and Maat, 2015; Pan et al., 2019). Furthermore, if there is no clear
conceptualization of the classer if empirical tests indicate that most of the segmentation
variables are insignificant (e.g. Peer et al., 2014; Tirachini et al., 2017; Ferguson et al.,
2018; Oliva et al., 2019; Zhou et al., 2020), then it could be appropriate to assume that

every irdividual case has the same membership probabilities.

2.3.4.2 Membership variables

There are many possibilities for representing a membership mbalele 2-6
exhibits possiblesegmentation bases in travel behavior/demand applicatians.e 2-7
(bar graph) presents the distribution of membership variables used in the literature. The
most popilar segmentation base in the literature is sorderidual characteristic§72%
of papers using membership variables employed demographic traits). This is not surprising,
because not only do demographics constitute common segmentation bases in marketing
research but also they are typically the most basic information available in many datasets.

Numerous demographics have been used for segmentation. In the selected literature,
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gender, age, and income are particularly popular segmentation bases, and masy stud
have included those three components in membership models (e.g. Wen and Lai, 2010;
Astroza et al., 2017; Krueger et al., 2018; Kim et al., 20llet al., 2020). Other personal
characteristics have also been used such as education (e.g. Baileysand2®45; Mouter

et al., 2017; Kroesen, 2019) and race (e.g. Maness and Cirillo, 2016; Ardeshiri and Vij,
2019; Guerra and Daziano, 2020), and work/occupation related information (e.g. Chakour
and Eluru, 2014; Erdogan et al., 2015; Angueira et al., 206%erms of household
characteristics, household size/composition (e.g. Olaru et al., 2011; Boeri et al., 2014; van
de Coevering et al., 2018) and vehicle ownership (e.g. Nayum et al., 2013; Hackbarth and

Madlener, 2016; Anowar et al., 2019) have beerufzop

In travel behavior studieseveral studies have emphasized thtitudes are
important factors shaping latent segments. Swait (1994) proposed an early conceptual
model reflecting this approach, by conjecturing that general perceptions/attitudel as
as sociedemographics shape the membership likelihood of latent classes. Beck et al.
(2014, p. 178) compared two models (latent class models without attitudes and with
attitudes in the membership modelnaldatmd r ep
however, allows a more robust class to emerge with clearly defined properties. The
attitudinal data is crucial in understanding the class differences, a crucial requirement that
allows policy decisions to be considered in a more informed frankeavat to thus avoid
incorrect interpretations of results. o Ol ¢
models to compare the relative importance of demographics and attitudes. In their
application, the membership model that incorporated attitudgerdotmed the one that

contained demographics. Argahi et al. (2016) used attitudinal constructs to model class
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member ship and identi fied t hree cl asses
Aecoflyerso for flight «c¢hoi edehesaMudintogswoor t h
classes based on two factors related to trust in technology. Bailey and Axsen (2015)
employed variables of technologyiented lifestyle, biospheric/altruistic values, and
privacy concern to aid in segmenting the sample. Ma et @L5(2employed three factor
scores related to attitudes toward modes. Kim and Mokhtarian (2018) posited that attitudes
could act as moderators on the effects of other factors; they identified twen(artted,

and urbanite) segments based on attitude uneasnd found that the two segments have
different sensitivities to built environment characteristiosa commute mode choice
context, Choi and Mokhtarian (2020hypothesized (and confirmed) the existence of
classes based on attitudes toward work, nasking, and productive uses of travel time.
Tran et al. (2020) examined how classes based on environmentalism and attitude towards

physical activity are associated with mode choice.

Certain geographical or built environmentcharacteristicshave been crucial
segmentation bases. Characteristics could be different scales of measures. For example,
they can be regional factors such as state/province indicators (Wafa et al., 2015; Abotalebi
et al., 2019; Kormos et al., 2019; Astroza et al., 20&®y/metropolitan indicators (e.g.

Bhat et al., 2004; Angueira et al., 2015; Krueger et al., 2018; Kim et al@2@hé census

division indicators (e.g. Maness and Cirillo, 2016). On a smaller scale, neighborhood type,
particularly if it is an urbanied area, has been employed for segmentation (e.g. Kroesen,
2015; Prato et al ., 2017) . Or some&hichkt udi e s
describe land use characteristics (e.g. Sobhani et al., 2013; Ferguson et al., 2018; Anowar

and Eluru, 2018)
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Behavioral indicatorsalso have been used to characterize classes. In the literature,
various factors have been used such as mode use habits (Fu, 2020), trip frequency (Fatmi
and Habib, 2016), mode use frequen8gdlhorst and Liu, 2015Rossetti et al.2019;
Saxena et al., 2019), the amount of driviligWfik and Rakha, 20)3and technology use
(Saxena et al., 2019; Alongaonzalez et al., 2020; Khan et al., 2020)her contextual
variables have also been employed. There are a variety of possib#it@sse numerous
empirical contexts exist. Examples include crash characteristics in safety analysis (e.g.
Eluru et al., 2012; Yasmin et al., 2014; Fatmi and Habib, 2019; Li et al., 2019; Li et al.,
2020), triprelated characteristics for mode choice gsial (e.g. Bhat, 1997; Wen et al.,
2012; Wang et al., 2020), choice situation (e.g. Tawfik and Rakha, 2013), and
temporal/seasonal factors (e.g. Shamshiripour et al., 2019; Yu et al., 2019;-Fraayhih

and Eluru, 2020).

Table 2-6. Typology and corresponding examples of segmentation bases in travel
behavior/demand applcations

Individual Geographical Behavioral Contextual
Objective  Demographics; Regional Relevant Mode/vehicle
measures household indicator; behaviors; related
characteristics neighborhood previous records characteristics;
type; built temporal
environment characteristics;
characteristics seasonality
Subjective Attitudes; Perceptions about Modality style; Perceptions
measures preferences region lifestyle

* Note: this table is a modification from Wedel and Kamakura (2012) by customizing it for transportation
studies
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72%

46%

Constant only

38% With covariates
50% 28%
18%

Demographics  Attitudes Geography /  Behavioral Contextual
land use indicators variables

13%

Figure 2-7. Distribution of membership variables in the literature

Although numerous variables have been used in the membership model, quite

surprisingly, conceptudl e v e | di scussions about t he

ot
©

membership model in the given context, i.e. (with referen¢egiore 2-6) the definitions

of 5¢ versus L are scarce. Most applications of latent class modeling follow the
specification shown irFigure 2-6a (albeit without a discussion of the rationale for
including a variable in one model instead of the other), whereas dfiguise2-6 b-d) are
possible in theory® In statistical termsE is a vector of explanatory variables that have
direct effects on the outcome, wheregsacts asnoderatorsof the impacts of= on the
out come (Adi mmer aramsters, ceferimgoto VWunandt Zurebo, 2007,
although for finite mixture models the analogy is more like a knob or dial with only a finite

number of settings, rather than a dial that can continuously vary the parameter).

PFi g6be amnidg2Gce are possible speci fHiowaivieohs , mbxt uuec
expappsioacmachi ne dtehaer nsipnegc Fff og &6diei ofnorofmor e det ail s,
ref EHAPGER 6
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We are aware of only a few studigggt discussed (1) the rationale or hypothesis
for selecting membership variables and/or (2) how such a specification is empirically
beneficial in the study context. Related to the ratioftalselectingnembership variables,
Walker and Li (2007) aimed thnd lifestyle segments related to household residential
location choice; hence they selected variables that are expechsd associated with
household lifestyle (e.g. household structeraploymensituations in the househglij
and Walker (2014), to allow for preference endogeneity, proposed to formulate class
membership as a function of not only demographics, but also consumer surplus (which is
a function of level of services and choice sets) of each degisaer. Kim and
Mokhtarian (2018) hypothesized that attitudes influence the impact of the built
environment characteristics on vehicle ownership and formulated classes with attitudinal
propensities. Choi and Mokhtarian (2020) conjectured that the disutility of traveintime
the choice between transit with internet access and an alternative mode (such as driving
alone) would differ depending on attitudes toward working and multitasking while

traveling, and specified latent class membership models accordingly.

Related tolie value ohavingmembership variables all, Wen and Lai (2010) and
Wen et al. (2012) compared latent class models with and without covariates (e.g.
demographics and contextual factors) for choice modeling (airline choice andpeigt
rail access modeespectively), and found that adding covariates in the membership model
improved the model fit. Zou et al. (2013) compared two finite mixture negative binomial
models with and without membership variables; they found that the model with
membership varides not only had a better performance but also that membership

variables helped reveal the source of heterogeneity. Zou et al. (2014) compared 11 different
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specifications of membership models and found empirical value to considering
membership variablesi-ountas et al. (2018) compared two models with different
segmentation bases: road segment type versus accident type. They showed, for both
approaches, empirical support for having membership explanatory variables compared to
constartonly membership modelslence, a common finding is that having membership

variables helps to improve the model or interpretability.

As an additional observation related to formulating the membership madék
|l iterature we al so f ousteplappeected.al T it diise sdits
the one described in Secti@®B.3 in which latent classes were identified first (generally
using covariates) and outcome models eseoh&br each class in a separate second step.
Here, twostep studies first build a latent class model wittbastantonly membership
model, and then construct a sepafate | a s s madél i characterize the latent classes
(e.g. SimonsMorton et al., 2@3; Ralph et al., 2016; Kim and Chung; 2016; Kim et al.,
2017; Pani et al., 2020). Although this could be an alternative approach, two things need
to be noted. First, to construct a post hoc membership model, individuals must be assigned
into segments (ofin based on posterior membership probabilities). By doing so, the
probabilistic nature of latent class modeling is lost. Second, incorporating covariates in the

membership model in the first place is more robust and efficient for estimation.
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2.3.5 Outcome mod

Table 2-7. Various outcome models with selected example studies

Type of Outcome model Example studies
variable
Wen et al. (2016), Molesworth and Koo (201
Binary Logit Savolainen (2016), Lin et g017), Jin et al. (2018), G
et al. (2018), Griswold et al. (2018), Yu et al. (2019b)
Bhat (1997), Greene and Hensher (2003), Walker an
Logit (2007), Vij and Walker (2014), Kim and Mokhtaric
(2018)
Error component loait Prato et al(2017), Saxena et al. (2019a), Saxena e
Multinomial P g (2019b)
. . Hess et al. (2013), Razo and Gao (2013), Vij et al. (20
Mixed logit Yu et al. (2019a)
. . Wen et al. (2012), Wen et al. (2013), Pan (2019), Tint
(Generalized) nested logit et al. (2020)
(Generalized) ordered logi Eluru et al. (2012), Yasmin et al. (2014), Anowar ¢
Ordinal 9" Eluru (2018), Oliva et al. (2018), Fatmi and Habib (20:
Ordered probit Erdogan et al. (2015), Fountas et al. (2018)
Poisson SimonsMorton et al. (2013), Yasmin arifluru (2016)
Count
Negative binomial Zou et al. (2013), Zou et al. (2014), Park et al. (2016)
Gaussian Zahabi et al. (2015); Ma et al. (2016)
Loanormal Van den Berg et al. (2012); Koutsopoulos and Fz
9 (2012); Kazagli and Koutsopoulos (2013)
- Kim and Mahmassani (2014); Elhenawy and Ra
Continuous  Gamma (2015); Li et al. (2015)
Skewt Zou and Zhang (2011), Zou et al. (2017)
Tobit Anderson and Hernandez (2017), Chand and Dixit (2C

Due to the flexibility of the mixture modeling framework, numerous outcome
models are possible (denoted™®sn Figure 2-6). Decisions on the functional form of
outcone models are mainly dependent on particular empirical contexts. For classification
or choice modeling (nominal outcomes), multinomial logit models (binary logit models, if
two classes) have served as the dominant functional form. Alternative models such as
ordered logit, error component logit, (generalized) nested logit, and mixed logit also have

been applied. For regression (continuous or count outcomes), various outcome models have

been used such as Gaussiamrogmal, Poisson, negative binomial, Toliamma, skew
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t, and so on. Given this plethora of possibilities, we do not enumerate the equations for all
possible models. Readers may refer to some selected papbls-7) for details about
outcome models of intereshn additional remark on the outcome model is that we can
haveadifferent type of outcome function feachclass(heterogeneity in functional forms,

see SectioR.3.]), by taking the confirmatory approach (SectiBi.?.

2.3.6 Number of classes and rationale behind deaisio

Identifying latent sulssegments is a critical element in applications of finite mixture
modeling. This includes identification of (1) how many meaningful segments exist given
the data, (2) the relative sizes of each segment (i.e. class shares) thadl&)ibution of
key characteristics of interest within each segment. Thus, determining the number of

classes is a key step in the modeling process.

Most papers on the subject have a subsection giving a brief background on how to
determine the numbef olasses. Various measures, in particular some information criteria
(based on the letikelihood), are mentioned. There are numerous other measures; readers
can refer to McLachlan and Peel (2001) and Vermunt and Magidson (2016). Basically,
when adding ma segments, leikelihood values improve monotonically because we are
adding more parameters (creating a more flexible model, whathelse equal is more
likely than a more constrained model). Then the decision on the preferred model is linked
to thequestion of how much the model complexity (i.e. number of parameters) needs to be
penalized. Among three commonlged measures, the degree of penalization decreases in
order of CAIC (consistent AIC), BIC, and AIC. There is no universally accepted measure

so far. In general, minimizing the BIC is the mostmmondecision rule in the literature.
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Anothersemguant it ative decision guideline is t
change of measures by the number of classes and find an elbow (or khee)wfe (e.g.
Keskisaari et al. 2017). Numerous studies report a table that presents model selection
indices by the number of classes, optionally including the finalikeghood and number

of parameters for each number of classes. A few other meadswdsave been used such

as entropy (Prato et al., 2019; Jahanshahi and Jin, 2020), integrated completed likelihood
criterion (Zou and Zhang, 2011; Yu and MacKenzie, 2016), informational complexity (Bae

et al., 2019), and bootstrap likelihood ratio t&&t ét al., 2017).

Interestingly, however, although most papers point out that these measures are
common criteria for selecting the number of classes, a large fraction of studies made the
final decision on the number of classes more heuristically and atiadly (Figure2-8a).

About 25% and 40% of studies (respectively involving supervised and unsupervised
learning) made more subjective final decisions. In about 25%8%ndore studies, the
number of classes was pietermined, either because a confirmatory approach was
involved (see SectioR.3.2 or because the analyst chose date number of classes
(mainly two) for convenience of comparisons, estimation, or interpretation. This lack of
servitude to quantitative metrics is because it is advised that the analyst should choose the
solution that is most interpretable and meanih@ffi Scarpa and Thiene, 2005). In other
words, studies look for the solution that can provide (1) conceptually valid
signs/magnitudes of key parameters (e.g. Vij et al., 2017; Koresen, 2019; Thorhauge et al.,
2020), (2) statistical significance of keyrpmeters (e.g. Molesworth and Koo, 2016;
Rahmani and Loueiro, 2019; Wang et al .,

across classes or healthy sizes of class shares (e.g. Liao et al., 2018; Fu, 2020). Some
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studies fix the number of classes to aaierhumber for the sake of model comparisons,

for simplifying the empirical experiment. Hence, the literature tends to select models with
fewer classes than the opti mal number fAconf
adopted mormat banumberfAoptcl asses (with res:s
interpretation or statistical significance of parameters (e.g. Jin et al., 2018). Fewer than

10% of studies explicitly reported that they considered both quantitative and qualitative
dimensims and both criteria produced the same number of cl&Seme studies did not

report how they made decisions.

Figure 2-8b shows the distribution of the number of classes chosen. It is worth
noting that the average numbers of classes chosen vary across types of problems. On
average, supervised learning problems had a smaller number of classes than that of
unsupervised learningh\ majority of (supervised) studies using classification/regression,
in particular, adopted the twdass solution, whereas (unsupervised) studies using cluster
analysis produced a more diverse number of clusters. Vij and Krueger (2017) also pointed
out that most latent class (choice) models have been generally restricted to a small number
of classes. We conjecture that this happens because studies focusing on cluster analysis
have a primary goal of uncovering more diverse segments, whereas classification/
regression studies ultimately aim to examine meaningful outcome models across segments.

In the latter instance, a larger number of classes (1) penalizes for complexity more heavily;

We counted this only whent hthhee gasuctdheor eesdpseéoxapinili ctihtedy ¢
mat ched. Howed\vhent, awd udlX peaatl mpl i ca g psgcatman ¢ ihckkegr e@od oldar
t hseame opti mal number of cl ascepom# iEddg c iexiaonpd eh a sodne
guantitati vehadret isk @inys amé gdh o s éau tcioonnc etphtautal |y val i
interpretable.
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(2) can create estimation difficulties; and (3) increases the difficiltgterpretation in

view of the multiplicity of parameters across all membership and outcome functions.

60% 60%
50% 50%
40% — 40%
30% 30%
20% 20%
- I I - IH H H H
0% |_| ’_‘ 0% || || |
Quantitative ~ Qualitative ~ Two criteria  Confirmatory Unreported/etc 2 3 4 5 6 7+
measure(s) decision are matched (or fixed)
m Supervised leaming (186 studies) m Supervised leamning (239 models in 186 studies)
OUnsupervised learning (98 studies) OUnsupervised learning (108 models in 98 studies)

Figure 2-8. Distributions of (a) decision rationale and (b) number of classes chosen

2.3.7 Model compariens: baseline and competing models

Model comparison has been fairly common in the literature, to show how well
mixture modeling performs and thus why it is useful compared to other competing models.
Model comparison is relevant to addressing importanttounssof whether the assumption
of heterogeneity is valid and whether mixture modeling works well given the empirical
context. There are multifaceted angles of possible comparisons: a certain type of mixture
model can be compared with (1) the baseline @ae a model with the homogeneity
assumption), (2) deterministic/exogenous segmentation models, and (3) other competing
model s, particularly including continuous
comparison, among models having a diffeneainber of classes (e.g-ckass versus-3
class solution). Since we discussec thatter in Section 2.3.6 here we focus on

comparisons with other types of models.
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First, the majority of studies posited unobserved heterogeneity in either taste or
data, and this was a major reason why they proposed to use some type(s) of mixture
modeling. Indeed, numerous papers have empirically corroborated the existence of
heterogeai ty i n some kind of analysis. A devi |l
mo d e | (which does not account for heterog
respect to the performance and/or bias of the results. Even if a sizable portion of studies
discusses (or at least providedeseline moddi.e. a Xclass model), a netrivial portion
of studies takes heterogeneity for granted and skips this baseline model. In our literature
review, about half of the studies did not report or discuss ailasebdel. However, still,
many studies reported better performance and more insights from a model with mixture
model i ng c¢omp-aizebtda [tlod tnmoed eflo.neFor exampl e,
(2019) reported better prediction of the latent class moolapared to the MNL (70.7%
and 43.6%). Hackbarth and Madlener (2016) presented scenario analysis of vehicle type
choice and showed that each segment produced notably different sensitivities compared to
the pooled model. Kim and Mokhtarian (2018) addressetbgeneity bias via treating
taste heterogeneity (using a latent class model) and compared how the biased estimates
(without segmentation) and estimates based on the latent class model produced different

solutions in the scenario analysis.

Deterministi¢exogenous segmentatibas been widely used due to its simplicity.
The basic idea is to segment the sample into subgroups based on certain factor(s) that are
expected to be associated with heterogeneity. We can consider a deterministic
segmentation model s a speci al case of mi xture mode

segment indicatorGHAPTER 3 1 i.e., class membership probabilities are 1s and 0s.
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Hence, this comparison is in fact linked to the fundamental questiarmether latent
segments are more helpful in explaining behaviors than observable sedgdyartfecting

the probabilistic nature of segmentation, mixture models can be conceptually mo
appealing and their superiority has often been demonstrated with empirical data. For
example, Teichert et al. (2008) compared deterministic segmentation (by flight class) and
latent class approaches in the flight choice context. They found that thieclates model

was able to identify more diverse customer segments, and reported value in connecting the
two solutions by crossalidation of the two approaches. Wafa et al. (2015, p. 138) reported
that Alt i s found that aentdlasg model]beter ftetgeme nt a
data as compared with exogenous segmentation, allows for tuglarinteraction effects,

keeps the number of segments under control, and provides more intuitive results with
respect to the identification of homogeneaus ust er s of units. o Ful
empirical evidence of the superiority of endogenous segmentation over exogenous
segmentation (by geography). Arunotayanun
mode choice behaviors; they found that modelsrdetestically segmented by commodity
retained a substantial amount of residual heterogeneity and latent class modeling helped
account for those heterogeneities. Kim and Mokhtarian (2018) compared deterministic
segmentation and latent class choice modelgloicle ownership with respect to attitudes;

the study found that the latent class model outperformed its deterministically segmented
counterpart and the authors argued for its conceptual superf@HAPTER 3compars
deterministic segmentation, endogenous switching regression, and latent class models in

the context of modeling vehichailes traveledlt concludethat each approach has its own
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purpose and model cioe might be contextlependent, but the latent class model provided

better performance than the others, and a meaningful interpretation.

As discused in Section1.2, finite mixture modeling treats (parameter)
heterogeneity in a discrete way. A naturaldatup question is whether this assumption
of discreteness is valid, or superior to thatcohtinuous mixture modelfience this
comparison has been particularly ptgy. In general, latent class models outperformed
counterpart random parameter models with respect to some selected quantitative criteria.
For example, Mahmud et al. (2020) model a speed choice behavior on a rural highway by
comparing random parameter datent class models; in spite of small differences due to
the small sample size, thesample predictive performance results (e.g. RMSE, MAPE)
indicated that the latent class model outperformed the random parameter model. Espino
and Roman (2020) examin#tk transfer behavior of bus users in Gran Canaria, Spain and
found that the latent class model is superior to mixed logit based on a test-fogsted
choice models (while calling for more investigation into model comparisons). As well,
many other studs reported that latent class models outperformed random parameter
models in their empirical contexts (e.g. Wen et al., 2016; Yu and MacKenzie, 2016; Adanu

and Jones, 2017; Qin et al., 2017; Faghilani and Eluru, 2020).

In Guerra and Daziano (2020),xad logit models fit the data better than talass
latent class models, and yet the study focused on a latent class solution because of its
behavioral insights. A few studies concluded that there was no definitive evidence that one
model was better tharné other in their empirical contexts. In addition, some studies
presented a more cautious standpoint related to model comparisons. A seminal work of

Greene and Hensher (2003) compared MNL, mixed logit, and latent class models in the
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context of route choicélthough the latent class model had a bit higher ps€udquared,

they emphasized that the two approaches to dealing with heterogeneity have their own
merits rather than selecting a preferred one. Arunotayanun and Polak (2043), poted

that neithemixed logit nor latent class models should be expected to be unambiguously
superior to the other: AéMMNL [ mixed | ogi't
taste heterogeneity in different ways. As a result, it is not necessarily the case that fit of

latent class model is superior to that of a MMNL model, and vice versa (Provencher and
Bishop, 2004). The relative performance of the models will depend on the nature of the

dat a. o

A few studies compared the latent class model with another behavictiauoors
mixture model, ICLV. Tran et al. (2020) examined two ways to incorporate attitudes in
mode choice modeling and thus provided behavioral interpretations of two models based
on the same empirical application. Although the study did not pursue anpanice
comparison, their results showed that the two models presented almost the same

performance (in terms ofisample information criteria).

2.3.8 Software and estimation

Undoubtedly, commercial or opeource software has catalyzed the spread of
model estimaon methodologies. In the mixture modeling context, several programs that
have been used in the literature include Latent GOLD (Vermunt & Magidson, 2016),
NLOGIT (NLOGIT, 2016), Mplusuthén & Muthén, 201)] Biogeme (Bierlaire, 2018),

Apollo (Hess and Raa, 2020), SAS (Lanza et al, 2007), and Stata (Lanza et al., 2015).

75



Someopers our ce | i braries are available (e.g.

Leisch, 2004; O6poLCAG, Linzer and Lewi s,

The most popular estimation method in the liiera is based on the expectation
maximization (EM) algorithm, which is proposed by a seminal work of Dempster et al.
(1977). The basic idea of the EM algorithm is to firstly treat class membership as known
to enable writing a complete data likelihood fuoit then find the expected value of the
complete data likelihood, conditional on current parameters and dattefE then
maximize the expected likelihood function with respect to parametestgy); then repeat
the Estep and Mstep iteratively untithere is negligible change in the {oigelihood or
the estimated parameters from one iteration to the next. Direct gradised optimization
routines (e.g. quadilewton Raphson) are still possible (Kamakura and Russell, 1989;
Gupta and Chintagunta, 199ALOGIT, 2016), but some studies noted that such
algorithms are less stable (cf. Bhat, 1997), for several reasons such as the possibility of an
extremely flat likelihood function, and the possibility of getting stuck in regions where the
function is not vell approximated by a quadratic expression (Vij and Krueger, 2017).
Rather, many studies and software packages have used a mixture of EM with gradient
based algorithms, thus employing the advantages of both algorithms and speeding up
convergence (cf. Bha1,997; Vermunt and Magidson, 2016). NLOGIT (2016), however,
favors direct maximum likelihood estimation (MLE) over the EM algorithm: (in theory)
both algorithms do not produce different results of the log likelihood and the EM algorithm
could be very slowRegarding stability, both algorithms are subject to getting hung up on
local optima, and thus in any case analysts should make an extra effort to ensure the global

optimum has been found, by testing various starting points.
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One promising approach to spie®y up the estimation can be found in the
optimization algorithms that are widely used in machine learning. For example, deep neural
networks are mostly trained with stochastic gradient descent (SGD) algorithms (cf.
Goodfellow et al., 2016), as opposedtth e fAbat cho gradient metho
data to estimate the gradient (like the conventional gdesiton algorithm). Han (2019)
applied this approach to estimate latent class choice models and found that SGD
(speci fically fvasdnadamfasterthan other aggorihmsuntliyding direct
MLE (BFGS in this study) and EM methods. A few studies have taken a Bayesian
framework for mixture modeling and estimated models with Markov chain Monte Carlo
(MCMC) sampling (cf. Diebolt and Robeft994). As this study focuses primarily on the

frequentist viewpoint, details on Bayesian estimation are beyond our scope.

2.4 Conclusiors

This study examined the finite mixture modeling (latent class modeling) framework
with respect to how it has been used patrticularly in the transportation domain. Through a
comprehensive and systematic review,dtuglyaimed to provide a broader understagd
of the usage landscape and also insights into detailed elements. We firstly set up the mixture
modeling framework (with distinctions of finite vs. continuous and disaggregation and
segmentation); outlined an arena of various relevant research fiettexplained how it
is connected to transportation analyses. Then, by using the Scopus database, we explored
relevant papers to investigate macroscopic trends in usage of the methodology (yearly
trends and research topics). We identified six subdomatnarisportation with the aid of
nonnegative matrix factorizatiortiscrete choice modelingyeneral behavior analysis

crash/safety analysigraffic analysistravel time distributionandelectric vehicles
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We examined several components of the mixtureeting framework in detalil.
Firstly, we examined various types of heterogeneiith less emphasis on heterogeneity
in data distributions (associated with latent cluster analysis), and more emphasis on
heterogeneity in parameters, model specificationipate processing, functional forms,
decision rules, casual structure/order, and constraint/choice set. There have been two
approaches to mixture modelirig exploratory and confirmatory. The confirmatory
approach is suitable for testing various types gidtgeses (e.g. allowing us to adopt
several types of heterogeneity in mixture modeling). The membership model is a unique
component of mixture models that allows for endogenously/simultaneously segmenting the
sample into more homogeneous subsamples asibect to the behavior generation process
and thus it is well connected to the concept of market segmentation. We examined the use
of the link function for membership models and various segmentation bases. Also, due to
the flexibility of mixture modelingwe found that various outcome models have been used

in the literature.

Selecting the number of classes in mixture modeling is one of the key steps. Hence,
we explored the number of classes chosen in empirical studies, and the rationales for the
selectionof a given number. To investigate how well mixture modeling works, there have
been various comparisons with other competing models. This includes comparisons with
the baseline model (reflecting homogeneity), deterministic/exogenous segmentation
models, andontinuous mixture models. In general, latent class models outperformed other
competing models, thus showing their usefulness. In addition, we briefly touched on some

estimation methods and software/programs that help analysts employ mixture models.
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CHAPTER 3. AL TERNATIVE APPROACHES TO TREATING
PARAMETER HETEROGENE ITY

Paper itle: Alternative approaches to treatinfinite-valued parameter heterogeneity:

application to modeling vehiclailes driven(under peer review)

3.1 Introduction

This chapter focuses on paramekaterogeneitytaking afinite segmentation
approach. Myriads of models have been developed in various fields such as statistics,
economics, psychology, and data science. However, such models were developed for
different purposes and contexts and, eveniiie models are eventually performing similar
mathematical tasks, they may have different names and/or application approaches.
Specifically, in the context of modeling vehiaigles driven, the chapter highlights
similarities and differences among threeppeaches: deterministic/exogenous

segmentation, endogenous switching, and latent class models.

The remainder of this chapter is organized as follows. Se8t®provides an
overview of some relevant literature associated with modeling vemitds traveled
(VMT), particularly with respect tparameteheterogeneity. SectioB.3 examines the
theoretical backgrounds of each approach and delineates connections among them. Section
3.4 introduces the empirical context and describes modeltsessgction3.5 discusses
several considerations associated with applying the models of interest. Se&t6on
summarizes thetudyand then discusses some implications and limitations of the study.

Appendix A provides suppmentary detailed discussions about treatment effects.
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3.2 Literature review

Vehicle-miles traveled (VMTX)ontinues to serve as an important behavior/demand
indicator in ground passenger transportation, mainly because it is closely related to traffic
loads on roads and to transportatlmased emissions. Many studies have conducted
aggregatdevel analyses of MT to analyze trends (e.g. Cervero and Murakami, 2010,
who modeled VMT per capita across 370 urbanized areas in the U.S.) or to investigate
issues such as induced demand, the rebound effect of improved fuel economy (Hymel et
al., 2010), or the impact oflecommuting on VMT (Choo et al., 2005). More recently,
there have been analyses of whet her VMT h
Circella et al., 2016), and of the impacts of ridehailing (e.g. Henao and Marshall, 2019;
Tirachini and Gomez.obo, 2020 and (in the future) automated vehicles (e.g. Zhang et al.,

2018; Harb et al., 2018) on VMT. In this study, we focus on a disaggreyalecousin,
vehiclemi | es driven (VMD), to explore individal

attitudes and thbuilt environment.

There have been several efforts to incorporate a market segmentation approach to
modeling VMT. Studies did not always explicitly mention the method, but deterministic
segmentation by selected indicator(s) has been popular. For exarsiplg,the 2009
National Household Travel Survey (NHTS), Akar and Guldmann (2012) modeled VMT of
the pooled sample, and segmented by number of household vehicles. Ke and McMullen
(2017) investigated regional differences in factors influencing household \Mdy
compared an Oregon statewide (pooled) model with some segp®sitic models (for

selected regions and MPOSs).
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Several other segmentation approaches have also been taken. For example, Chen et
al. (2017) modeled personal daily vehikilometers traeled (VKT) in Shanghai, China.
In particular, their sample selection (switching regression) model accounted for selection
into transitoriented development (TOD) areas and-i@D areas, and allowed the VKT
model to have different coefficients for eachaypf area. They found not only that
residential selselection existed, but also that the built environment and attitudes played
crucial roles in explaining VKT. A few studies employed cluster analysis to produce
particular segments of interest rather teagmenting the sample on the basis of a single
variable. Ralph et al. (2016) followed a tstep approach. First, they conducted latent
class cluster analysis to produce traveler types, and then applied quantile regression models

of VMT for each traveletype.

Self-selection has been a major issue in analyzing travel behavior (e.g. Mokhtarian
and Cao, 2008; Cao et al., 2009). It has been considered crucial to accounisielesétin
when modeling VMT because the conventionally estimated effects ofulsmadr built
environments can be biased when residentsssddct into certain residential locations.
Hence, in recent years, modeling VMT at the disaggregate level has involved correcting
for selfselection, using methods such as a Heckman model (Heck@9). Zhou and
Kockelman (2008) employed a tvabep Heckman modeln( this context, a limited
information approach to estimating a switching regression mmdebnsider seléelection
in home location choice (urban vs. suburban/rural) when modedingehold VMD. Cao
(2009) also used a twatep Heckman model. In the context of Northern California, he
found that the seléelection effect accounted for 23.8% of the total influence of

neighborhood type on weekly VMBalon (2015) segmented California ses tracts into
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five neighborhood types (central city, urban, suburban, -fnratban, and rural) and
modeled choice of residential neighborhood types to enable incorporating neighborhood
selection variables into the VMT model. This study is an applicatiio f Hec k mand s
step approach where the number of selection groups is more than two. She confirmed some

heterogeneous effects across neighborhood type.

Although latent class modeling has been widely used in travel behavior, particularly
in choice modehg contexts (e.g. Bhat, 1997; Vij et al., 2013; Kim and Mokhtarian, 2018),
we are aware of only one application of latent class modeling to VMT prediction (Zahabi
et al., 2015). Based on numbers of cars, children, and persons in the household, three latent

classes were identified.

As mentioned, recent studies have usually focused osaelftion effects when
examining the impact of the built environment on travel behavior. In that context, living in
a particular type of built environment (usually an urkdenser, mixed use neighborhood)
is often viewed as anmenteffectstarmanalyzed,using ond orb u i |
more of the treatment effect measurement approaches found in the evaluation literature.
Although we will coninue the discussion éfeatment effect measurement in Sec8dn 1
(with more details in the Appendi), we will mainly focus on the parameter heterogeneity
aspect of various approachéasparticular, we will present three different ways to address
parameter heterogeneity (deterministic segmentation, switching regression, and latent class
regression), apply them to modeling VMD, and compare the results. Not only is latent
class modelingpf VMD rare, but so also are comparisons across alternative modeling
approaches to treating heterogeneity; hence it is hoped that this study will contribute to our

understanding of the implications of using alternative modeling approaches in practice.
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3.3 Methodology

In this section, we present several different modeling approaches for taking account
of (parameter) heterogeneignd explore how they are conceptually related and distinct.
Of course, one common approach to accounting for such heterogeneigli@®ixt one or
more parameters of the model to be a continwalhsed random variable having a pre
specified distributior{cf. McFadden and Train, 2000; Greene and Hensher, 2008)isl
study, we focus on another common approach, namely allowing a given model parameter
to take on dinite number of different values. The basic premise is that there are a finite
number of population segments having different sensitivities to key factors infilgenc
their travel behavior (here, VMD). Options for reflecting this heterogeneity include
deterministic segmentation, endogenous switching, and latent class models. For this study,
we focus on a regression problem (where the dependent variable is contianduke
two-segment contexkigure3-1 exhibits generic model specifications by approach; each
specification will be described in the following subsections. Héygerved variables are
portrayed by rectangles, and latent variables by ovals. The dashed rounded rectangles
denote that the influence of X variables on Y (i.e. the model coefficients) differs by class

membership, which igiven byz

In Section3.3., we warm up with the simplest,
homogeneity of parameters. Secti83.2 3.3.3 and3.3.4describe how three models that

deal with heterogeneity are related.
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Figure 3-1. Generic model specifications by approach

3.3.1 Pooled model

Most endeavors to model an outcome use an equation that descripesstiraed
relationship of inputs to the outcome, including unknown parameters tstibeted and
an error term capturing theetinfluence of unmeasured variables on the outcdfribe
data are crossectional (as opposed to longitudinal), then conditi@m the explanatory
variables, the observations on the dependent variable are conventionally assumed to be
independent and identically distribut@d.d.) and thus the model assunmesnogeneityf
the sampleHomogeneity has multifaceted meanings, idtlg that individuals are drawn
from the same distribution and same decision process (i.e. decision structure/model,
variables, parametg). Hence, the usual linear regression docontinuous dependent

variable (st assumesrai.i.d. normalerrorterm and can be formulated as follows:

O L8 - -x0mh (3.1)

where"Cindexes the individuakp is a (continuous) dependent variabteijs a vector of

explanatory variables; is a vector of parameters, abis the error term.
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3.3.2 Deterministic (and exogenous) segmentation model

If the homogeneity assumption does not hold, the estimated model may not
adequately represent the decision prooégsdividuals, groups of individuals, or even the
population, and could thus lead to a misunderstanding of behavioral implications and/or
inferior predictive ability. Suppose we have two groups of interest and weahaueari
knowledge (or conjecture)hat the two groups have distinctive decision processes
(meaning, in this context, parameter heterogeneity, i.e. differiogefficients). Letx be
a binary indicator of group membership where for any individal pora 1 Then,
the most praatal approach might be to deterministically and exogenously segment the
groups and model them independently (or model the pooled sample by interacting all
variables with the group indicator, a special case of using interaction terms). Note that
individuals belong to only one of the groups (i.e. the groups are mutually exclusive).
Because of that, deterministically segmented models have different conditional
distributions, meaning thab is distributedgiven that the group is 1 or 0: i.e. we can
distinguishthe outcomes by segment, and spealo &v;; and® ; . Hence, any
estimates of the two models provide expectations conditional on the group indicator.

Specifically, we have:

O L8 - -x{mh (3.2)

@ Lo - -ximh (33

and conditional classpecific expectations are:
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oMsEh p £ (3.4)

oMsth m L£a. (3.5)

Then, the unconditional outcome can be expressed as:

® 4 p a2 (36)

Since we assume normality, the conditional densities can be written as follows:

. - -3 L
Qo p Qo sk — — %o —— = (3.7)
. - <2 L
Mot m QO st — — %0 ——— . (3.8)
The loglikelihood 0 ) can be expressed as:
00 B 1 fQwst B 1 3Qd sk p 4 QO sk (3.9)
21 Alternatively, it can be expressed@s @ ® . For the deterministic segmentation model, the

two expressions produce identicalliigelihood functions and thence identigarameteestimates:

00 B 1ioe B 1100 "Q B ¢ifRd p al Qo
A L LA L
B &l 1—% £ p & 1 1—% £
s A L g s oA L
B 1 1—% B 1 1—%
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Note that this deterministic segmentation model is closely relatéelcision tree
regression The basic idea of decision tree regression is to partition the input space into a
set of rectangles (i.e. into segments) and then fit a model for each segment (Breiman et al.,
1984; Hastie et al., 2009). Hence, both the deterministic segmentation @sidrdeee
regression models aim to build segmspécific models. However, in the usual
applications of decision tree regressialhjnput variables are used to split individuals into
branches (i.e. segments) and constant outcomes are predicted forazath(usually the
average outcome over cases in that branch) rather than having modef Bgramtrast,
in the usual applications of deterministic segmentation models, researchers pick one or a
few segmentation variable(s) and then build segrapatific models with the remaining
input variables. The deterministic segmentation model can easily be expanded to multiple
classes and/or different types of outcome varg&@eay. binary, ordered, nominal); in fact,

decision tree regression usually producese than two segments.

2We take quite a different approach from Brathwaite
a superb connection of omacchsi,neBrlagahrwaiing and ami.c r(aec
model scbmpaneatory decision rules (domecrhEftievear i ous ¢
modeling context. In that case, input vartihaebl es ar e
linkage between explanatory variables and outcome f
Here, we interpret tbnapsuetd vnaordiea bsl eass isne gtnyepnitcaatli otnr evea
to |l atent cl| asisn dtthiwdeyt fuo eus Adbn hdaumgdédgressi on model
be applied to stchheoti eoen tneoxdte loifn g .
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3.3.3 Switching regression model

The original idea of switching regression assumes two regimes, each generating an
outcome, based on different equationsit&hing could be either endogenous or exogenous
(Maddala, 1986), respectivelgepending on whether the error terms of the outcome
equations are or are not correlated with that of the switching (segmentation) model. The
endogenous switching regression model, a type of sample selection model, is also known
as the Tobit type 5 model (Aemiya, 1985), themowst ayer model , or Roy
model is particularly related to some others [original Tobit (Tobin, 1958}ptwb(e.g.

Cragg, 1971), and Heckmanés originfal sampl

To relate the switchingegression models to mixture modelinge need to
consider similarities and differences. Both approaches start from the same key assumption
T they posit that there arsubpopulationsin the population, which exhibit different
behavioral processestristly speaking, finite mixture modeling generally refers to cases
where the mixing segments degent (i.e. true segment membership is unknown; hence

so-called latent class models), whereas in switching models, we know the true group

2Bot hpawd and sample selection models appeared in t
approachesl atedinbeaet the initialpanmott invoadteilo nfso cwesreed
prediacttiumgndi ti onal) outcomes (Leung and Yu, 1996) ,
fie x cednsuinvbeer of zeros in the sample distribution of

some f or muwmamoodnesl so,f f ol l owing a9pB8gcedbebiewot keof
mod e | introduced a | atent variable (whiacéedindgosr a sort
problem, but simplozéoomahdedithewde poowadel $stwi th the s
explanatory &v(alr9 7alb)l enso.d ed+c aadld @ dvie id O(t zhert s o e sapl non
anfii nt ensi d(y/oassmaurmnvte values) parts toft wav@e@dt 6her ent

ot her hand, the sampl e sep @tcddonnaomoddietli of noaclu)s eodu tocno ny
context of endogenouwse ckamaml i(nd.7 91) methledp | et is@il eaclt ¢ @ m
only obsesrevlieedc tiefd s(eel.fg. wage is not observed for th
regressli ocnam€mmobdee consi dered as a variation of the sa
regime) has its own outcome model (ipaet awnmtdccomenpl| &
selection model s gained atttveo ta ppr,o ascelveesr a(l Masnt ruidn g se
Leung and Yu, 1996 ; Dow and Norton, 2003; Madden, 2
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indicator. In thisstudy, we want to generalize the concept of the finite mixture modeling
framework by recognizing that knowledge of the true membership results in a special type
of mixture model, one in which the ordinarily probabilistic class membership in fact
consists of prolalities 1 and 0. In this regard, the (exogenous) switching model can be
embraced under the mixture modeling framewdEkdogenousswitching, however,
deviates from the mixture modeling approach in a seemingly slightsubstantively

meaningful, way.

An (endogenous) switching regression system aagqgns consists of two parts:
the membership model (known in that literature as the selection model) and the outcome

models. The membership model can be expressed as:

@ F o o0, (3.10

where Qindexes theindividual, & is a latentcontinuousvariable determining class
membershipsr is a vector of membership variables,is a vector of membership
parameters, and is an error term. I’  1tthe individual belongs to class & ( p),
and otherwise the individual belongs to clas§ 0 (). If we assuméx O T1ip , we have

a binary probit membership model, wighobabilities given by:

(3.11)
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Q
©
x
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=

>

vbeg m p VG p p BFH B Fro. (312

The two classpecific atcome models are:
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® Lo -  -x0m, (3.13)
& Lo - -x0mh (314

where & is a vector ofoutcomemodel variables, 51 is a vector of outcomenodel

parameters, and is an error termi is observed ifY Tand® is observed ifY TU

The error terms in the system follow the trivariate normal distribution:
L

- X l’.’) T[ h ? ” ” T[ (315)
T

The variance ob is fixed as 1 for convenience and identification, whilend”
represent the correlations of the unobserved variables influencing class membership with
those influencing the respective outcomes for class 1 and class 0 members. Note that the
covariance between and- is fixed at zero since everyone can beltm@nly one of
the two classes and thus the correlation is unidentifiable. As noted by Greene (2012), the
choice ofzero is merelyor convenience and it does raday a role intheestimationof the

model coefficients

Here, we need to be clear abouditierence between exogenous and endogenous
switching.This distinction is important because it affects how we characterize the model
type. A critical question is, how do we define the measurement spacesmd- ? As
will be described later, in mixta modeling; and- aredefined over the subpopulat®n

of class 1 and class 0, respectively. What about for the switching model? If it is exogenous
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switching,- and- can be defined over either the population or the subpopulation. In the
latter @se, exogenous switching can be considered a special type of mixture modeling
where the class indicator is known (which is the model in Se8&ti®). In the case of
endogenous switching, however,and- must bedefined over the populatisgince we

are allowing correlations with (which is defined over the populatidf)

For the switching regression model, ttenditional classpecific expectations can

be expresed as:

OG® phthr L5 O- @ phth Ln v, I (3.16)

o TR Lo 0- @ mER Lo v, —T (317
ar
where the second terms in each equation (esenfgs(3.4) and(3.5) for the deterministic
segmentation model) reflect the selection bias in the conditional expected outcome when
there is a noszero correlation between unobserved influences on class membership and

outcome. The factor multiplyin§y and,, in each equation is known as the inverse Mills

ratio.

The overall (i.e. unconditional with respect to class) density is:

“The confusion can afise olbs@a mmsa utntles dti ktee menti s a
di stribution. However sucas an cdteeet sebayeort\s aadndt ahl bay (t1h9e8 6 )
di sturbshoel debenbpect haedg¢Ubmbput hei endogenous swi
model , both disturbance terms are daeaftihreedh eaver otfhe
selection modeling.

91



Noskhy 04 psy  Qomt  phthg

. L S (3.18)
L QT Qg ThE Ry
The loglikelihood (0 ) can be expressed as follows:
00 B 115 T2 =] — %o —— =
— L
B i) _—n i g =05
1B oo (3.19)

Several comments are in order. Fidgterministic segmentation and switching
regression models share the feature thakmeey in the sample, the group to which each
individual belongs (i.ethe group indicator of interest). Secorid, and” are both 0, i.e.
if we have exogenous rather than endogenous switching, then the conditional expectations
(Egs.(3.16) and(3.17)) are identical to those of the deterministic segmentation model (Egs.
(3.4) and (3.5)). In that case, the two models would differ only in their unconditional
expectations and densities, where the deterministic segmentation model replaces the
segment membership probability weights of the exogemsaitching model with Os and
1s (as can be seen by comparing the argument of the natural log function in the first line of

Eg. B.9) with Eqg. 3.18)), reflecting the certainty of segment membership.

As generally applied, switching regression aims to be able to predetpleted
outcome for arandoniy-selected individual and therefore need® incorporate the

probability of belonging to one group or the other, whereas analysts using the deterministic

92



(exogenous) segmentation model typically content themselves with explaining outcomes
conditional on segment membersHaot if unconditional asvell as conditional outcomes

are a key interest, thahe foregoing discussioraises the questiomnvhen” and” are

both 0, when should deterministic segmentation be used, as opposed to exogenous
switching? More precisely (since, again, the conditional equations would be the same for
both models), when is it useful or necessary to estimate a segment memberstigsmode
well as segmergpecific outcome models? Note that a segment membership ooude!

be estimated in a deterministic segmentation context (and whemd” are both 0O, it

would be identical to its exogenous switching counterfaitt)s just thatit usually is not
needed and therefore not estiathtvhen segmenting deterministically. The answer to the
guestion lies in how an estimated model is intended to be used. Clearly, if the model is to
be used in a predictive, eaf-sample capacity, whererfoew cases andsr are known

(e.g. for a syntheticallgenerated population) but not class membershipthen the
segment membership model (E¢@11) and(3.12)i s a Amust o0, to enab
class membership. For-sample applications, by contrast (e.g. to acenanalysis), if=
variables are changed but gt variables (i.e. if there is no reason to expect segment
membership to change), then it would seem appropriate to continue to reflect the certain
knowledge of segment membership by using the deterministic segmentation model without
a membership mod& On the ther hand, even for isample applications, if desired
scenarios are likely to involve shifts among segments, then the segment membership model

is again indispensable.

%0f cpuase applicalteivoenl taon aploypsuilsatpiroensumes t hat the
of the pppmutiaculoarl y with respeci{whochhéssefment nme
cade)y el set webghd @d
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Furthermore, if” and” are not 0, then when conditioning on segment
membership, the error distributions of thetcome equations ateuncated(the related
equations will be delineated in Secti8rb.1and Appendix A). In this caseyen if the
analyst only cares about outcomes conditional on segment membénehgstimators of
b that are obtained from the deterministic segmentation meddheonsistentbecause
(by assuminguntruncatel error dstributions) they are absorbing the last terms of Egs.
(3.16) and(3.17). Put more plainly, the poi (well-known in sample selection settings but
not routinely taken into account in deterministic segmentation contexts) is that if
unobserved factors associated withindi dual s6 sel ection into se
those influencing the outcome of interest, then effects of the explanatory vagaples
obtained wheronditioning on segmenill be improperly estimated if not corrected for
the presence of thabrelation This suggests thatshouldperhaps become routine, before
using deterministic segmentation, to estimate an endogenous switching model to test

whether’” and” are both 0.

3.3.4 Latent class model

As noted, in the aforementioned models we knaavceh i ndi vidual 0:¢
membership. Here, we posit that there are some underlyingaautations having
different decision processes and/or distinctive distributions, butaveot knowwho
belongs to each stfopulation (portrayed by the membership indic&tdrecoming an
oval instead of a squarekigure3-1). Hence, we aim to uncover the populatsgegments
themselves, as well as their different behavioral models. Because we never know the
ground truth of segment membership, we treat such membership as a (discrete) latent

variable. In essence, group membership can be consideredtmipéetelymissing data
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and thus unobservable (Little and Rubin, 2019). In addition, since we rely on the data to
identify the | atent segment s, this I|-atent
driveno t han t%hThe vy vwedéunctionalhoformuta thtent ckass models

is to use finite mixture modeling. The membership model is as follows:

d 5 O 0x %6mp 27 (3.20)
0d p pip APy 28 (3.21)
0 m p 0G p pip AoHH . (3.22

The two classspecific outcome models are:

® Lo - -x0m, (3.23
O L8 - -x0m . (3.24)
%l'n other words, deterministic segmentation and enc

morntereadriyvenahptweorsipagachmleat dentsdgmadhtes ( &. ghavaege co
di fferent beohravaion bhitor etacdsstOe f a fitden taiifné atoment (e. g.
i viamgr hban verdas talweeai desteil &Ict s oy ccoonntterxas)t., | at en
model s aomt i{railt i pdevi ousl y swiktnho wne¢) & pseetgiarregna ta t vi @omi ab
because we maximize an objectfiume tfiwomcttiead mst h &dto wierveel
di stinction bedanuke alraitbeseinng st ceortyy nuous rather than
suggesthsitabées to be included in the membership fur
empirical results) generally influence the final sy
2’As discussed Fug.otherl anesbectliaas moadkeebgngkapplicat
funcftdromee mber shi p model t Aadr b het etehees i mEmews al ue

di strwibtwuhilomcati on parameter equal to zero (without
being estimated) and scale parameter MHoxwedetro wmit)

theory, it can hieeolhiotr mhdudseeld dawiwed mtal | y di stributed er
2This study focuses on two clsgpeie e d hmelmbier arhii @l plrod
mod el if there are more than two cl asses.
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The conditional classpecific expectations are:

oOvx phs L (3.25)

oosm mhE Lo (3.26)

The overall density is:

Nosthy  0a pr Qosth p

04 mp  ooskR 527
The loglikelihood (0 ) can be expressed as follows:
00 B 1B 0agg Qosth
N L L
B 11— —% —2 —% —= . (329

=l
=
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It is instructive to examine closely the difference in thelibglihoods of the
switching regression model (E819) and the latent class model (BR8) (setting aside
the variant functional forms of the segment membership probedilitvhich, as indicated
in footnote 8, differ only by convention, not by neceskiand the ability of the former to
account for correlated error terms). Each term in both equations involves outcome densities
multiplied by segment membership probalekii reflecting the contribution of both
el ements to parameter estimation and- evalu

likelihood of the switching regression model can be split into two sums, corresponding to
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the known members of each of the twmuyps, and accordingly only the membership
probability and outcome density associated with the segment to which the individual
belongs need to be included in each term. In essence, each term is the natural log of the
joint densityof belonging to the obseed groupz and experiencing the observed outcome
given belonging ta. The loglikelihood of the latent class model, on the other hand, cannot

be split in that way because group membership is not known, and accordingly each term
must include the memberghprobability and outcome density of both possible segments.

Il n essence, each t e rtatal probabilityh e ( @ @t exgdatbdy | Dlye
density for continuous outcomes) of experiencing the observed outcome. Thus, the former
is the loglikelihood of ajoint event (membership and outcome) while the latter is the
(margina) log-likelihood of asingle event (outcome, summed over the membership
probability distribution), and consequently the two -liglihoods are not directly

comparable. We Widiscuss the practical issue caused by this difference in S&tigh

The deterministic segmentation model, on the other handhyeaonsidered as
special casef both modelswhere we know the binary indicatof membership (i.ethe
probability of group membership, & , is either 1 or P In that case, all the probabilities
of EQ.(3.19) for switching regression are 1, simplifying to £89), whereas in E(3.28)
for the latent class model, one of the probabilities in each term is 1 while the other one is

0, again simplifying to Eq(3.9).
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3.4 Empirical application
3.4.1 Data

This study employs the GDOT ddtaectionl.2.3. This study focuses on Georgia
residents who have a drivero6s | i gepantede and
weekly vehiclemiles driven (VMD), which is often studied as a majavél behavior
indicator. As usual, VMD has a skewed distribution; hence wartsform it (first adding
1, to avoid taking the log of zero) to more closely achieve normality. Specifically for the
deterministic segmentation and endogenous switching madeldivide the sample into
urban and nowirban residents based on the population density of their residential Census
block groupg®. This is a common segmentation variable in the literature associated with
investigating the effect of neighborhood type aavél behavior, as described in Section
3.2 For the sake of comparison, we employ the same set of variables (some attitudes,
demographics, and population density) ftbe membership function in the latent class
model. The original dataset consists of more than 3,200 cases, but it is reduced to 3,022
after excluding nomrivers and cases with missing values on key variafdlabl¢ 3-1).

Based on geocodes of the home location, we collected additional land use information from
the American Community Survey (ACS), the Longitudinal Empldyeusehold

Dynamics (LEHD) database, Alltranséind Google Place API. The descriptive statistics

®Since ther e -dcsc aqgod feidwiifit @ Mavae! Isye §y me n sianmpo eur b-an and n
urban residents based on eeopulsgbbapkdeveit Amepeéapine
CommurSutyey 2017 estthpeaoptue )t ;i o uprelmbapm xii fpyeri sacd e (2, 56
mi log) mhiagdeunrobnan ot her wiudbg .eanceMEesweani gpifdbor hood type in
anadmur bani ledi ginrbhceemmms u,butdat aey aeéf e ocbapottetbrgged t o

ef fleeitsg .Guwduegfhitni ti on of ownrstkeatwwaame/deghies cmrdc@ec desi gn
draw the boundary at a higher density than the cen:c
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of the key variables are reportedTiable 3-4 rather than in this section because it is more

useful to compare theample characteristics with other information.

Table 3-1. Variable descriptions

Variable Description Source

Sociedemographics

Gender Female dummy GDOT survey

Race White dummy GDOT survey

Age 18-34 dummy GDOT survey
65+ dummy GDOT survey

Income Middle income $50,000- $99,999 dummy GDOT survey
Higher incomg$100,000 or monedummy GDOT survey

Dummies weekly-based telecommuting, no or infrequer

Telecommute . ) GDOT survey
telecommutingbase: norworker)
Household Number of household members GDOT survey
Number of vehicles GDOT survey
MPO type Atlanta region dummy GDOT survey
Attitudes?
Pro-environmental GDOT survey
Urbanite GDOT survey
TravekHliking GDOT survey
Pro-carowning GDOT survey
Land use
Density Population density (people per acre) ACS
Job density (jobper acre) LEHD
Transit score Level of transit service [Q] Alltransit
Local accessibility  PCA score of local amenities Google Place API

a. Selected factor scores frarfactor analysisSelected attitudinal factors and higtbading statementsre

reported inTable1-1. The full factor analysis solution is reported in Kim et al. (2053 well

b. Principal component analysis (PCA) score of the first dimension which captures the largest portion of
variationin number of amenities near home location. Amenities include 23 types of places such as restaurant,
bar, store, and café. Pattern loadings are reportéahte1-2.

3.4.2 Estimation results

For modeling VMD, based on the literature and empirical experimentation, we
consider three sets of explanatory variables: demographics, geographic characteristics, and
work-related characteristics. [hable 3-2, the pooled model shows mostly statistically
significant parameters and those are consistent with conceptual expectations. Males,
whites, higher income people, and those in a middle age ¢(86tG2) tend to drive more.

Atlanta residents, on average, drive more. Three geographic characteristics of the
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residential vicinity (job density, transit score, and a proxy for local amenities) present
negative parameters, indicating that accessibilitysaadability of transit reduce VMD in
general. Compared to nevorkers, workers generate more VMD and we can observe, on
average, that workers who telecommute at least once a week generate less VMD-than non

or infrequent telecommuters.

Turning to the deerministic segmentation model, it shows some notable parameter
heterogeneity across urban and quoban segmentsT@ble 3-2). For example, among
urban residents youngpeople (1834) tend to drive less than others, whereas among non
urban residents they do not. Oppositely, older people (65 or higher) tend to drive less than
others amongonurbanresidents, while those urbanareas do not. The impact of income
on VMD is greater in urban than in namban areas; on averageteris paribusswitching
from being lower income to being medium or higher income respectively leads to 49% and
64% increases R @M 1 p zpnmménd A@@ 1 p zp 1 pin (VMD+1) for
urban residents, ogpared to 25% and 42% for nonban residents. Urban residents are
more sensitive to the availability of transit than uwhan residents are, whereas-ushan
residents are more sensitive to local amenities than urban residents are. For the latter, we
speculate the reason to be that urban residents tend to have more local amenities as a
baseline, and thus marginal differences in the number of amenities in their activity radius
may not significantly affect their overall VMD. However, for rorban residesst if there
are not enough local amenities within their activity radius, they may need to drive farther

and thus increase average VMD

Note that thbmegl| iagpiebled mé t bgeeso ganagprhg ¢ vari ables (jo
score, |l ocal acMP@seish;idleimtys / camldu rn)dT daert et eisnp etchtiisv eor d
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Table 3-3 exhibits the estimatio results of the endogenous switching and latent
class models. Turning first to the endogenous switching model, the membership (or sample
selection) model, which we do not have in the deterministic segmentation approach, shows
how randomlyselected individals choose their residence between urban andirbanm
areas. Those with stronger peavironmental and urbanite attitudes are more likely than
others to choose to live in urban areas, whereas those who like traveling and
owning/driving cars are more likethan others to choose to live in rarban areas. In
addition, workers and those having fewer vehicles and smaller households are more likely
than others to live in urban areas. All of these results are plausible and, for the most part,
expected. The doome models, in general, are consistent with the results of the

deterministic segmentation model.

As we simultaneously estimate fimember shi
key merits over the deterministic segmentation model are twofold. Firsidogenous
switching model enables us to explain what kinds of people are more likely to belong to
each neighborhood type. For the deterministic segmentation model we can only explain
VMD generationgiven that we knowvhich neighborhood type person lives inwhereas
for the endogenous switching model we can predict VMD fandomy-selectecgerson.
This might be meaningful for demand forecasting in that analysts do not know which
person will live in which neighborhood type. Additionallstror correlation estimates

corroborate that the selection of neighborhood type and the generation of VMD share

correlation matrices f or ttuthreb gm odreeda ssaengprheent su raraen:

PEIMT T CT NMTPU PEM T QTE X TP ¢ PEIMTTE 0 T8 @ TP TT
PAITT T ¢ TR Y p&nr@un&rﬁ p&rm @ v T O

pBI T T ¢ P8t T T8t O P8t Tt T8 X

p3t T P8I T (ol 10 )
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substantial unobserved characteristics. Hence, failing to account for those correlations
among unobserved variables leads to inconsistent ¢etnud the coefficients of the
deterministic segmentation model. Indeed, comparing the inconsistent coefficient
estimates of the deterministic segmentation mobable3-2) to the consistent ones of the
endogenous switching moddlgble 3-3) indicates that while many coefficients are quite
similar, there are also some substantial difices. For example, the deterministic
segmentation model appears to exaggerate the importance of transit accessibility for urban
residents and being white for narban residents, and to understate the importance of

being a (tele)worker for both groups.

The latent class model also involves a membership model and two outcome models
(Table 3-3). For the purposes of comparison, we estimated only elkags model. We
specifed the class membership model to have the same explanatory variables as those in
the selection equation of the endogenous switching model, plus a population density
variable that (since neighborhood types were defined on the basis of density) would have
been essentially tautological to include in the selection equation. For the most part the same
variables were significant with the same signs in the two models, with the exception that
workers were more likely than others to live in urban areas for thegendos
segmentation model , but | ess |likely than
model. Otherwise, however, those who are more urbanite arehpgh@nmental, who like
travel and owning cars less, and who tend to own fewer vehiclesandhlismaller
household$ traits that are also largely identified with urban residertse more likely to

be latent class 1 members.
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Accordingly, it might be expected that the two latent classes respectively match the
urban and nowrrban segments of ¢hprevious two models. However, neither the
membership model nor the outcome models fully support that presumption. First, as will
be shown in SectioB.4.3 the laent class membership is somewhat different than the
membership in the deterministic urban and-ondman classes (as can already be seen in
Table3-3 from the fact that 23% of the sample live in an urban area, whereas 52% belong
to latent class 1), although latent clagerddsto be more urban than class 0 as expected.
On the basis of reia shown in Sectio8.4.3 we | abel c | aiscinedd as

and class O -iackheddi hi gher VMD

In addition, when investigating the parameters in theedutcome models, we can
observe that patterns of sensitivities to factors for the two latent classes are different from
those for the deterministic groups in the previous two models. For example, relative to
having a lower income, being of middle incomasha substantially weaker (positive)
impact on VMD for class 1 (lower VMD) of the latent class model than for the urban
classes of the previous two models, and similarly for the (negative) impact of the transit
score. The latter result (as corroboratedTlaple 3-4 in Section3.4.3 is likely because
members of latent class 1 arema scattered between urban and-odwan areas, and there
may be little variability in transit scores for nrarban areas, which will dilute the impact
of that variable across the segment. On the other hand, relative-teoniogrs, non or
infrequent tetkcommuting has a much smaller (positive) impact on VMD for latent class 0

(higher VMD) than for the nearban segments of the previous two models, while weekly
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telecommuting has a smaller and insignificant impact for latent class 1 compared to its

impact br the urban segments of the other two mddels

In essence, given the variables proposed for the membership model, the latent class
model identifies two distinct groups on the basis of their VMD model coefficients (finding
the optimum balance between witlgroup homogeneity and betwegroup
heterogeneity in that respect), without direct regard to whether they are urbarusbaon
residents. Put another way, ur ban-ubaamsi dent
residents with respect to influencas their VMD, and conversely; this model can more
fl exibly g+urbarlpi ktehoe ufiirnboann r esi dent arbawi t h t

counterparts, and -lcioknertebarsiesidgnts.f or t he Aur ba

Table 3-2. Estimation results for the pooled and deterministic segmentation models
(N=3,022)

Pooled Deterministic segmentation
Urban Non-urban

(Class 1) (23%) (Class 0) (77%)
Variable Parameter t-value || Parameter t-value | Parameter t-value
Intercept 4.154 71.99 3.993 34.67 4.190 61.98
Female -0.241 -7.36 -0.270 -3.98 -0.232 -6.21
White 0.152 3.84 0.138 1.89 0.153 3.20
Age:1834 -0.058 -0.98 -0.280 -2.68 0.037 0.52
Age:65+ -0.069 -1.72 0.011 0.13 -0.095 -2.09
Middle income 0.277 6.91 0.402 4.80 0.228 5.01
Higher income 0.400 9.16 0.498 5.45 0.356 7.14
Atlanta residence 0.108 2.98 0.294 4.11 0.054 1.28
Job density (jobper acre) -0.012 -2.59 -0.014 -2.44 -0.017 -1.86
Transit score -0.480 -5.15 -0.675 -4.93 -0.217 -1.53
Local accessibility -0.072 -3.30 -0.021 -0.65 -0.085 -2.66
Weekly telecommuting 0.274 4.78 0.233 2.04 0.287 4.32
No or infrequent telecommutin 0.524 12.64 0.534 6.18 0.526 11.15

Note: Coefficients statistically significant at the 0.05 level are bolded. The goanfHgsmeasures of these
models are shown ifiable3-5 and discussed in Secti@m.4

S We note in passing that for al/l model s and segment
VMD t hdadm emaure ntte | oerc onnormetrisn g awdr kel se equal, consi st el
l ongi tudinal studies (e.g. Mokhtarianbetratvel, 186085}
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Table 3-3. Estimation results for the endogenous switching and latertiass models
(N=3,022)

Endogenous switching model Latent class model
Urban Nonrurban Lower Higher
(Class 1) (23%) (Class 0) (77%)| VMD  (52%)| VMD (48%)
(Class 1) (Class 0)
Variable Paramete t-value| Parametel t-value|| Parameter t-value| Paramete! t-value
Outcome models
Intercept 3.000 13.16 4.495 63.31 3.595 25.72 4936 36.98
Female -0.243 -3.60 -0.213 -5.88 -0.191 -3.07 -0.270 -5.59
White 0.123 1.69 0.084 1.78 0.244 3.47 -0.047 -0.70
Age:1834 -0.278 -2.67 0.037  0.55 -0.150 -1.44 0.005 0.07
Age:65+ 0.022 0.26 -0.096 -2.12 0.117 1.59 -0.272 -3.94
Middle income 0.399 4381 0.232 5.24 0.267 3.85 0.243 4.12
Higher income 0.481 5.29 0.321 6.60 0.448 5.75 0.296 4.90
Atlanta residence 0.300 4.23 0.078 1.91 0.108 1.62 0.132 2.66
Jg‘;‘;‘;”s'ty (obSPY 0013 234 -0012 -150 -0.013 -1.91 -0.006 -0.52
Transit score -0.555 -4.03 -0.163 -1.20 -0.356 -2.31 -0.193 -1.14
Local accessibility -0.013 -0.42 -0.074 -2.42 -0.031 -0.82 -0.060 -1.54
Weekly

. 0.392 3.28 0.419 6.23 0.104 0.82 0.249 2.68
telecommuting

No or infrequent
telecommuting

Membership model

0.677 7.17 0.630 12.47 0.498 4.52 0.286 3.66

Intercept -0.677 -11.44 - - 0.523 1.37 - -
Pro-environmental 0.043 1.97 - - 0.308 3.50 - -
Urbanite 0.143 6.14 - - 0.169 2.05 - -
Traveltliking -0.055 -2.62 - - -0.195 -2.31 - -
Pro-carowning -0.127 -5.91 - - -0.425 -4.38 - -
Worker 0.309 5.96 - - -0.649 -1.85 - -
Number of

household vehicle -0.078 -3.80 - - -0.151 -2.02 - -
Household size -0.035 -1.77 - - -0.008 -0.11 - -
Population density - - - - 0.113 1.99 - -
Additional

parameters
Sigma 1.033 14.83 1.022 45.29 0.880 34.46 0.605 21.57
Error correlation 0.660 5.22 0.844 13.22 - - - -

Note: Coefficients statistically significant at the 0.05 level are bol@ed.goodnessf-fit measuresf these
modelsareshown inTable3-5 ard discussed in Sectidh4.4
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3.4.3 How do segments differ across models?

Given the differences that have already been alluded to in class membership across
models, it is natural to examine these differences more closely. As we touched on in the
previous section, the two groups in the latent class model are distinct with rtesihet
average weekly VMD levels. Specifically, the average VMDs (based on prior probabilities)
are 132 and 165 miles, respectively, for the latent class model, and are 118 and 160 miles
respectively in urban and namban areas. Thus, as expected, athbmodels urban
oriented residents have lower VMD. On average, both wghoup averages are higher
for the latent class model, which is also as expected. Latent class 1 (with 52% of the cases)
must have collected a sizable fraction of (residentiallg miat c hed, . e. i a
ur b a n-rpan residents (since nomban residents as a whole comprise 77% of the
cases). The weekly VMD for those narban, latent class 1 cases will tend to be higher
than that of matchedrban residents (because of thmll that theirnonurban built
environmentexerts on their travel behavior) and lower than that of matobedirban
residents (because of the pull that thebvan attitudesxert on their travel behavior). The
net result is that the average VMD of lattelass 1 is higher than that of urban residents as
a whol e. At the same ti me, |l atent-urbahass O
residents with lowethanr(non-urban)average VMD, and presumably gained some urban
residents with highethan(urban-)average VMD, with the net result that its average VMD
is higher than that of nearban residents as a wh#lé¢Schwanen and Mokhtarian, 2005).

Thus, the latent class model is better able to group simifairiged individuals regardless

of their residenal location type.

2This discussion unavoidably r e@i (¢ saspscschrbyyp hsala)t i st i
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The greater withirgroup homogeneity of the latent class model is also attested by
the sigma parameters (i.e. square roots of error variances). The estimates are a bit greater
than one (1.03 and 1.02) in the endogenous switching model, while they aréomiech
(0.88 and 0.61) in the latent class model. In other words, the latent class model uncovers
segments having less variability with respect to unobserved influences on VMD. This is
because the latent class model identifies underlying groups specifieagd on their
VMD distributions, whereas the endogenous switching model segments individuals based
on a certain indicator (here, neighborhood type) that is not necessarily directly tied to

VMD.

Table 3-4 shows profiles of the pooled, urban, raban, and two latent classes.
Let us first compare the two latent classes. Compared to class 1 (lowesinditizd),
class 0 (higher VMBnclined has the following charactetiss, on average: higher
income, more often white, living in smaller MPO areas with lower population density and
lower accessibility, less urbanite, less -provironmental, owning a higher number of
vehicles, and more favorable toward owning vehicles. &hendencies are generally
consistent with the contrasts between urban anduniman segments. When it comes to
built environment characteristics, however, the contrasts between latent classes are
(understandably, given the previous discusdesgsharpthan those between groups based
purely on residential location. Specifically, the gaps between urban andrimem
segments on population density, transit scores, number of stores, and local accessibility are

markedly wider than those between the loveed higherVMD classes. In addition, there

r e ma r fiby leavirey the Princeton math department to join the math department at Harvard he
succeeded in raising the average 1Q in both pteces/a i ne,r , p).1 998
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are more drastic differences in age, race, and MPO type between urban-amblarotinan

between lowerand highetVMD classes.

The latent classes also help explain some otherwise puzzling patterns with respect
to two of the four attitudes. Urban dwellers are apparently lessmprisonmental than nen
urban residents, which may be counter to stereotype, but the latent class model confirms
that it is the higheWMD individualsi regardless of where they livewho terd to be less
pro-environmental. Similarly, there is a slight tendency for urban residents to like traveling
(despite the significant negative coefficient of that variable in the segment membership
model of the switching regression systefaple 3-3), but highefVMD individuals like
traveling considerably more, on average. Thus, at least for these two variables, there are
enough norstereotypical people in urban and naban neighborhoods to vyield
potentiallynori nt ui ti ve fAaverageo attitudes, but w

irrespective of residential location, the stereotypes hold true.
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Table 3-4. Profiles ofsegments (N=3,022)

. Norn- Class 1: Cllass 0:
Variable Pooled | Urban urban lower higher
VMD VMD
Distribution
Gender Female 51% 55% 50% 53% 49%
Age 1834 23% 34% 18% 23% 22%
3544 17% 17% 17% 16% 18%
4564 39% 33% 42% 37% 42%
65+ 21% 16% 23% 24% 18%
Income Lower 39% 38% 39% 43% 35%
Medium 33% 35% 33% 31% 36%
Higher 27% 27% 28% 25% 30%
Race White 63% 52% 68% 60% 67%
Black 29% 38% 25% 31% 26%
Else 8% 10% 7% 9% 7%
Telecommute Nonworker 35% 28% 38% 41% 29%
No or infrequentelecommuting 51% 57% 48% 46% 57%
Weekly-based telecommuting 14% 15% 13% 13% 15%
MPO tier ATL 53% 7% 43% 56% 49%
Mid-sized MPO 17% 15% 17% 16% 17%
Smaltsized MPO 13% 7% 16% 12% 14%
Rural areas 17% 1% 24% 15% 19%
Mean
VMD 148.06| 118.58 160.90| 132.35 165.22
In(VMD+1) 4.55 4.31 4.65 4.41 4.70
Number of vehicles 2.10 1.81 2.23 1.90 2.32
Household size 2.34 2.21 2.39 2.23 2.45
Population density 3.32 7.74 1.39 4.08 2.50
Urbanite 0.11 0.42 -0.03 0.22 -0.01
Pro-environmental -0.07 -0.12 -0.05 0.07 -0.22
Travekliking 0.03 0.08 0.01 -0.05 0.11
Pro-carowning 0.04 -0.18 0.14 -0.18 0.28
Transit score 0.19 0.42 0.09 0.23 0.14
Number of stores 10.64 16.91 7.90 11.77 9.42
Local accessibility 0.08 0.90 -0.27 0.25 -0.10

Note: all statistics are caseeighted to correct for sampling biases with respect to MPO size, income,
household size, vehicle ownership, gender, education, race, age, and work status.

3.4.4 Model performance

In addition to the behavioral insights provided by the models, their goodness of fit
is also of interest. First, we examine the final-likglihood values, together with some

information criteria that are most commonly considered in applications of leltess
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modeling Table 3-5). Due to having two classes, the deterministic segmentation model
contains more information than the pooled model, at the cost of doubling the number of
parameters; the latent class model aorg even more information (requiring even more
parameters) because of its membership model. Three information criteria penalize the
model complexity, with the degree of penalization highest for the Consistent Akaike
Information Criterion (CAIC), followedby the Bayesian Information Criterion (BIC) and
then AIC. Hence, although the deterministic segmentation model is better than the pooled
model with respect to AIC, it is not better with respect to BIC and CAIC. In other words,
with a stronger penalty foromplexity, the increment of model improvement is not
sufficient to compensate for its additional complexity. On the other hand, the more lax AIC
and BIC support the parametfeeavy latent class model, whereas with respect to the

stricter CAIC, the much sipter pooled model barely edges it out.

Following the discussion in Sectio8.3.4 note that, with respect to the leg
likelihood and information criteria, we are rettle to compare the switching regression
model to the otherdhis is because the switching model estimation is maximizingite
likelihood of class membership and outcomhereas for the latent class model, class
membership is unknown (latent) andtBe model estimation is maximizing thieelihood
of the outcomé e x pr essed as a margi nal |l i kel i hood
class membership probability distribution). The deterministic segmentation model, on the
other hand, is estimated cofidhal on class, but since class membership is assumed to be
independent of the outcome, the conditional likelihood of the outcome is equal to its

marginal likelihood in that model.
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Figure3-2 provides a graphical comparison of model fits. The first panel shows the
histogram of observed lelgansformed VMD. The remaining panels present the estimated
conditional densities for each observation in the sample (i.eintheidualspecific
contributions to the likelihood function, conditional on clas¥)ajsthdx p or
Qost M 1]%. Accordingly, for each data point the higher the density (i.e. the higher
the modelimplied likelihood of observing this outconee given thosek fx values), the
better the fit of the model for that observation. On that basis, we can readily see that the
latent class model has many data points with higher densities than the other models ever
achieve. In particular, comparedttte endogenous switching modegth classes of the
latent class model tend bave higher densities and tighter spreads, and to be more sharply
distinct from each other (signifying the greater witgnoup homogeneity that we have
already seen in Secti@4.3, graphically illustrating the superior fit achievable when the
classes are flexibly identified to be best suftedhe outcome variable at hand, rathentha
arbitrarily defined a priori. Collectively, the individual densities for the latent class model
well approximate the binodal distribution of the observed data, unlike any of the other

three models.

Prediction accuracd§ is also an important measure byieihto evaluate model

performance. Given that the outcome variable is continuous, we comysapeafed and

BFor the | aetlesn,t ecacahs sc arsaecth doexx fplamidt @dictewivibe r e a s
for the deterministic segmentation and switching

known gr ouAps icnadni chaet osreen i n -epetikercedensi d®ines ahe

on the pl ot
t he c asceiss whleasee< o)r, eaonudalt hteo hei ght of thaé maxi mum
(the narrower thectpoeaadthbhe theldenantdymbue peaked
on

LganidThe density i 6 #rafiomitzhed fwhaen t ops

Her e, predicti-Dam@lce uMetmrseu fire.gamnm oiwsu lch mpea r b soed

r

€

C

ofsample accuracy. Mo & viod gv alnastpeorr tt act |li aosnss pramgpdteelsi ng hav

measuwrihdsa gabl e fracevempompgepbhpeman ao®il mgf loicawist y nw

excell encesamplilmakp nendhiiscctld to nlseast an expected precon
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root mean squared error (RMSE) measures across models. In termsqobfed (the
higher the better) and RMSE (the lower the better), the modelesicedding order of
goodness of fit are latent class, endogenous switching, deterministic segmentation, and
pooled. One thing to note is that the endogenous switching and latent class models each
have two different ways of calculating performance. In theecaf the endogenous
switching model, we can obtain predicted values (or vas)l either (1) conditional on the
known urban indicator, or (2) as the membergirigbability-weighted average of the
predicted values for each class (van Herick Btokhtarian, 20268). In the case of the

latent class model, we can obtain probabiitgighted predicted values using either (1)
prior membership or (2) posterior membership probabilities take the outcomes into
account In a latent class discrete cheimodeling context, Kim and Mokhtarian (2018)
argued that, although using the posterior probability gives better performance measures,
using the prior probability is more appropriate iamgcases (in forecasting applications

we will know neither class mdpership nor outcome, in which case using posterior
information gives an inappropri at ®ushibost
is not surprising to see that thesteriorweighted Rsquared and RMSE for the latent class
model are substantiglbetter than the Bquareds and RMSEs for the other three models
(regardless of whether the conditional or probabikighted method is used for the
endogenous switching model). It is a bit more surprising to note tharitdreweighted
measures for thlatent class model are essentially equivalent to the conditional measures

for the endogenous switching model (which, in turn, are only slightly better than the

maki ngssempl e pfkidmhcanaodonMdokhtarian, 2018)
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probability-weighted measures). Hence, on the basis of these measures alone, the latent

classmodel is not markedly superior unless posterior probability weights are used.

Table 3-5. Model performance

Deterministic Endogenous Latent class
Pooled model . SOP
segmentation switching model
Parameters 13 26 38 37
Log-likelihood -3872.12 -3856.26 -5370.54 -3766.77
AIC 7770.25 7764.51 10817.09 7607.55
BIC 7848.43 7898.40 11045.61 7830.05
CAIC 7861.43 7924.40 11083.61 7865.73
0.509
R-squared 0.196 0.204 0215 (posterior
(conditional) ;
weighted)
0.208
- 0.216
(probability- -
weighted) (prior-weighted)
0.681
RMSE 0.871 0.867 0.861 (posterior
(conditional) )
weighted)
0.865
- 0.860
(probgblllty (prior-weighted)
weighted)

Note: In comparing AIC, BIC, CAIC, and RMSE across models, lower values are Bettirglikelihood
and Rsquared, higher values are better.
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Figure 3-2. Plots of estimated likelihood contributions of each case by model

3.5 Further discussion

This section exaines severalmplications/issues that arise in applications of
endogenous switching and mixture mod8isction3.5.1discusses an additional benefit of
the endogenous switchimgodel compared to other competing models, namely its ability
to provide a consistent estimate of the effect of a discrete treatment or intervention. Section
3.5.2addresses how membership functions can be specified (particularly related to the
latent class model) and how they behave for the different models. S8d&i8rbriefly
connects the models presented in ghiglywith mixture modeling in a machine learning

context (specifically under a neural network structure).
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3.5.1 Treatment effects

Although our main focus in thstudyis on parameter heterogeneity, in view of the
different focus normally given to the endogenous switching model in the literature, we
touch on this issue in our application. One of the main reasons for using an endogenous
switching model is to estimate tleef f ect s of a discrete factor
after correcting for nomandom selection (often sedtlection) into either the treated or
nonttreated condition. Simply put, selection bias occurs when the selection and behavior
mechanisms areohindependent. In our context, we may be interested in the average effect
on VMD offormerlynonurban residentsvho havelreadymoved to urban areaseferred
to as the naverage treatment effect on the
in a second effect. A prominent policy discussion in urban planning hasdeen the
observation that people who have already chosen to live in urban areas tend to drive less
than thoseurrently living in norurban areaswouldthe lattersimilarly reduce the amount
of driving they doif they were tomoveto urban areagor if their neighborhood becomes
more urbanized)The average change MMD f o r such i1 ndividual s
treatment effect on the untr eavdabehdymdvedT ) o .
to urban areas have Aopted ind due to atti
to (or end up in) such areas in the future do so as a consequence efipeéayincentives
or supply constraints, we would expect TT to be langenagnitude than TUT. Finally,
we could be interested in a third effect: thatasfdomlyselectedndividualsmoving from
nonurban tourban area. This is simply referred to a:
(ATE) 0 (Heckman et adnHerick2201®)1 Acrodd th& doptulation, a n a

the average treatment effect is the weighted average of the treatment effects on the treated

11¢



and the treatment effects on thatreated, where the weights are the shares of each group
of people in the population & Herick and Mokhtarian, 2020b; Wooldridge, 2015, Eq.

15).

In sum, if people are noandomlyassigned to treatment and Ameatment groups
(i.e. if they areselfselecteg, and if unobserved variables associated withsskction are
also associatedith the outcome, then an estimate of the average treatment effect that is
based on a simple, static comparison across groups is biased. It is important to correct for
the fact that those who Aopt ino tosa he tr

who do not.

To express the issue more formally, seemingly the simplest approach to estimating
the average treatment effect of neighborhood type on a person of characteristizgd
be to compute the difference between the expected outcomes indicatedétgthenistic

segmentatiomodel:

,odsthm pQE&E _Oodstm mQG
=< s0& s —B £L£ 5 —B £ 5 (329
where¢ and¢ respectively equal the number of cases for wkichp andd 1T, and

the righthand side indicates the samyalgtimated versions of the quantities on the left

handside.

The main problems with this approach are twofold. First, the two terms comprising

this measure refer to different people, because no one can belong to both groups
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simultaneously. Second, even if we compare expected values averagallliodériduals

for both terms, thecoefficientsestimated for each equation are representative of the
(samples of) people who selélect into their respective conditions, but not necessarily
representative of the population as a whole. In other words, we would rextt ¢ghave

the same (statistically equivalent) estimates oif everyonevere subject to the treatment
as we do when only a neandom (seklselected) segment of the population is subject to

it, and similarly fors .

Hence, to tackle these issues, amploy the endogenous switching model, which
corrects the estimates ofi and s for the selection biasassociated with the
deterministically segmented modeThe average treatment effect (ATE) informally
described above is defined as the expected (gaenge) from treatment forrandomly
chosenindividual as opposed to selfselectecbne (Heckman et al., 2001). The ATE for

Y, conditional on characteristids, is:

b'Yot o ost L o oo . (3.30)

Note that the estimates of and 1 obtained from this equation (i.e. from the
endogenous switching model) will differ from those appepm Eq.(3.29). Then, the
unconditional estimateof the ATE can be obtained by integratinbe conditional (on

characteristicsgffect over the distribution %:

6°YO O&d &  6"YOokQGE

3.31
s so& -B £ 5 o, (331)



where the final expression indicates that the sample average treatment effect can be taken
as a consistent estimate of the true avenage/jided of course that the pooled sample is
representative of the population (or that the cases are weighted to achieve

representativeness).

As in a similar application of Cao (2009), we employed attagsformation of
VMD, and thus to see ATE in its original scadd,Ev, we need to backansform it. Since,
following the standard situation for linear regression, we assume that thertraathid/1D
is normallydistributed, the conditiongdbn characteristicanean of VMD in its original

scale obeys the lognormal distributidfor individual'Qwe have

Ow pgt Ow pst
OAobsn - s OAogbns - o

(3.32)
Agbn ,jc Agdas , jc,

wherew andw refer to the VMD for persoiflf she lived in an urban and namban

area, respectively. We estimatethe populationwide ATEv with

35 Recall that the transformation is actua[by I Tooa p forz=1, 0 (to avoid taking In(0) and to map

ay, = 0 toay = 0), wheredy x 0 L3 h . This yieldsay, p Q@ exp(y), where

px 0 0Lz ,ﬁ,g . From knavn properies of the lognormal distribution, the conditional expectatiot of
1isOA@ds - st A@bs , jc,andits conditionanedian is exgks ). If we approximate

0O s with™ Q0 & s ="QLs (e.g. Cao, 2009), E¢3.33) woud simplify to A@%np

A Q%nn . But the equivalence is exact only for linear functions, whereas fbe,is not linear. Since

"Qw is a grictly convex functionofy, Jensends i n@Qd L >IOD hed damd t hat
thus the simpler approximation on the rigiaind side of the inequality will underestimate the true expected
value on the lefhand side.r fact, the apmximation"Q £ A @5 s an estimate of theedian

of the lognormal distribution, as noted above. BecadB& 7 ,%jc¢ A @81, Ow p
a QQ"Qid ép . That is, the mean of VMD is greater than its median, consistent with the long right tail of
the VMD distribution.
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B%pL’) Q}AQ$Q’Jp ,,E) C AQQ'er[ "% S

3.33
B"g)po (o) ( )

' 4 % :
wher U 0is the case weight for persancorrecting for our oversampling of lesgban

(nonAtlanta) cases (amongther sampling and nemesponse bias&s see Kim et al.,

2019 for further details).

In this study, the estimated ATE-E90 miles based on the endogenous switching
model. In other words, whenrandomlyselectederson moves from a namban area to
an uban area, the average reduction in weekly VMD would9faiiles (with the average
VMDs of random people living in urban and Rorban areas estimated at 71 and 261
miles, respectively)This estimate seems fairly substantial (more thamiZs a day) aah
perhapscounterintuitive. For example, the deterministic segmentation model tells us that
the difference in expected VMD between urban andurban residents is about2 miles
per week. If the stereotypical residential sadfection effects were validi . e . Aur bani
who are likely to prefer other travel meglover driving, seléelect into urban areas), then
we might expechegative correlations between selection into an urban area and VMD
generation (thé and” of Egs.(3.16) and (3.17)): unobservd traits increasing the
propensity to live in urban areas would also tend to dampen VMD atrcéise, we would
expectthe uncorrected treatment efféotoverestimate the true treatment effect. we

would expectthe true treatment effect in this application to be smaller td@miles

Speci ficrail gignmeplt ke was weighted to represent the porg
gender, age, raceMP@dtuxcmd i (omf, mwegikdesntaitalls,| ocati on)
vehicle.ovwedar smoitp recompute the weights after exclu
3.4.1
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Insteagdhowever, we fountl @ @and” @) J, leadingto the true treatment effect
being much largethan 42 miles We explain these results from the perspective of
conceptual plausibility here. We also discuss this issue from the mathematical perspective,
but do so in the Append# to avoid a lagthierdigression here; readers who are interested

in the technical details are referred to the AppeAdix

Although it may be counterintuitivether studies have reported similar situations.
Van Herick (2018) applied mowstayer models (in both twstep and dll information
estimations) to weekly drivalone commute days and reported positive correlations in both
urban and suburban regimes. Singh et al. (28E8yeported that unobserved attributes of
living in a medium (high) density area contribute to merease in household VMT after
accounting for other exogenous covarialds®ey commentedp. 34)t hat #fA Al t hough
may appear countentuitive at first glance, it is not necessarily so. The very unobserved
attributes that contribute to seeking residartcation in higher density neighborhoods
may very well contribute to higher VMT production. After controlling for built
environment attributes and household semtonomic and demographic characteristics,
households that favor active lifestyles and saelariety of activity opportunities (latent
unobserved traits) [leading them to locate in urban environments with a vibrant street life]
are likely to undertake more travel and hence produce more VMT than observationally
equivalent households that havef dier en't ( mor e sedentary)
Furthermore, in our application it is unclear what the unobserved variables actually
represent. In the stereotypical explanation, unobserved variables are likely to include some
attitudes such as environmahtonsciousness n d a ift ceadr q whicewould t i o n

support a negative correlation between the error terms of the two equations. In our
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application, however, the residential location choice molsérve severalattitudesthat

are typically unobseed,including preenvironmentglurbanite, traveliking, and precar

owning attitudes®”. The logarithmic transformation of VMD may also be a source of
sensitivity: a small difference in log terms becomes much larger when exponentiated to the

original unis.

Anotherthing to note, particularly for transportation analysis, is that it is often
ambiguous how to define the treatment (Mokhtarian and van Herick, 2016, especially
footnote 10). Unli ke in Heckmands ¢hassi ce
continuous rather than binary, and there are multifaceted dimensions to be considered in
defining what constitutes a treatment. For example, in the application oéttidg
treatment was defined as neighborhood type (urban andnban area). Howevgeaside
from the fact that every place has its own geophysical or cultural context, the level of
urbanization ranges across a spectrum, and thus defining neighborhood type by a single

cutpoint on that spectrum is rather arbitrary.

In our application,we def i ne Aur ban ar e-groupleved i n g c
population density, with the cutpoint beiagpopulation density of 4 people per acre in the
residential block groupAlthough, as indicated in our footnote 10, this is already a higher
densitythantheUSensus uses to define Aurbanized ar

with the result bei ng-dtemasti tfiyu rab-eemabsa n tacnidae dient

"These attitudes, i f unobser vbeedifimge ceu INdGeaghed ievredeetd e d
when t he npeosdteilmasaesd rwei t hout these attitudes (and ke
became considerably smaller (morandl oselignapprcaath

the ondi,eerentaa ned roughl ynugemangéd af "@o8@se, the v
very dependemderowne dvhwae r 3§ wst huen osbpseecrivfeidc,a tii.oen.s of t he
outcome model s.
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far from Arural o (in our sample, the media
per acre, or about 3,900 and 750 people per square mile, for urban anbaorareas,
respectively). From that perspective, it may not be surprising that, at least in our study (in
line with the observation by Singh et al., 2018), unobserved chassicteincreasing the
propensity to live in less sparsely populated areas would also be associated with a
propensity formore travel (propensities to take advantage of the greater number and
diversity of activity opportunities found in more urban areas @etpto very small towns

and rural areas) rather than less. Conversely, unobservedigaitasinghe propensity

to live in (somewhat) highettensity areas would tend to leaddsstravel. To be sure, the

built environment still exerts an importantluence on travel, which is why the observed
average VMD is higher for nearban areas, given the longer distances required for
essential travel in very lowensity environments. The unobserved attitudinal
predispositions, however, are (in our case) apprecting counter to, rather than in

concert with, the built environment. This has the following implications:

(1) When a person seffelects into an urban area, she tends to be predisposed to travel
more, in the sense that she desires a more diféigtyle with more, more diverse,
and possilyl more dispersed activity opportunities, but at the same time the built
environment allows her to enact that predisposition with (perhaps much) less travel
than would be required to accomplish that desiresdtiife in a norurban area. The
net effect of these counteracting forces is that she travels less than before (Eqgs. (A3)
versus (A6) in the AppendiX).

(2)Ifanonur ban resident were counterfactually
(despite having aolver propensity to live in such a place), the built environment
would then support her predisposition to travel within a smaller activity space
(because Aeverything neededo would be n

lower than that of aselfselectediur bano r esi dent (Egqs. ( AS
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AppendixA) . Conversely, i f an urbanubaesi den
area (despite having a lower propensity to do so), her inherent predisposition to
travel more would be amplified by the longertdixces between activities in her
new lowerdensity built environment, and her average VMD wouldhigierthan
that of aselfselectechonurban resident (Egs. (A6) versus (A4) in the Appendix
A).

(3)These counteracting effects also help explain why theageeVMD for urban
residents is not much lower than that for fushan residents: urban residents are
inclined to travel more but the built er
the converse is true for namban residents (Egs. A3 versus A4 ie thppendix
A).

These relationships are exactly what we see in our sample, as shown in Table A3

and Figure Al in the Appendi.

In addition, the range of the spectrum itself could be subject to the empirical
context. For example, in this study, we modedtatewide residential locations, requiring
that we include a wider spectrum of residential types (from urban to rural). However, many
studies focused on treatment effects where
suburban to an urban neighborldaa a specific metropolitan area (e.g. Cao, 2009; van
Herick and Mokhtarian, 2020); Pinjari et al. (2008) and Bhat and Eluru (2009) divided
1099 zones in the San Francisco Bay Area into-utbanist and conventional
neighborhoods by applying factor/clustanalyses on several measures related to
urbanicity. Due to the described incongruencies, treatment effects across studies are not

necessarily comparable.
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Because it is out of scope, this study does not expand the discussion about ATE
further, but for faure studies it would be worthwhile to investigate how ATE behaves

depending on model specificatioasnd def i ni ti ons of Atreat men

Turning to the latent class model, we could mechawmiagply Eq.(3.33) for
I 4 %o two classes, which yields a (weighted) ATEX7 miles, suggesting that when
a random person switches from class 1 to class 0, the average VMD reduction is 107 miles.
However, unlike the endogenous switching model, it is unclear what this restyt real
implies, in that belonging to a certain latent class is not associated with a particular physical
treatmenti as we have seen, individuals in either class can live in either type of area.
Furthermore, it should also not be assumed that the same @oritectns that apply to the
sample selection model automatically apply here as well. Therefore, estimating a treatment

effect is more appropriate for the endogenous switching model.

3.5.2 Membership model: link function, specification, and type of probability

The membership model plays a crucial role in either the endogenous switching or
latent class formulation, in that we interpret the model as explaining how likely a given
individual is to belong to each class. In this section we address several issueseassocia
with the membership model: its functional form, specification, and the type of probability

to use in downstream computations (prior versus posterior).

There is little discussion in the literature about the optimal link function (and related
A b e s ttionalformmoithe membership model), and indeed, as stbome models, when
the impacts of the unobserved variables associated with belonging to each class are

independently distributed there is little empirical difference between the top contenders of
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logit and probit. Here, we simply want to highlight that various fields seem to have different
traditions. As is well known, it is most common to construct the membership model with
a logit link function for latent class modeling, while the endogenous Ewicnodel
typically employs a probit link function (for the purpose of formulating a bivariate normal
density). In the early stages of latent class modeling (e.g. Kamakura and Russell, 1989), it
seems that the logit link function was utilized mainly beeanf the simplicity of satisfying
probability constraints when maximizing the dliikelihood function. The basic implicit

“

constraints aret pandB P, whered is a class indicator ant is the
membership probability (also known as the imgxcoefficiert or mixing proportion, cf.
DeSarbo and Cron, 1988f classi. These constraints are required because we agkame
classes are collectively exhaustive and mutually exclusive given the sample. Bihesing
logit link function, we do not rexd to directly estimate mixing coefficients (which requires
imposing theconstraints above); rather we estimate unconstrained constdmtt the
logit formula (e.g. Eq. 3.21), for the twoeclass casegnsures will meet the necessary
constraints In other wordsthe choice of link function for thenembership modedften
stems mordrom a mechanical reasothan from aninterpretation purpose. Hence, for

example, many applications of latent class modeling dmeo¢ssarilycontain variables

in themembership modgk.g. Chiou et al., 2013; Anderson and Hernandez, 2016).

As mixture modeling gained popularity, many studies parameterized the
membership model as a function of some information (e.g. demographics), allowing a more
meaningful characterization of the classes (this enhancement dates back at least to Swait
(1994) ad Bhat (1997)). This approach is at least partly due to the influence of market

segmentation concepts from the field of marketing research (please refer to Wedel and

12¢



Kamakura (2012) for background on the application of latent class modeling in marketing
research; additional discussion about membership variables and models can be found in
Section2.3.4 Parameterizing the membership model, therefore, means thaatbdweo
(possibly overlapping) sets of explanatory variablestkariables of the outcome model,

and ther variables of the membership model. The first three specificatidfigime3-3
respectively depict the roleséfandj—r for (a) typical singleclass models, (b) latent class

models, and (c) saturated models.

However, in this case an important dilemma arises with respect to model
specifications, one that applies to endogenous switching models as much as to latent class
models: which variables belong=g and which tgr (Figure3-3)? Put another way, does
a particular variablélirectly affect the outcome (in which case it belongspor does it
affect theweight (coefficient) another variable has on the outcdmewhich case it
belongs tgr )? This decision is usually based on theory or knowledge. For example, Swait
(1994) provided a conceptual framework for latent class modeling, in which the
membership likelihood is a function of general perceptions/attitudes and- socio
demographics. However, problems could be twofold. First, for latent class modeling, it
may not be clear how to characterize the latent classes with respect to the target outcome.
Second, in behavioral modeling, situations will very likely arise whemeabnceptually
valid to model membership and outcome equations with the same variables (for example,
income is likely to affect choice of residence as well as VMD). In theory, membership and
outcome equations can hasetirelythe same set of variables &sown by specification

(c) inFigure3-3); however, in practice we rarely find papers using such specificgii@ns

12¢



are unaware of anyWe speculate that this is ggrbecause doing so is apt to create

estimation issues and/or to make interpretation difficult.

X X |-
- Y — ¥ Y
v ® |+ ®
(a) Single-class model (b) Latent class model (c) Saturated model

Figure 3-3. Prototypical model specifications

Turning now to the type of probability to use in downstreamputations, we note
that the ways membership probabilities can be calculated and how they behave could be of
interest.Figure 3-4 shows the membership probabilitiessaciated with our endogenous
switching and latent class models. The first panel presents the membership probabilities
(selection into urban or nemrban area) for endogenous switching. Since the membership
model is estimated with respect to the selectibresidential type, it is not necessarily
correlated with the outcome variable (tvygnsformed VMD). The second and third panels
exhibit the two types of membership probabilities of the latent class model: prior and
posterior probabilities. The prior mé&ership probability is as deked in Eqs(3.21) and
(322 in Section3.3.4 0 ¢ ps or 0 & TE . The posterior memberghi

probability (0) considers theénformation provided by the outcome, and updates the

probability using Bayesdd Rul e:



1
C
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0 a pIohk by oL

. N 0 & Qostml 1
6 a S i X TF st It

Qs hy (3.34)

where we make the conventional assumption éhat independent ofr givena, and

thus thatQms: e Mt p simplifies toQosE  p (and similarly fora ).

There are two observations frdfigure3-4. First, the membership probabilities of
the latent class model are more closely associated with VMD than those of the endogeno
switching model. In other words, membership in class 1 (the M segment) is
negatively associated with VMD, while for class O it is positively associated. Again, this is
because the latent class model finds the solution that optimally fits theudisen of the
outcome variable, whereas, for the endogenous switching model, segmenting on
neighborhood type does not necessarily align with how much they travel. Second, after
taking into account the outcome, posterior probabilities show a much stassgpeiation
with VMD. Of course, it is not particularly surprising that class memberships are more
distinctly sorted in this case, since the
estimating (posterior) class memberships. As mentioned in Se8tbd Kim and
Mokhtarian (2018) argued that using prior probabilities is more appropriate in most
discrete choice transportation applications wheretwne predictionis the ultimate goal,

since in such cases the outcome is not known in advance.
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Figure 3-4. Membership probabilities for the endogenous switching and latent class
models

3.5.3 Mixture modeling in machinkearning: Mixture density networks

So far, we have examined various members of the family of statistical models that
fall under the mixture modeling framework. It is worth touching on another family member
that has been proposed in the machine learnind. fitishop (1994) proposeuahixture
density networks(MDN), which combine mixture modeling and neural network
approaches. Some applications include speech analysis (e.g. Richmond, 2007; Zen and
Senior, 2014) and touchscreen interaction locations in space and time (e.g. Martin and

Torresen2018).

Figure 3-5 shows a conceptual illustration of MDN. In usual neural network
applications, the neural network (regression) aims to minimize the squared loss function

that approximtes theconditional mearof the outcome (which is analogous to linear



regression). In contrast, MDN aims to map input variables tpahemeters of a Gaussian
mixture mode(means , variances , and mixing weight§ ). Hence, MDN provides a
probability density function of an outcome conditional on the input variables. Densities of

related models are:
Linear regressioiQost x § £ K

Standardatent class modelQos= e x B ¢ O £nh

Mixture density networksQus=hr x B “ £he 0 <hr h <Lh h
where“ Ois a membership function amadl other notation is defined in Secti8r8.

Figure 3-6 presents an application of MDN to our data. Since ghigydoes not
focus on MDN per se, e simplify the example. To model ldgansformed VMD, we
employ the four attitude measures which were used in our previous models (namely pro
environmental, urbanite, traviking, and precarowning) to estimate a mixture of two
Gaussian densities. In@itlon, we assume a single hidden layer with two nodes, as shown
in Figure 3-5. The three histogram panelshigure 3-6 present how the estimatéd ,, ,
and® are distributed for each mixture class, while the plots below the histograms represent

individual density functions based on specific draws from each of the histograms.

Whencomparing MDN andheusual latent class model, MDN hseverapotential

advantages:

1. It automatically captures nonlinearity in segmentation (Bishop, 2006) or in effects

on the conditional mean.
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2. We assume a homogeneous error variance within segment féatéimé class
model, whereas error variances are estimated as a function of input variables in
MDN.

3. We do not need to determine how to allocate variables between membership and

outcome models.

Of course, all advantages are possible at the expense ofrgduerpretability. In
addition, MDN is subject to multiple decisions of the analyst due to the embedded natures
of the mixture modeling and neural networks. Specifically, the analyst must choose not
only the number of mixtures (analogous to the choicriofber of latent classes), but also
the structure of hidden layers (i.e. how many layers and nodes and how each node is
connected; cf. Bishop, 2006; Hastie et al., 2009). Put another way, the standard latent class
model requires us to decide which varebbelong tek ands+ (as described in Section
3.5.2, but neural networks structure requires us to decide the network structure per se
instead of decisions ¢hand 3 . The network structure will influence how input variables
interact with each other (potentially tran
key difference between the two decisions is that the decision in standard latent class models
heaviye |l i es on the analystodés knowledge/ theory
the final decision is also based on model fitness), whereas the decision in neural networks
is purely dependent on the datae. how well the structure fits the datarFexample,
there are no conceptual considerations to influence the choice of a certain number of nodes
and layers, no policy implications for having an@el-layer structure instead of a 2

node2-layer structure.
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Neural networks structure
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Figure 3-5. Conceptual diagram of mixture density networks
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Figure 3-6. Application of mixture density networks

3.6 Conclusions

This study examined various modeling approaches that are closely related to each
other. Focusing on a regression problem (i.e. with a contimualued outcome), the study

explored the theoretical backgrounds of, and connections between, pooled, ddterminis
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segmentation, (endogenous) switching, and latent class models. In particular, the study
highlighted similarities and differences among the models from the standpoint of finite
mixture or market segmentation approaches as a way of dealing with (pajyamete

heterogeneity.

Models were applied to empirical data obtained from more than 3,000 Georgia
residents. In particular, the study focused on weekly vemdkes driven (VMD), which
is a key travel behavior indicator, and identified key explanatory Jasas well as the
different sensitivities to those variables exhibited by various population segments.
Consistent with prior research, we found that, on average, not only do key demographic
traits (e.g. gender, race, income) affect personal VMD, butseodal residential land use
characteristics (job density, transit service level, and local accessibility) and
telecommuting. Among the models of interest, the latent class model outperformed the
competition. This implies that (1) there is notable heteragemethe population (when
compared to the pooled model), and (2) uncovering latent segments can have benefits
compared to segmenting on a certain predetermined factor. However, all models were able

to provide meaningful insight for understanding the bairaof interest.

The study posited that people would generate different VMD and have different
sensitivities by residence type (urban versus-umtyan), and supporting evidence was
found in the deterministic segmentation and endogenous switching models. An
endogenous switing model was able to find those who are more likely to live in urban
areas (e.g. workers, penvironmental, and less favorable to driving). In addition, the
estimated error correlations in the endogenous switching model corroborated that there are

unob®rved factors common to the joint decisions of residential choice and VMD
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generation. After correcting for this salélection effect, the average effect on VMD of

moving fromanorur ban to an urban area (where Aur
populaton densiy of 4 or more people per acre in the residential block group) is estimated
as-190 miles per week (further discussion of this result appears in S&&amd the

Appendix A). The latent class model identified lovi@rel and highetevel VMD

segments. The two segmemiad different sensitivities. For example, individuals in the
lower-VMD group tend to drive less as they live in more-glemse or better trart-service

areas, whereas those variables do not have significant effects on VMD in the other segment.

These three segmentation models can be considered alternative ways of
investigating parameter heterogeneity based on a finite segmentation frameavbheip T
decide among them, some key questions for analysts are: (1) Is there a single variable that
is reasonably suspected of introducing heterogeneity (deterministic segmentation (DS) or
endogenous switching (ES)), or is segment membership conceived iag be
probabilistically associated with a bundle of variables (latent class (LC))? (2) Is it suspected
that joint decisions (here, membership in known segments and VMD generation) share
unobserved factors (ES), or not (DS)? Some models have additionalwigritsspect to
certain purposes. For example, the endogenous switching model has the benefit of offering
an estimate of the average effect of switching from one segment to another, i.e. the
treatment effect, after properly accounting for-nandom seldwn into a given segment.
Hence, researchers should consider using this model when investigating the treatment
effect of a specific factor, e.g. the impact of neighborhood type on VMD, as was examined

in this study. The latent class model has the beokiitentifying the latent segmentigst
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suitedto the data and to a specific outcome variable; hence it has the potential of offering

a better performance (not to mention new behavioral insights).

The study suggests some directions for future researthe Isection on Further
Discussions, we gave an overview of some fundamentals of the membership model in
mixture modeling, which characterizes the segments. Each conceptual approach to
formulating the model would have different performance and implicatlmrs;e future
studies can apply each approach to empirical data, comparing their performance and
analyzing how each approach leads to interpretational differé®eesnd, we also briefly
touched on the use of mixture modeling in machine learning (midemsity networks,

MDN, in particular). So far, there is a lack of discussion about heterogeneity in travel
behavior studies using machine learning approaches. Hence, investigating heterogeneity
with the aid of a combination of mixture modeling and a machearning approach (e.g.

MDN) might be interesting. Lastly, although tlsteidyexamined the case of a continuous
dependent variable (i.e. a regression problem), its conceptual discussions can also be

applied to classification/choice problems.
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CHAPTER 4. USEFULNESS OF THE CONFIRMATORY
LATENT CLASS APPROACH

Paper itle: Who (never) makes overnight leisure trips? Disentangling structurally zero

trips from usual trip generation procesg@savel Behaviour and Societ¥8, 7891, 2021)

4.1 Introduction

Long-distarce travel is an important pillar of the travel industry in particular and
the economy in general. According to statistics from the U.S. Department of Transportation
(USDOT, 2006), Americans are estimated to take 2.6 billion-thsi;nce trips per year
and7.2 million trips per day (based on the National Household Travel Survey, NHTS, 2001
data, which defined londistance trips as those longer than 50 miles). About nine out of
ten longdistance trips are by personal vehicle, followed by air (7%) and then modes
such as bus and train. More recent statistics show the crucial economic roledittange
travel. For example, the U.S. Travel Association (2020) estimates totadistagce
traveltr el at ed out put at $2. 6 gross tloméstcmproduc)b o ut
and 15.8 million travetelated jobs (about 10% of employed individuals). Annual growth
rates of spending, employment, tax revenues, and personal trips in the U.S. domestic travel

industry are estimated at 4.4, 1.8, 5.2, and Ir&8pectively.

Despite the importance of lofdistance travel, data on lowmlstance travel
behavior in the U.S. is relatively less available. For example, the NHTS had an additional

long-distance component in 192001, the 2009 survey did not have itdahe recent
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2017 survey asked a few questions only in certairaadiegions (NHTS, 2018§.A few
other surveys have had an emphasis on-tistance travel behavior, such as the 1995
American Travel Survey (e.g. Hwang and Fesenmaier, 2003), the Longit&dirvey of

Overnight Travel (Harvey et al., 2015), and the Utah Travel Survey (UDOT, 2013).

Long-distance travel generates discussions about social disadvantage and
sustainability that differ from those associated with local travel. First;dastgnceravel
is more discretionary than daily travel. Ledgtance travel is for those who are able (in
terms of monetary expenditure and time, as well as physical and mental capacity) and
desirous or willing. Second, a substantial portion of transporta¢dlated emissions can
be attributed to longlistance travel. Given that train and intercity bus have marginal
market shares overall in the U.S., private vehicles and airplanes serve medistange
travel in this country. Beyond the carbon footprint afscéotal emissions from air travel
are quite substantial as well (cf. Ottelin et al., 2014; Czepkiewicz et al., 2018), with unit
COz emissions (per passenger per km traveled) for air exceeding those of car (BBC, 2019;
Goncalves, 2009 As a consequencenndronmentalists and scholars have been concerned
about the (un)sustainability of air travel for some time (cf. Becken, 2002; Akerman, 2005),
with the Aflight shamingd movement represe
(e.g. Baron, 2019; Gosslirg al., 2019; Gossling et al., 2020; Piskorz, 2019). Further, the
asymmetric participation in londistance travel implies that the carbon footprint from

long-distance travel is not evenly distributed with respect to demographics and geography.

BHowevelNegxt BencNHTFBmtagvanced pl andiisg amiclel tmeaaeur. ¢
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Grantingthe importance of longistance travel to the sustainability mission, the
purpose of thistudyis neither to lament nor celebrate ledigtance travel or those who
undertake it. Rather, we wish to investigate the factors triggeringdistance travel
(separately by mode) and identify those who are generatingdistance travel (or not),
to inform the transportation policymaking that can address the social disadvantage and
sustainability issues described (as well as informing the travel industry itself). Whereas
most studies of longistance travel focus on the trips made and the people malking th
our understanding of -istamce & limitddoHerice, thig €tudyd t r a
contributes to the I|literature by distingui
make such trips and those who do generate-thstgnce trips, even if neery often (and
who may therefore Aincidentall yo make zer
guestioning about lifetime frequencies, Graham and Metz (2017) created a similar typology
of frequent, infrequent, and ndlyers for longdistance air tngel in the UK. In our study,
we do not have the full information required to make such a classification deterministically.
Hence, we introduce a methodology that enables psotmabilistically classify cases into
the typology. This approach is of intera@sthe many situations for which only imperfect
information is availableWe are not aware of any other studies of ldigjance travel that

have differentiated between structural and incidentalzgranakers in this way.

4.2 Literature review

There is 0 clear boundary between lodgi st ance travel and ot
travel; rat her , It depends odstanceotravelvinas d e f |
multifaceted dimensions such as distance, frequency, tour duration, purpose, mode, and

destination(Table 4-1). Daily trips also have such dimensions, but there is a larger
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spectrum of possibilities (e.g. distance has a wider range, destinationsraneumerous

and diverse) for longlistance travel. In addition, numerous constraints are likely to be
involved in decisions relating to the dimensions of ldigjance travel. In the literature,

there is not a universally accepted definition of laligfarce travel. Some studies defined

it based on distance measures (e.g. 50 miles, NHTS 2001; 40 miles, UDOT, 2013; 100
miles, Berliner et al., 2018; 100 km, Czepkiewicz et al., 2020). Multiple studies employed

a definition of A o v e rdrarbigydryt distanter tlresteolds (e.gna i n |
LaMondia et al., 2015; AultmaHall et al., 2018; Dowds et al., 2020). Some studies
explored how various definitions of lofdistance travel produce different results (e.g.
LaMondia et al., 2014; AultmaHall et al., 218). It is likely that no single measure would
serve all purposes; rather, the definition chosen should depend on the research focus. In

this study, we follow the definition dfips involving an overnight stay

Since the travel mode is a major interestransportation, a sizeable number of
studies have examined mode choice for ldigjance travel based on choice experiments.
Hess et al. (2018) analyzed mode choice among train, personal car, air, and bus for selected
major cities in the U.S. In partitar, they applied a hybrid choice model and found a
meaningful influence of attitudes on choices. van der Waerden and van der Waerden (2018)
modeled mediurvlong-distance travel mode choices between train and car, particularly
focusing on access mode dittes. They found that travel time and cost are the most
influential, whereas effects of ancillary attributes of access modes are relatively marginal.
Lannoo et al. (2018) and Van Acker et al. (2020) explored the extent to which Belgian
business travelerare interested in intercity coach services (compared to other modes).

Monchambert (2020) focused on willingness to carpool for-istance trips in France.
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The study reported that people have a stronger willingness to travel alone rather than
carpool, ad carpoolers exhibited a higher average value of time compared to train or bus
riders. Bergantino and Madio (2020) studied potential modal shifts under the planned high
speed rail services in Italy. They found that potential shifts are more likely froamai

conventional rail services than from bus, carpooling, and private car.

Another approach taken in the literature to understanding behavior related-to long
distance travel is to explore trip generation. That is, what factors stimulatelisiagce
travel and how much? Given the type of information available, several statistical models
have been applied to modeling the frequency of Hdistance travel. Frandberg and
Vilhelmson (2003) modeled number of international trips in the preceding year with
multiple regression models. LaMondia et al. (2014) applied ordered probit models to a
four-level frequency category for each purpose (work and leisure/personal) and mode (air,
intercity rail, and intercity bus). Aguilera and Proulhac (2015) modeled frequéhange
distance business trips with Poisson regression. LaMondia et al. (2015) examingginter
time intervals using 628 respondents to a longitudinal survey of overnight travel and
employing negative binomial (NB) regression. With the same data, Aultiall et al.
(2018) applied NB regression to model annual tour generation for various definitions of
long-distance travel. Berliner et al. (2018) modeled number of trips (total, leisure, and
business purposes) with NB regression models. CzepkiewicZ2020) also utilized NB
regression models for modeling numbers of domestic ground trips, international leisure

trips, and noswork air trips.

Various factors have been found to be significant influences ordistance travel

behavior, including genderage, income, household composition, and geographic
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characteristics. Specifically, age (e.g. Aultrtaall et al., 2018; Berliner et al., 2018),
income (e.g. Aultmaitdall et al., 2018; Berliner et al., 2018; Czepkiewicz et al., 2020),
and being male (e.g. Bmer et al., 2018; Czepkiewicz et al., 2020) are positively
associated with londistance trip frequency. Attitudes are considered important
influences, but relatively few studies have considered them for modelinglistagice
travel (Berliner et al., 2.8 and Czepkiewicz et al., 2020 being exceptions). Interestingly,
long-distance travel behavior is likely to be dependent on accessibility to major airports,
but a fairly limited number of studies have accounted for it (e.g. Enzler, 2017; Aultman
Hall etal., 2018)i we speculate that this is because information on the airports that are
relevant to a given individual bés trip, and
readily available. These findings in previous studies are the foundationsr déeg

hypotheses, which will be described in Secdah 3

Graham and Metz (2017) is an important paper that shares a similar aim with this
study. They employed UK data collected in 2@D45 and described profiles of three types
of people related to air travdlequent flyersare those who have flown in the 12mnths
preceding the surveypfrequent flyersare those who have not flown in the preceding 12
months, andhonflyersare those who have never flown. Although this typology overlaps
with the one we adopt (which will be described in Secdof.4), there are several
important differences between Graham and Metz (2017) and this study.rFadgiiion
to the two studies having different geographical contexts (UK vk.tb&two studies also
have different focuses on travel mode. Graham and Metz (2017) particularly focused o
air travel (no distinction between domestic and international), whereas we explore both air

and car travel separately (particularly for domesis). In other words, Graham and Metz
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(2017) specialized in air travel, whereas this study focuses on generdidtenmgce travel.

We believe car travel is a worthwhile form of ledigtance travel to be explored, because

the US is relatively more calgpendent than European countffesnd thus the personal
vehicle is a major source of lomtistance trips in the U% We start the study with the
hypothesis that the motivations and factors respectively associated with air and car travel
could be somewhat fiierent and thus that the profiles of the three types of travelers may

be distinctive across modes.

Second, Graham and Metz (2017) focus on examining profiles-oha&l market
segments by using descriptive statistics. On the other hand, this studio aimadelas
well as describe, and to addrdssth the segmentation and frequency of lahigtance
travel. Descriptive statistics are useful, but they generally do not indicate the effects of
some factors while controlling for other factors, and thus tfésr limited information
when classifying new persons into segments. As well, our study simultaneously models the
frequency of longdistance trips, whereas the trip frequency itself was not the interest of

Graham and Metz (2017).

Lastly and importantly hte survey used in Graham and Metz (2017) explicitly asked
respondents whether they haderflown or not whereas our study only measured the
frequency in the past 12 months. In our case, we cannot explicitly distinguish the two types

of zeros (infrequerdnd never) since the survey did not include such a direct question. This

®There are clear differences in the distributions o
t wo, three or more vehicles): US (9, K3(,213,7,4 3an d2 92,1
and 7%). (Source: the U.S. Census and the office fc¢

40 For example, according to the 2001 NHTS in the US, 90 percent oflistance trips were by personal
vehicle, with the caveats that this share depends on finiida of long-distance trips and the actual
distance traveled, where air would likely dominate for the longer trips.
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is not an uncommon situation in reabrld data analysis, where a gengratpose survey

(like the NHTS) does not drill down into any specific issue in great detail, and thus where
there is imperfect information. Hence, it is useful to present and apply appropriate methods
for treating such cases. This study aims to tackle such a situation where only imperfect
information is available; specifically, with the aid of tlaent segmentain approach
(which will be delineated in Sectighd), the study will separate out the two different types

of zero trips (by identifying two different behavioral mechanisms) and profile people in

each segment.

Table 4-1. Scopes of recent longlistance travel studies in the literature

Study Definition Mode Destination Purpose  Time period
Jou et al. (2013) NA High- _ Domestic cities Business  Previous year
speed rail (in Taiwan)

LaMondia et al. Overnight / mode / Air, rail Business / -

, : ; e ; Previous year
(2014) international trip bus Any leisure y
LaMondia et al. Past 12
(2015) Overnight travel Any Any Any months
Aguilera and Business Previous 3
Proulhac (2015) Over 80 km Any months
Reichert etal.  Involving overnight Last 3
(2016) stay Any Any Any months
Davis et al. Nor+
(2018) Over 50 miles Any Any commute 8 weeks

Overnight stop at least

AultmanHall et 50 miles from home; Regional/inter

Work / Per year / last

al. (2018) multiple distance Any regional/contin personal  month

ental/global
thresholds

Berliner etal. A trip longer than 100 Total / Any Business / Past 12

(2018) miles (one way) air leisure months
Domestic Previous 12

Czepkiewicz et Ground/ (Iceland) / months / last

al. (2020) 100 km (one way) air international Leisure month

Dowds et al. Total / Domestic (US) / Business/

(2020) Overnight travel air international leisure Last month
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4.3 Methodology
4.3.1 Confirmatory latent class modeling

The main methodological issue posed by this study is the fact that we are missing
the information needed to distinguish two types of processes generating zero domestic
long-distance trips in the past 12 months. As noted in Secdahand 4.2, the ideal
scenario is to measure lifeng experiences of londistance travel and thus explicitly
separate those who have fAinever flownodo from
mont hso (cf. Graham and Metz, 2017). Il n the
study aims to separate the two types of zeros by probabilistic modeling. One way of making
an inference on completely missing data is to use mixture modeling to identégtyang
|l atent <cl asses. As opposed to standard | at
nature (cfHoijtink, 2001; Laudy et al., 2005we employ aonfirmatoryapproach in that
we design latent classes with specific but differing assumptionst dhbewehavioral

models associated with each class.

To elaborate: awill be indicated in Sectiod.4.1, our data are characterized by
having a disproportionate shaoé zerotrip counts and this hints that there could be
possibly more than one type of underlying behavioral mechanism generating trip counts
(whether zero or notppecifically, we posit that there are two behavioral processes in this
context: some peopkere governed by typical trip generation process (including zeros),
while others are governed by a deterministic process of systematically producing zeros (i.e.
they do not make londistance trips at all). This is a type of heterogeneity in behavioral
mechanisms and functional formSection2.3.1). If people make a nerero number of

trips in the past 12 months we know they belong to the first class, but if they make zero
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trips, we do not know to which class they belong, and we clesizettheir class
membership with a binarglternative probabilistic model. l.e., we assume the existence of
two latent classes of zero tripmakers, each with a substantively different behavioral
outcome process. Since we are imposagyiori, these diffeing assumptions about the
outcome processes for each class, such a model is considered confirmatory rather than
exploratory, where an exploratory model would typically assume that outcome processes
are similar in their essential nature but differing imgpaeters across latent classes (cf.

Hoijtink, 2001; Finch and Bronk, 2011; Hess, 2014)

4.3.2 Formulation

As nded in Sectiord.2, generation oflong-distance travel has been modeled
mainly with Poisson or negative binomial (NB) regression modielsiew of our large
shares of zeros, we consider the zeftated (ZI) versions of these models (Lambert,
1992). Note that another model cousin has also been proposed to capture cases involving a
disproportionate share of zerbsirdle models (Mullahyl986).Figure4-1illustrates these
potential models. They resemble each other in that they each consist of two parts: a certain
type of segmentation dna model for the outcome of interest (trip count in this case).
However, the two models differ with ggsct to how they operationalize behavior. In brief,
the ZI model assumes two different outcome regimes, where one regime always produces
a zero outcomand the other follows a typical trip generation process (including zeros).
For zereoutcome cases, regime membershipnknown and selection between the two
regimes is governed by a probabilistic mod@bm this perspective, the ZI model can be
viewed & a particular type ofatent class modehs described above, in that we

probabilistically segment zettoip cases into two regimes whose membership is unknown
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to researchers-stripeée iiegir umea ka nnag ot Theehugdld nrei. p
mode| by contrast, focuses on explainingn-zero outcomes with aruncated count

model, together with a probabilistic participation model governing whether the outcome is
observed (i.e., nemero) or nofi a distinction that iknown We now elaborate on each

model in turn.

The ZI model can be expressed as follows:

p 0O ™ p,and (4.1)
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where0 Dis a probability ®is the number of longlistance trips made by an individual
[@ 0, 1, 2, éi]dnddisa  regindeiindicamryCafdr structural zero; 1 for trip
generation). Eg41) reflects the probability of zero trips occurring via either of the two
regimes, while€eq. (4.2) captures the probability of being in the trip generation regime and

W Trtrips occurring.

Here, we employ the NB model for the trip generation process (i.e., @iwel);
hence, t hadel évérallN\VBedalsonexperimented with Poisson models, but NB
regressions outperformed them in every case. This is because our data exhibit
overdispersion (greater variability than the Poisson model would predict) and thus an
additional parametet | cortrols for such dispersion (Cameron and Trivedi, 2005). The
NB probability density can be obtained by incorporating a random companeia the

conditional mean of the Poisson distribution, such that
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0 st —and (4.3)

Ot _o, (4.4)

where E is the expectation operator,, the mean of the Poisson distribution, is
parameterized ag" ” for mathematical convenience and to ensure anagative mean,
L is a vector of explanatory variables, ands a vector of parameters. Assuming the
gamma distribution with mean 1@mariancep] —for 6 , and then integrating okt. (4.5)

over that distribution, yields a relatively tractable solution for the conditional density of

(for details, please to refer to Greene, 2012 and Cameron and Trivedi, 2005):

0& sk . 0 sk Q6 ™
(4.5)
i p i,
where"Q6 is the gamma probability density function, ——, —is reparametrized by

(=p] —, whichis the dispersion parametex,O is the gamma functiorand the other

notation is defined as above. The conditional mealy i still _ (as for the Poisson
distribution), but its conditional variance is ngwl +] _ ) instead of_ . Theefore, when

1 A © 1 (signifying that the random variabte is actually a constant, namely its
mean of 1), the conditional varianceYobecomes_, Eq. (4.5) become€q. (4.3) with 6

= 1,and the NB collapses into Poisson.



Also, the regime membership model is expressddliasvs:

oa m —IL—, (4.6)

=l
=
=

wheresr -is a vector of explanatory variables ands a vector of parameterghe log
likelihood function to be maximized (with respect to the unknown paramefersand, )

isas follows:0 0 B 1 W0d& m 04 p 0O Mm@ p B 104

P 0RO W p .

The hurdle model, as mentioned, also consists of two models. &@eeng the
probability of generating a zero versus fm@mo outcome, and the second is a count model

that istruncatedat (i.e. does not include) zero:

0 m 0&£&N0I 0QOQNEXD QE & (4.7)
0N Gi 0Q0OEF @ Q¢ &
06 0OF Ol 0 QOQNNNORERERQD QN DO QE ¢

Sa o 4.8)

where nowd Tt signifies norparticipation (making O trips, for any reason) while p

indicates participation (making a n@ero number of trips)) & denotes the untruncated
count density (probabilityy;—— is the truncated density observing > 0 trips given

participation (i.e. the untruncated density rescaled so that the new probabilities will sum to

1 acrosg > 0); andd & p is the selection or participation probability.
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For reasons explained momentarily, we consider theppraach to be more
suitable for this application. However, we also experimented with hurdle models and found
that, in practice, the two approaches produced similar parameter estimates. The conceptual
appeal of the ZI approach is that it allows udifterentiate between two types of zdrip
cases: (1) systematic or structural zeros, arising in our context because not everybody
makes lonegdistance trips in the general population; and (2) random or incidental zeros,
here arising because lowlgstance travlecan be relatively infrequent and thus the
respondent may simply not have made any such trips during the time period in question.
Thus we can separate the effects of factors omjtlantityof trips generated (which could
include zero trips generated tbiat period) from the effects of factors on gaticipation
intrip-oma ki ng altogether. For the hurdle model
during this periododo cas-parbrei gatnifoundledodg
Accordingly, thebasic idea of the ZI approach is potentially useful for many behavioral
studies where there are heterogeneous reasons for a given value such as zero, and the data

do not explicitly classify cases according to those reasons.

What kinds of people might falhto each regime? Conceptually, the #idp-
making regime captures those who do not make-thsignce leisure trips because of
possiblestructuralconstraints (e.g. affordability, mental/physical limitations, or attitudinal
indifference or resistance Witrespect to longlistance travel, leisure travel, and/or
adventure/exploration). By contrast, zero trips being made by members of ki
regime are less likely to be owing to such structural constraints. Rather, they are likely to

be accounted faby temporary factors (e.g. some important life events, and/or changes in
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income or free time) prohibiting (or failing to stimulate) ledigtance travel in the past 12

months.
Zero-inflated model Hurdle model
. " Neighborhood Distance to n Neighborhood Distance to
Demographics ’ Atitudes characteristics airport Demographics Atitudes characteristics ‘ airport
Latent | i Participation in )
B s ) long distance travel L
If “trip-making” regime If participation
On-off switch On-off switch W
. o ~ Trip generation ™ ~ Trip generation™
If “zero-trip” regime S process 7 If no participation __ process ,3
. R Trip . Trip

Note: The arrows pointing to the lightly shaded rounded rectangles denote the influence of the trip-making regime (ZI) and participation in long-distance travel (hurdle) on the
coefficients of the trip generation model.

Figure 4-1. lllustration of two modeling approaches

4.3.3 Hypotheses

As aforementioned, in this study, we posit that there are two population segments
related to longistance travel. Thetructural zeros regimalways produces zero long
distancetrips because of structural/ permanentstaaints or lack of motivation, whereas
the trip-making regimecan generate londistance travel (where the number of trips is
modeled with a count model). First, we generate a list of several hypotheses based on the
literature (H1, H2, H3, and H5) and atilohal hypotheses (H4 and H6) based on informed

speculation. The key hypotheses include:
H1. Income is a major factor that influences participation in-distance travel

and (if participating) the number of trips (e.g. LaMondia et al., 2014; Berliner
etal., 2018);

15C



H2. Presence of children reduces the likelihood of both participation in long
distance travel and (if participating) the number of trips (e.g. Berliner et al.,
2018);

H3. Distance to a major airport reduces the likelihood of participatioin tragel
and (if participating) the number of air trips;

H4. Distance to a major airport increases the likelihood of participation in car travel
and (if participating) the number of car trips;

H5. Urbanites make londistance trips more often than othépstentially due to
several reasons, such as a greater geographic dispersion of social networks, a
Arebound effectodo due to | ower expendidt
lower local access to green spaces; Hda et al., 2014; Czepkiewicz et,al.
2018);

H6. Overall, factors more strongly affect air travel than car travel.

H1, H2, H3, and H5 aim to check whether our data return results related to the key
drivers of longdistance travel that are consistent with those in the literature. For example,
LaMondia et al. (2014) and Berliner et al. (2018) reported positive impacts of income on
the frequency of longlistance travel, while HolRau et al. (2014) and Czepkiewicz et al.
(2018) discussed the role of urban form in explaining 4distance travebehavior. H3,

H4, and H6 focus on the possibility of heterogeneous behaviors across travel modes.
Specifically, the way people respond to airport accessibility may differ by maftier
incorporating our key hypotheses, we tested various model specifications by adding a
number of other commoniycluded variables, such as education, employment, and car
ownership Although HEH6 are the key hypotheses of the study, this second kbeys a

us to investigate additional potential influences on{disgance trip generation and latent
class membership and to control for the effects of other fac®ansfinal models were

chosen based on goodness of fit and conceptual validity; some testables were
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dropped due to multicollinearity or insignificant impact in this sample. Note also that we
postulate that attitudes cause behavior, as is conceptually plausijegtared in related
studies Berliner et al., 2018; Czepkiewicz et al., Pp2and in keeping with numerous
enduring psychological behavioral theories such as tmeorly of Planned Behavior,
Technology Acceptance Model, and Extended Model of ®aa@cted Behavior.
Nevertheless, the opposite direction of causality is also plausaind this could be

considered a limitation of the study.

4.4 Empirical application
4.4.1 Data

This study employs the GDOT d4taectionl1.2.3. In this study, we define Iga
distance trips as those that involve awernight stay We collected information on
r es p on d-eepottedd dumbee df lbndistance trips over the past 12 months. For better
understanding, we decomposed latigtance travel by purpose (business/watkéo}
related and leisure/recreational/social), mode (car, bus, plane, and other), and destination
(within Georgia, states adjacent to Georgia, elsewhere in the U.S., Canada/Mexico/
Caribbean, and elsewhere in the world). We confine our interest in ulig &t certain
types of longdistance travel. First, we limit the analysis to leisure/recreational/social
(henceforth, Al ei sureodo) trips, for two rea
travel and thus the generation of ledigtance businessatvel islessrelevant (albeit not
completelyirr el evant ) to the individual 6s willing
taken by employed individuals while leisure trips can be taken by anyone. In terms of
modes, we focus on car and plane bec#usshares of bus and other modes are marginal

(in our sample, 0.8% and 2.2%, respectively); this is not only true of Georgia, but is also
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generally characteristic of the U.S. context. In addition, we narrow the scope to domestic

trips (77.8% of the airips reported) to enable us to compare models of car and air travel.

We employseveral sets of key variables, which have been found relevant in the
literature as described in Sectidgh2 In modeling, explanatory variables include
demographics (both individual and household characteristics), attitudes, and geographical
characteristics. The current study emglepme attitudinal constructs that were identified
throughfactor analysis on attitudinal statements. Geographical characteristics based on
home locations are appended using external sources. Population density (per acre; Census
block-group level) is calculated by using the 2017 American Community Survey (ACS) 5
year estimates. As a key variable, we measured the distance from home to airports via the

Google Map AP

Table 4-2 exhibits descriptive statistics fdeey variables of the study. After
excluding a few cases having missing values, the study analyzes 3,230 observations. Due
to typical nonresponse biases, the sample is older and higbeme than the Georgia
population as a whole (ACS estimates). We amgalgnple weights to help correct for
sampling biases with respect to MPO size, income, household size, vehicle ownership,
gender, education, race, age, and work status. The two dependent variables of interest are
the numbers of longistance domestic leiseirair and car trips made over the past 12

months. On average, people made 0.76 and 4.25 such trips by air and car respectively. As

“l'n Georgi a,cotnhneerrec iaarier pneirntes cel n partitewahamal Atl ant
Airporits(éamke) of the buss$ emsnagsnamm@Eéi osai nhuba awdr t & u s
di stinct lvevceels/.s iTzhee ooft hseerr ai rports are rather sma

(see Table Bl in Appesitdanxcd8y .t Weaidigonbs ool $ede Ge

l'imitation, gi wenltdhdef eWwocsaseds ot satch airports thai
assurance that such airports would actuakpgcbe choc
this to materially affect the results.
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expected, in general, people traveled more often by car than by air. In addition, large
standard deviations indicate that thenber of lonedistance trips is fairly dispersed in the

sample.

It is worth noting that 74% (air) and 35% (car) of the sample reported zero for the
number of longdistance trips within the period. As in many count data contexts, the
numbers of zerosappar t o be, so to speak, Ai nfl at ed:¢
from a reasonable distribution, such as Poisson, describing the other couliiigjusee
4-2). The large shares of people not making a-disgance trip suggests that there could
be heterogeneous reasons why they did not travel. In the next section, we will posit possible
reasons and outline the methodology we used to address tleidigsire4-3 presents the

geographical distribution of the sample and airports in Georgia.
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Table 4-2. Descriptive statistics of key variables (N=3,230)

. Unweighted Unweighted Weighted Weighted Share in
Variable Category -
count Share count share population
Gender Female 1574 48.7% 168: 52.0% 52.0%
Age (yrs) 1834 285 8.8% 71¢ 22.1% 31.5%
3564 1631 50.5% 184cC 57.0% 52.1%
65+ 1314 40.7% 67¢ 20.9% 16.4%
Annual householdLower income (below ,: o c o o
income $50,000) 102t 31.7% 136t 42.2% 49.0%
Medium income ($50,000 - o C 0 0
$99,999) 1173 36.3% 101¢ 31.6% 29.7%
Higher income ($100,000 or 1032 32.0% 8¢ 26.20( 21.3%
more)
MPO size Atlanta MPO 1043 32.3% 166t 51.6% 52.1%
Mid-sized MPOs 1171 36.3% 58¢ 18.2% 13.8%
Smaltsized MPOs 814 25.2% 42t 13.2% 11.0%
Non-MPO areas 202 6.3% 552 17.1% 23.1%
Househp!d Presence of children age 14 505 15.6% 69¢ 21 6% )
composition and under
Std. Std
Mear deviatior Mear deviatior
Long-distance _
travel (domestic, '\UMber of air rips over the 0.71 1.84 0.7€ 201 -
” past 12 months
leisure)
Number of car trips over the 2.91 7 84 4.9t 6.6¢ )
past 12 months
Geographlc_al Population density (per acre 2.83 3.21 3.41 3.92 -
characteristics
Distance to Atlanta airport 104.72 78.6¢ 82 5 73.9¢ )
(miles)
Distance to nearest major 68.8¢ 44,6 60.0¢ 4466 -
airport (milesy
Distance to nearest 26.24 17.51 29.1¢ 17.68 -
commercial service airport
Attitudinal 5
constructs Techsavvy 0.0C 1.0C 0.17 1.01 -
Pro-carowning 0.0C 1.0C -0.0z 1.0¢ -
Traveltliking 0.0C 1.0C 0.0C 1.0z -
Polychronic 0.0C 1.0C -0.01 1.0t -
a . I n this study, Atl anta (ATL) and Savannah
international airports in Georgi a, and although

more than three times as maanynual flights andour times as many passenger enplanements as the next

largest airport in the state (Tali3a, Appendix B.

b. Attitudes are estimated factor scores (standardized) obtained by applying factor analysis to attitudinal

statements. Statements highly loadingeanh factor, with their lalings, are reported ifable1-1.
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Figure 4-2. Distribution of the number of overnight domestic leisure air/car trips in
the past 12 months (N=3,230)
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Figure 4-3. Geographic distribution of the sample and commercial service airports
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4.4.2 Estimation results

4.4.2.1 Models ofmembership in the zetfnip regime

Table4-3 and Table4-4 show he final ZINB models for air and car travélrst,
we investigate the zefioflation componenti i.e. the selection model that explains
membership in the structural zetrgp regime. For this model, a negative coefficient means
that an increase in the asgted variable decreases the likelihood of belonging to the
structural zeros regime and thus increases the likelihood that domestic leistalesstange
trips will be generated. Not surprisingly, lower income people are more likely to belong to
the stretural zeros regime (i.e. no domestic leisure {diggance travel) for both modes.
The same is true for women, a result for which we had no prior expectation. With respect
to longdistance tripcountmodels, there are mixed results in the literaturefioding is
consistent with that of LaMondia et al. (2014) and Berliner et al. (2018), but the opposite
directionality is also found (e.g. Aultmathall et al., 2018). With respect to total distance
traveled for longdistance entertainment/recreation/ so@alposes, Mokhtarian et al.
(2001) also found the opposite directionality, with women traveling farther than men,
ceteris paribus Interestingly, the presence of children age 14 and under has opposite
effects across modes. Having children increases the likelihood of never traveling by air,
whereas it decreases the likelihood of never traveling by car. This, too, is not particularly
surprising in view of the relative financial and logistical burden associated with flying with
children compared to traveling by car with them, perhaps together with a lingering tradition

of the Aroad tripd for family vacations

o
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Popudation density is used as a proxy for the urbanicity of the residential location.
It is negatively associated with selection into the structural zeros regime. That is, people
living in more urban areas are more likely to generate-thsigince travel fordtth air and
car travel (but the magnitude and significance level are weak for car travel), in support of
H5. This finding is consistent with the compensation hypothesis and similar arguments
found in the literature, namely that people living in dense areasl farther or more
frequently for leisure, to compensate for a scarcity of open and/or green space in their living
environment (HolzRau et al., 2014; Czepkiewicz et al., 2018). However, as mentioned,
there are other possible explanations for why nitba could make more lordjstance
trips, such as a rebound effect, access to transport infrastructuregdsomgraphics, and
greater dispersion of the social networks of urban residents (cf. Czepkiewicz et al., 2018).
To test the compensation hypotlsesiore rigorously, we would need to control for some
relevant factors (e.g. access to a private garden; cf. Strandell and Hall, 2015), which are

not available in our data.

As distance to the Atlanta Hartsfieldickson airport increases, people are more
likely to produce structural zeros for air travel, whereas it is the opposite for car travel. It
is not surprising that the impedance of accessing the airport greatly affects whether the
person can or will make longdjstance trips by air. The opposite efféot car travel
indicates that ground transportation, which is comparatively less burdensome when the
airport is far away, is used to meet some needs fordisignce travel. Attitudes are also
significant factors, confirming that structural zeros areneaessarily owing to monetary
or physical barriers. Rather, attitudes or mental willingness are also involved in decisions

on longdistance travel. Those who are tesdvvy, favorable toward travel, and
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polychronic (enjoy multitasking) are more likely tgenerate longlistance travel.
Polychronicity might be involved because the expectation of working or amusing oneself
while traveling (particularly at the airport or on the plane) or at the destination could lower
a mental barrier to londistance travelln addition, polychronicity is associated with a
personality that thrives on multiple synchronous sources of stimulation, such as may be

found on a longlistance leisure trip.

4.4.2.2 Count models for domestic leisure ledistance travel

Now, we turn to the secdrpart of the model, which explains the amount of travel.
First, we confirm that both dispersion parameters are significantly different from zero
(otherwise, the NB model would collapse into the Poisson), indicating significant
overdispersion in frequenclt.is worth mentioning that when we used conventional{non
zercinflated) NB regression models, both the air and car models presented much larger
dispersion parameters (in our experiments, they were about 2.5). That is, when using ZI
models, the magnitudeof the dispersion parameters are reduced. This implies that the ZI
mod el i's disentangling fAordinaryo dispersi
generation process that would otherwise have been absorbed into the effects of the usual

disperson.

In both air and car travel, younger people tend to generate mordikiagce trips.
Income is an important factor that increases the amount of travel. However, the magnitudes
are greater for air travel. This implies that income has a greater rotergasing the
amount of travel for air than for car, which makes sense in view of the economies of scale

associated with multiple people traveling together by car. The presence of children
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decreases the number of trips in general for both modes. Hewedling the selection
model for car travel, the presence of children has different roles between its influence on
the selection into the zetap regime and its influence on the number of trips made. That
is, the presence of children increases the lioeld of generating cdrased longlistance

trips in the first place, but it has a negative effect on the number of trips generated (given
that the person belongs to the tnyaking regime). Both results are logical, and illustrate

again the value of sepdireg the structural zero regime from the tn@aking regime.

Population density is not a significant factor for either mode. Hence, living in a
denser area increases the likelihood of generating trips at all (from the regime membership
model), but it doesiot necessarily affect how many trips are generated. Distances to the
closest major airport (either Atlanta or Savannah; see ndtalda4-2) significantly affect
the amount of travel for both modes, but having opposite effects. Such distances reduce the
number of air trips, but they increase the number of car trips (although the magnitudes are
smaller). As described above, this may signify that peaylegl farther away from the
major airports tend to meet their needs for travel by car. Note that as described in
Sectiond.4.], we collected distance measures taathmercial service airports in Georgia.

In modeling, we tried various combinations of variables for distance measures in both the
selection and count parts of the model. The current specification produces the best fit as
well as more meaningful resultsn Iparticular, the shtest distance considering all
commercial service airports in Georgkigure4-3) is not generally significant. There are
huge differences in airport sizes in Georgia (T&dléen AppendixB), so this result implies

that the amount of air travel (and, secondarily, the atnoticar travel) is affected by

accessibility primarily to thenajor airports, which provide more numeroasd diverse
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flight options. Lastly, although other key attitudes are not significant for the count models,
travekliking propensity generally increas the number of air and car trips. We tested
whether a preenvironmental predisposition affects decisions on leisure-distgnce

travel [cf. cognitive dissonance between environmental attitudes andliktagce travel

in Hares et al. (2010) and Dawset al. (2014)]. We could not find meaningful results in
this application, indicating that there is no strong support in our data for such a
presumption. This result is consistent with other findings in the literatéoe example,

Hares et al. (2010) tond that none of the tourists in their four focus groups considered
climate change when planning holiday trips (despite the fact that climate change was the
explicit subject of the focus group and flying was the thiastcommonly cited influence

of theirlifestyles on climate change); Chen et al. (2011) surveyed Taiwanese travelers and
found notable gaps between their general-gmmaironmental behaviors and pro

environmental air travel behaviors.
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Table 4-3. Zero-inflated negative binomial model (air travel, N=3,230)

Membership component

Variable Estimate t-value

Intercept Intercept -0.572 -1.72
Gender Female -0.440 -3.97
Annual household income $50,000- $99,999 -0.684 -4.82
(ref: less thar$50,000) $100,000 or more -1.324 -8.17
Household composition  Presence of children age 14 and under 0.540 3.24
Sheaﬁgggrr;;gs Log-transformed population density (per acre) -0.177 -4.09

Log-transformed distance to ATL airport (mi) 0.330 5.14
Attitudes Techsavvy -0.236 -3.97

Pro-carowning 0.383 5.98

Travelliking -0.111 -1.83

Polychronic -0.245 -4.49
Count component

Variable Estimate t-value

Intercept Intercept 0.790 3.79
Age (ref: 3564) 1834 0.212 1.77

65+ -0.113 -1.48
Annual household income $50,000- $99,999 0.463 4.48
(ref: less than $50,000) $100,000 or more 0.782 7.80
Household composition  Presence of children age 14 and under -0.219 -1.97
Shez;g::?grr;gfgs Log-transformed population densifyer acre) 0.019 0.59

Lpg—transformed distance to the nearest m: 0275 582

airport (mi)
Attitudes TraveHiking 0.130 3.60
Dispersion parameter Delta 0.908 6.42
Summary

Final loglikelihood (LLE) -3121.96

PseudeR?, p —

(where ACO me-anlysPoidsdne 0.30

model)

Vuong statistic 5.99

Note: The bolded numbers indicate coefficients that are statistically significant at the 0.05 level.
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Table 4-4. Zero-inflated negative binomial model (car travel, N=3,230)

Membership component

Variable Estimate t-value

Intercept Intercept 0.149 0.47
Gender Female -0.324  -2.96
Annual household income $50,000- $99,999 -1.272  -9.80
(ref: less than $50,000) $100,000 or more -1.657 -9.38
Household composition  Presence of children age 14 and under -0.389  -1.93
Sheaﬁgggrr;;gs Log-transformed population density (per acre) -0.065 -1.69

Log-transformed distance to ATL airport (mi) -0.168 -2.46
Attitudes Techsavvy -0.366  -6.20

Pro-carowning -0.066  -1.20

Travelliking -0.312 -5.98

Polychronic -0.202  -3.55
Count component

Variable Estimate t-value

Intercept Intercept 1.316 11.02
Age (ref: 3564) 18-34 0.176 2.58

65+ -0.094 -2.12
Annual household income $50,000- $99,999 0.063 1.28
(ref: less than $50,000) $100,000 or more 0.277 5.37
Household composition E:(ajséernce of children age 14 and -0.156  -2.52
Sheac;g::?grr;lsi?gs Log-transformed population densifger acre) -0.016 -1.03

L_og-transformed distance to the nearest m: 0.077 280

airport (mi)
Attitudes TraveHiking 0.113 5.74
Dispersion parameter Delta 0.855 25.31
Summary

Final loglikelihood, LL¢ -8129.49

PseudeR?,p — 0.42

(where ACO meanlyBoissommeodet

Vuong statistic 8.27

Note: The bolded numbers indicate coefficients that are statistically significant at the 0.05 level.

4.4.3 Investigation of the zeftrip shares

As argued in Sectiod.3 a major benefit of the zetioflated methodological
approach compared to the usual ones is that we can (probabilistically) identify two distinct

behavioral group and two different types of zeros. When testing typical NB model
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specifications, we observed that their coefficients were inflated relative to those of the final
models presented here. In the former models, effects that would otherwise appear in the
regime membership models are absorbed into the count models, thereby biasing the

parameter estimates of the typical models.

From our finaimodels, two important estimates for zero trips are possible. First, we
can estimate the fraction of those who structyrgéinerate zeros, as 0.40 (air) and 0.10
(car) respectively. Put the othera vy It i mplies t hatdistdheel | 06 dc
trips are generated by abot®% and 90%of the sample, respectively. An additional
takeaway is that the share of the z&mp regime for air travel is substantially higher than
that of car travel. This is not surprising in that there are more constraints for air travel
(probably mainly monetary, but also psychological, e.g. a fear of flying). Hence, in fact,
only half the ppulation is expected to be able/inclined to generate-ttistgance travel.
Some may meet their needs for leshlg st ance tr avel by <car, ot

unmet, and some portion of people may not have such needs at all.

A second estimate we can mdakem our models is the probability of generating
zero trips for those who make trips. Under the modeling assumptions, those in-the trip
making regime can generate ledgtance travel, but some may not make any dong
distance trips in the given period. B estimated that 43.1% (air) and 13.3% (car),
respectively, of those in the tripaking regime did not make losdistance trips. This
might be due to temporal constraints (as opposed to systematic or permanent constraints)
or simply a low average demande(ithe inteitrip time is greater than a year). Air travel
has a higher fraction of these incidental zeros than car travel does. This is also reasonable

in that air travel is relatively less frequent and thus zeros can be encountered more easily.
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Combining these two estimates, we can calculate that the shares of structural zeros,
incidental zeros, and nexero tripmaking in the sample are respectively 41%, 33%, and
26% for air, and 10%, 25%, and 65% for car. Referring baEkgure4-2, these numbers
mean that structural zeros constitute abouttiwnals (69%) of the zero bar for air, and
66% of the zero bar for car. It is of interest to compare oulitsewith those obtained by
Graham and Metz (2017) for the UK. Their sample contained 8%flyens, 43%
infrequent flyers, and 49% frequent flyers. Given that the typology of segments is similar,
it is quite surprising that the two studies report sucliediht shares of segments
(correspondingly 41%, 33%, and 26% in our study). Seemingly, overall, the fraction of
zercotrip individuals in our study is greater than that of the UK study. However, this simple
comparison requires some caveats. First, the ntsmbé&raham and Metz (2017) include
any trip purposes and any destinations (i.e. both domestic and international), whereas our
study focused on leisugurpose domestic trips. Hence, we expect a larger share of zero
trips in our study. Second, due to gesgghical and economic factors, driving is more
feasible/attractive for those who make ledigtance trips in the contiguous US than those
in the UK (which is an island about 1/26f the land area of the US, and having higher
gas prices in general). Thirthe UK has more airports (about 40 airports, whereas there
are 9 airports in Georgia) and greater urbanization; hence, UK residents may have greater
accessibility to airports than Georgians. These second and third factors make it much more
likely that Georgians will drive instead of fly for many of their lowistance leisure trips,
relative to UK residents. Lastly, the distribution of demographics might be at play. Graham
and Metz (2017) reported that their sample quotas were set to be representhgvigof

with respect to gender and age; however, it is not clear how geography, income, and vehicle
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ownership (which would affect air travel patterns) are distributed in the sample. On the
other hand, our study employed sample weights, but the sampl# Basted to some
extent. All these discrepancies doubtless contributed to the differences in the results (which

are in the expected direction).

Regarding one important factéfigure4-4 exhibits the estimated share of cases in
the structural zeros regime as distance to ATL airport is hypothetically varied for everyone
in the sample, from fAino i mpedanceod0 to seve
at their sample values). Aseverye moves from the place of i
away from the ATL airport, the share falling into the structural zeros regime changes from
0.2 to 0.52 for air travel. This means, on the one hand, that 20% of people would not make
long-distance leigre trips by air even if they hawe accessibility impedance to the airport
T i.e., about a fifth of the population may have heotde constraints or disinclinations to
traveling by air for leisure. It means, on the other hand, that if everyone livechile30
away from the ATL airport, slightly under half (about 48%) of them would still generate
domestic leisure air travel. By contrast, the change for the same scenario is from 0.3t0 0.18
for car travel. The share of structural zeros decreases becaatss drigtance from a major
airport motivates some to choose car for their idiggance leisure travel instead of flight.
However, about 15% of people would not generatebeaed longlistance leisure trips
regardless of their accessibility to the airg@d., no matter how far away an airportiis)
again indicating the presence of haate constraints or disinclinations, this time

associated with the car mode.
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Figure 4-4. Estimated share of those in thetructural zeros regime by hypothetical
distance to the ATL airport

4.4.4 Profiles of each group

In this study, we built two ZINB models for air and car travel. A natural foligw
guestion might be,difiswhaon cnee vterri pmsa?koe sa sl do niigw h «
di stance trips all vy e adabled-3aendTabled-ddreatytietgd d o s C
at answers to this question. To provide more concrete ansViabie 4-5 presents the
profiles of specifically three types of peopleustural zero tripmakers, incidental zero
trip-makers, and nemero tripmakers. Profiles for the two types of zeros are calculated
based on membership probabHigeighted (and sampleeighted) characteristics among
zerotrip individuals, whereas those obnzero tripmakers are determined by their ron

zerotrip observations.



On average, the narero tripmakers are the youngest and have the highest income,
whereas the structural zero tnpakers are the oldest and have the lowest household
income for bth air and car travel. There is a difference in the share of cases having children
age 14 and under with respect to car trauvbke share of those in the structural zero regime
is particularly lower. Nofzero air tripmakers live in the densest areas werage, whereas
structural zero regime members for air travel live in the lowest density areas. As expected,
there are notable differences in average distance to ATL or nearest major airport among
the three air travel groups. However, the differences searginal among the three car
travel groups. As expected, average tsalvy, traveliking, and polychronic propensities
score in descending order for nperos, incidental zeros, and structural zeros for both air
and car trips. In terms of the poarowning propensity, the air and car groups exhibit
opposite directions of progression. In sum, we can clearly see the role of instrumental
factors such as income, age, and presence of children, as well as attitudinal factors such as
travekliking and proecarowning, in distinguishing the structural zero cases from the trip

making cases in general and the incidental zero cases in particular.

We looked at two additional attitudinal constructs that are seemingly relevant but
not included in the final models: tipeo-exercise and famikpriented predispositions also
differ by group. For both air and car modes, the-peros group has the highest average
proclivity for exercise, followed by the incidental zeros and then structural zeros. It seems
that the enjoymendf physical activity is one motivation for lofdjstance leisure travel
(e.g. for camping, hiking, and other outdoor physical activities). Similarly, the average
family-oriented attitude scores follow the same ordering, for both air and car trips,

suggestig that visiting family and/or traveling with family are additional motivations for
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long-distance leisure travel. The differences in average propensities are greater for car
travel than for air travel. In particular, the structural zero regime membecarfdravel

have the lowest average famibyiented predisposition.

Table 4-5. Characteristics of the three groups

Mode Air Car
Group Structural Incidental Non- Structural Incidental Non-
Zeros Zeros Zeros Zeros Zeros Zeros
Share 0.41 0.33 0.26 0.10 0.25 0.65
Share
Gender Female 0.49 0.54 0.54 0.49 0.51 0.53
Age 1834 0.17 0.22 0.31 0.09 0.19 0.25
3544 0.16 0.16 0.20 0.15 0.16 0.18
4564 0.40 0.41 0.37 0.40 0.41 0.39
65+ 0.27 0.21 0.11 0.36 0.24 0.17
Income Below $50,000 0.60 0.39 0.19 0.84 0.53 0.32
$50,000- $99,999 0.28 0.33 0.34 0.13 0.31 0.35
$100,000 or more 0.12 0.27 0.47 0.04 0.16 0.34
Household Pr_esence g
o children age 14 ar} 0.24 0.21 0.19 0.12 0.20 0.24
composition
under
Mean

Geographical Population density

characteristics (per acre)
Distance to ATL
airport (mi)
Distance to neare
major airport (mi)

2.46 3.60 4.67 2.98 3.62 3.40

104.42 77.71 54.37 87.28 82.28 81.86

73.83 58.07 41.07 67.30 61.68 58.30

Attitudes Techsavvy -0.13 0.25 0.53 -0.51 0.08 0.31
Pro-carowning 0.20 -0.12 -0.26 -0.21 0.04 -0.02
Travetliking -0.16 0.04 0.20 -0.54 -0.08 0.12
Polychronic -0.28 0.10 0.26 -0.57 -0.09 0.10
Pro-exercise -0.33 -0.11 0.32 -0.51 -0.19 0.02
Family-oriented -0.16 -0.06 -0.04 -0.36 -0.28 0.02

4.5 Conclusiors
4.5.1 Summary and relevance of findings

This study examined londistance travel behavior of residents in the state of
Georgia. Based on a survey conducted in 200178, we modeled the number of domestic

leisure longdistance trips (involving an overnight stay) over the past 12 months by air and
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car modes. We observed that zero trips comprised more than half the responses, and posited
that there could be two possible types of zeros: structural and incidental. The former is
generated by those who either cannot make-thsance trips because obne permanent
reasons such as monetary/physical/mental constraints or who simply lack the motivation
to do so; the latter occurs among those who do make such trips but did not do so over the

past 12 months for incidental reasons.

Based on that supposition, we used zaflated negative binomial (ZINB) models,
which are a special type of latent class model, to simultaneously explain the selection of
people into astructural zeretrip regimeor atrip-making regimeand the numberfdrips
(possibly including zero) made by the latter group. To our knowledge, this is the first study
of long-distance travel to decompose the zeros using this methodological approach to
treating an issue of imperfect information (namely, ignorance ofegiene to which a
zerotrip person belongs). The models produced meaningful insights. Selected
demographics, attitudes, and geographical characteristics played important roles in
explaining the segmentation of people into the two regimes, and the amolonigof

distance leisure travel.

The study presented separate models by mode and they showed different
sensitivities to the explanatory variables. In particular, the presence of children and
distance to a major airport had different roles in the modelsexamnple, the presence of
children acted as a barrier to membership in thentiaiing regime for air travel, but it
was a facilitator for car travel. On the other hand, it was negatively associated with the
number of trips in both modeNot surprisingly,accessibility to airports does matter. As

distance increased, both the probability of membership in thenakpng regime and the
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count of trips were diminished for air travel, but car travel exhibited the opposite effects.
In addition, it is not aboutcaessibility merely to any nearest airport (a variable that was
tested and found insignificant). Rather, accessibility to major airports, which provide
greater flight frequencies and more destination options, appears to be more important. A
profile analyss of the two zero groups and the rmero group showed clear differences
across all three groups with respect to both instrumental factors (e.g. income, age, and
presence of children) and attitudinal factors (e.g. trlkielg and precarowning), in

expected but still informative ways.

The two types of zeros identified in this study could be of interest to several types
of actors, including planners/policymakers, environmental groups, and the tourism
industry, as well as researchers specializing in ebitifose areas. The structural zeros call
for deeper investigation into their sources, specifically the extent to which people never
make domestic leisure lordjstance trips due to constraints (which points to an association
with social disadvantage) vesslack of interest/motivation (which is a matter of personal
preference). In particular, those with constrdiased structural zeros fair travel would
tend to have a limited range for their ledigtance leisure travel. For the incidental zeros,
on theother hand, it is desirable to understand the factors contributing to making more or
fewer trips. But while the questions may be similar, the uses to which the answers would
be put may differ by entity. Environmentalists may wish to discouragedstance travel
(especially by air); the tourism industry wishes to encourage it (both by increasing the trip
frequency of tripmakers and by nudging some people out of the-zgraegime); and
policymakers may wish to balance wb#ing, social disadvantagenvironmental, and

economic considerations.

171



4 5.2 Limitations and directions for future research

The decomposition of zeros into permanent or structural zeros versus occasional or
incidental zeros is suitable for many contexts in behavioral studies. Spegifealysts
are often required to explain both whether people participate in a particular activity at all,
and how much they do so, with different processes governing each of those decisions and
with an inability to observe whether a zero is permanemowiental. For example, we can
expect that some ki nds -psharedmabipty (eg. WberiLyft, A n e v ¢
e-scooter, ebike),es hoppi ng, teleworking, etc., while
use it during the study period. As witlther studies taking a similar approach, such as
Alemi et al. (2019), it will be worthwhile to apply the method to those empirical contexts.
As noted in Sectiod.3 zerginflated and hurdle models are both candidates for addressing
Afexcessived zero issues, but they work on
mechanisms. Hence, researchers should exercise care in choosing the method and

interpreting the resudt to adduce proper implications from the empirical context.

The present study has several limitations, which point to fruitful directions for
future research. It focused on the numbearofdomestic leisure overnight trips by each
mode. However, decisns on the number of trips and travel mode are expected to heavily
depend on a particular origatestination pair (for example, decisions for AtlaGdando
and AtlantalLos Angeles could be different). Due to the limited information in the survey,
the stuly could not account for such specificity, and thus is not capable of addressing how
people make decisions on travel mode given the particular choice situation. Further studies

may delve into those issues.
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Along the same linesnultiple purposes are oftenvolved in longdistance travel
(e.g. a leisure purpose can be added to a business trip). The survey did not capture such
mixed purposes, and indeed the present study focused on trips whose primary purpose was
leisure. In this regard, it would be desimltbr future research to analyze mixagrpose
long-distance trips or interactions among multiple purposes in thedstance travel
context.Another limitation of our survey is that it did not measure trip durations. There
could well be a tradeoff betwa frequency and duration, with some pedpleerhaps
especially families with children (as a reviewer pointed dut)aking fewer but longer
trips. It would be useful to measure both frequency/counts and duration, and model them

jointly.

With respect to mdeling, we estimated the share of those who systematically
generate zero trips. Although we were able to profile the members of the structural zero
trip regime to some extent, our gengpatpose survey did not measure -libag
experiences of londistarce travel, nor explicit reasons for not making lahistance trips
(such as fear of flying, or geographic ext
variables should be measured by designing a speaipbse survey. For example, Graham
and Metz 2017) presented the shares of the-ssghorted reasons for being ntiyers (e.g.
budget constraints, flying is not an option, preferring other modes, etc.). Tackling the issue
of the missing informationthe present study relied on modeling, resultingthe
probabilistic classification of people, instead of being able to exploit an explicit indicator
that could deterministically classify them. There is no formal way to demonstrate that our
(probabilistic) classifications analid, without an indicator fathe ground truth. At best,

we can check the goodness of fit of the model and confirm that it explains the data
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significantly better than a simpler model. Thus, this caveat remains in the method (in fact,

this issue is embedded in any type of latent atasdeling).

Two remar kabl e Ai nterventionso ar e pr
nowadays, and they have implications for lahgtance travel. Autonomous vehicles
( AVs) e n afbrl ee ¢ htarnadvaw breatet chnuemiencesandaa@mfort for long
distance trips and particularly allowing the passenger to conduct other activities while
traveling (cf. LaMondia et al., 201&im et al., 2019; Perrine et al., 2020). Hence AVs
can provide the benefits of both air travel (e.g. comfort, no need to datreities while
traveling) and car travel (e.g. privacy, less expensive for groups,lavailai t y of oneé
car at the destination). We speculate that AVs will ultimately reduce the share of people
belonging to the structural zetop regime. For exaple, some of those who do not make
long-distance leisure trips by car because of their high value of time and resistance to long
distance driving may benefit from hanfilee car travel. In addition, some of those who
cannot travel by air because of thecprof airfare, living far from the airport, and having
mental/physical barriers to flying will take advantage of AVs. Another intervention is the
COVID-19 pandemic, which is significantly affecting ledgstance travetelated
industries. We expect that (D -19 creates both types of zero trips for latigtance
travel. A firstorder impact is to generate temporal or incidental zeros. This is mainly
because of travel advisories/ prohibitions/ fliginidevent cancellations as well as fear of
contact with dhers. Making zero trips due to these reasons may not last as conditions
eventually return to a new normal, and hence, those zero trips are expected to gradually
change to trips. In the neterm recovery period, some people are likely to travel at even

higher frequencies than before, due to the release of suppressed demand and as postponed
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events are rescheduled. This study is unable to explore the effects of these two

interventions, but they are fertile areas for future research.

Lastly, the study contexd specifically the U.S. state of Georgia. We can conjecture
that longdistance travel behavioral processes will vary across states and countries as we
already hinted in Sectiof.4.3in comparing our results with those of Graham and Metz
(2017). Aside from the fact that demographics and economies differ across region, we
particularly expect that the geographical locations of major airports, the size of the airports,
and the destination options in adjacent regions would matter. Recall that Georgia has the
ATL airport, which has the largest passenger flows in the U.S. (and among the highest in
the world), and thus other airports may have smaller catchment areas (ntbanitigp
effect of accessibility may be smaller). In addition, European or Asian contexts, which are
geographically more condensed and have substantial rail passenger flows, may produce
different stories for longlistance travel, such as different sharfethe structural zertrip

regime, roles of modes, and size of airport catchment areas.
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CHAPTER 5. LATENT CLASS MODEL SWITH AN ERROR
STRUCTURE

Paperitle: Latent class models with an error structure: Investigating potential dependence

between latent segmentatiand behavior generation

5.1 Introduction

In the year 2000, James L. Heckman and Daniel L. McFadden w@véiges
Riksbank Prize in Economic Sciences in Memory of Alfred NobEteir main
contr i buforhsinide ovle naeveldmdnt of theory and methods for analyzing
selective samples ( e mp h a s i sfor ks dVee dF)a d alewahopriet of theory
and methods for analyzirdiscrete choicé@ ( e mp h a“d indeedatheid thedrjes and
methods are now ubiquitous and Bgwovided major horsepower to research in various
fields such as economics, other social sciences, and transportation. Their seminal works
are distinct, but interrelated. Heckman recollected the background behind his development
of methods in his Nobel Re lecture (Heckman, 2001,.p6 8 6 ) : AThe two se
available to me were classical Cowles Commission simultaneous equations theory and
models of discrete choice originating in mathematical psychology that were introduced into
economics by Quandt 956, 1970), McFadden (1974, 1981), and Domencich and
McFadden (1975). My goal was to unite these two literatures in order to produce an

economically motivated, low dimensional, simultaneous equations model with both

“2The Sveriges Riksbank Prize in Economic Sciences i
Nobel Medi a AB 20h2tOt.p sT:u/e/.wwBw .Jnuonb e2l0px0i,ze. or g/ pri zes/
sciences/ 2000/ summary/
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discrete and continuous endogenous e that accounted for systematically missing
wages for nonworkers and different dimensions of labor supply within a common
framework, that could explain female labor supply, and that could be the basis for a

rigorous analysis of policies never previouslynp | e ment ed. 0

Not only is discrete choice analysis embedded in sample selection models, but also
the sample selection approach is closely related to endogenous sampling and relevant
statistical treatments in discrete choice analysis, when the standandpai®n of random
sampling is violated (McFadden, 2001) . Ad
studies (McFadden and Train, 2000) demonstrated the power of mixed logit models by
showing that any discrete choice model derived from random utility mzedion can be
approximated as closely as desired by a mixed logit model. An important comment in the
study pertains to thiatent class modelwhich is our interest in thishapterit is a special
case of mixed logit where the mixing distribution hastéinfinstead of continuous)
supports. Our study exploits the fundament
as connecting some of the major ideas embedded in both the latent class model and sample
selection. Al though H ea kanarigiGaly deviaeoh forl lieears e | e ¢

regression problems, it has been extended to many cases including choice problems.

As indicated, in this study we focus on latent class modeling. A basic idea of latent
class models in behavioral modeling is to introduce a finite mixture into the discrete choice
model (or any other outcome model) and to probabilistically segment thdesarg
(latent) subgroups that have different behavior functions. Latent class modeling (or finite
mixture modeling) has been widely used in various applications such as residential location

(Wal ker and Li, 2007) , h e a Ra09), pwchasechanrieli | i z a
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choice (Tang and Mokhtarian, 2009), rail ticket purchase timing (Hetrakul and Cirillo,
2013), financial satisfaction (Brown et al., 2014), obesity (Greene et al., 2014), college
choice (Schmidt et al., 2019), choice of financialiadrs (Amaral and Kolsarici, 2020),

and so on. In particular, transportation has been an important application domain for latent
class modeling, involving topics such as mode choice (Bhat, 1997; Vij et al., 2013), vehicle
ownership (Anowar et al., 2014;ild and Mokhtarian, 2018), preference for bus fare
structure (Hess et al., 2013), and crash analiisy et al., 2012; Yasmin et al., 2014). A
more comprehensive review is available @HAPTER 2 Its popularity is mainly
attributable not only to its performance, but also its conceptual attractiveness for treating

various types of heterogeneity (Hess, 20QHWAPTER 2.

One of the major differences of latent class modeling from other discrete
segmentation models is, as we can infer from the name, that we do not know the true
indicator for segmenting the population. Interestintjigre are a few implicit assumptions,
whose tenability has been rarely discussed, associated with most latent class models. As
noted in CHAPTER 3 a particular assuaption of interest in this study is that the
membership and outcome models iadependen(i.e. those two behavioral processes are
not associated and thus their error terms are not correlated). This is a crucial difference
from sample selection modelinghich postulates that sample selectivity is endogenous to
the outcome equations, aside from the other difference that typical sample selection models
have a known group indicator (which is not the case for latent class models). What if the
mechanisms goveing how people belong to segments and how people generate behaviors

share common unobservables? This could be likely in many coritefigts example,

suppose it is revealed that there are he
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maintaining healthy gactices. If we model the number of walk/bike trips, such a model
will likely share unobserved characteristics with membership in those segments. In this
case, the propensity of belonging to the healits class and the propensity to generate

walk/bike tips could be positively associated.

In other words, we want to combine the main ideas of latent class modeling and
sample selection modeling (or the endogenous switching model). To this end, we
incorporate an error structure into the latent class modeling framework. There have been
several ypes of latent class models incorporating an error structure. Errors could be
correlated across decisions by an individual (Vij et al., 2013), across alternatives (Wen et
al., 2012), between joint choices (Vij et al., 2013), and between an endogenohk varia
and the error term (Maness and Cirillo, 2016). However, another possible avenue, which
we discuss in thichapter is to have an error structure between the membership and
outcome models. As noted by Greene et al. (2014), this approach resemblagctiiegsw
regression model , but the key difference
unobservedGreene et al. (2014) is the only attempt we are aware of that questions the
implicit assumption of independence for latent class models and preoidessupporting
results. They proposed this approach, in particular with two latent classes, and applied it to
obesity analysis in health economics. The present authors are unaware of discussions about
the validity of the independence assumption elsewheotuding in the transportation
domain, despite the numerous applications of latent class modeling. Hence, this study aims
to introduce this approach to transportation analysts and -ldsss model users, to

propose models, and to demonstrate empigpplications with two different examples. In
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addition, our study provides key equations (including for marginal effects) and discusses

subtle but important methodological implications of the proposed approach.

The remainder of this chapter is organizeddi®ws. Section5.2 proposes the
modeling framework. In Sectioris3and5.4, we apply the proposed methodology to two

empirical contexts. Sectidn5summarizes the findings and discusses future directions.

5.2 Methodology
5.2.1 Model formulation

This studyderivesequations fortwo latent classesandtwo types of outcone
binary or ordinal Let us start with the membership model (or selection model). Suppose
there are two segments in the populatisnive formulate a binary probit model (i.e.
assuming normality of the error term), the membership propensity and probabilities are

given by Egs(5.1, 5.2, 5.3).

a F)» 0, (5.1
ba p B, (5.2)
0 m p V& p p BFH B F, (5.3)

where"Gndexestheindividual, & is a latent variable determining class membershifis
a vector of membership variables,s a vector of membership parameters, anis an
error term. Throughout thehapter %0 O andlz O denote the standard normal density and

cumulativeprobability functions, respectively. i 1 an individual belongs to class 1
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(@ p), and otherwise belongs to class® ( m). The classspecific outcome utility

functions are:

W Lo - (5.4)

o s -, (5.5)

wheredS denotes the latent outcome propensity for ctags or 0),= is a vector of
explanatory variablesjis a vector of parameters, antg an error term. Thenconditional
(marginal) outcome probabilities, Ed.§), can be obtained by sunmg overa the joint
probability of belonging to clags ~ pht ) and obtaining an outconee  phrt if binary
and phcha&h @80 if ordinal). Each of the overall probabilities will be specified

shortly.

~

0o "@hR Oa pw @R Oa mH @R (56

The heart of the proposed methodology is to introduce an error correlation structure
over the equations for joint modeling. The error terms irsylséem are assumed to follow

the trivariate normal distribution, as in Egj7):

(5.7)

Here, the variances d@f, - , and- are fixed at 1 for identificatiorf. and”

correlate the unobserved variables associated with the membership model with those of the
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respective outcome models. Note tha tovariance between and- is fixed at zero

since everyone can belong to only one of the two classes and thus the correlation is
unidentifiable. As noted by Greene (2012), the choice of zero is merely for convenience

and it does not play a role the estimation of the model coefficientis error structure,

in fact, is equivalent to that of tledogenous switchingodel (cf.Cameron and Trivegli

2005 Greene et al.,, 2014HAPTER 3 a variation oamplédeck ma
selectionmodel (in which, originally, an outcome was observed for only one of the two

segments; Heckman, 1979).

Allowing the error structure in the modeling system (specificabyween the
segmentation and outcome equations) calls for some important remarks. The standard
latent class model is formulated with (finite) mixture modeling, which implies that Egs.
(5.4) and 6.5) areconditional(on class) distributions and and- aredefined over the
subpopulationsf class 1 and class 0 respectively. On the other hand, thesat method
takes the nature of a latent class model by treating the class membership indjcagor (
latent, but at the same time, it takes on endogenous switching model characteristics. In the
spirit of the endogenous switching model,and - are defined over thegopulation
becausea, which is correlated with and- , is defined over the population (Maddala,
1986)#3 In this case, Eqs5(@) and 6.5) are specified at the population (rather than the

subpopulation) level and we obsedeonly if & mand® only if & 1T

provided the inspiration for this &
apmear (@gx5pndist tchlea sfsi nmotdee | mil xi ttuerrea/t|
i nge nabelrasthalnpt avsa ra afbd rec tfioan cd fa sbso tnmh
her

43Gree|ada.et( 01
example, t

explicitly def n
e

unobservabl es, eby allowing the equations defir
corréHawedephridei te midomaywrienmodelce confusion. Il nd
met hod can be considered | atent c¢class modeling and
that the model contains finitrtall aprecesclkas¢es flartc:t
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The joint choice probabilities are as follows:

In the binary case,

0& pho psEhp B oREsR
0a mho pskhy B s oREah”
ba pho mkhr B FohLah”
- - 8 . . (5.8)
0g mw mwEhy B FohLal
In the ordinal case,
0 & pho psthy B s h' y Lo A
0a pho Qg B £h' 7 £a R
B 7 2h* LA
0 R & - - 59
ba pho wkher B R 5 La R (59)
04 mhd psEhe B Fohty £a R
Gd T[F[A,.) T@F}f B ?ﬁﬁ‘ ﬁ éﬂ ﬁn
5 qht s AR
0 5 o ~ - 5.10
ba o Gekhr B g 5 Lo F (510

wherels O denotes the bivariate cumulative standard normal distributigrrepresents

the "&h threshold parameter of clagsand the other notation is as defined earlier. Given

However,
endogenous

statistically
switching mo

all owing
y than to



the joint probabilities and marginal probabilities of membership, the -sfsesfic

conditional choice probabilities are given by E¢sl]) and 6.12).

© @& phthy

CA

, and (5.11)

=

o & mhEhy _ (5.12)

CA

The joint probabilities are equivalent to bivariate probit models. In conventional
bivariate probit models, however, we know the choice indicators for both dimensions,
whereas fre one of the dimensiondadent If ” and” are zeros, the models are reduced
to standard latent class models with a probit link function (instead of the usual logit link,
cf. CHAPTER 3. Hence, in this caséhe joint probabilities are just the products of the two

associated marginal probabilities.

Returning to the more general (error correlation) case, thikigdhood © ) can
be obtained by summing the logged marginal probabilities of the chosemestover

individuals (binary and ordinal respectively):

00 B ol Do pshy p ol Do mth * (513

00 B B 0w Qbwew @hm , (5.14)

) n tpier ieemal application (Study 2), tewd drdodele wihlel
| olgi kel i hownddtéhuen catsissummpbipenaofelgi s ult & ome .edhasi o8
a type of confirm@HAPY EBaREHAMRIT B&In&dls § smadeall egous t

at i

o}
i nfl ed emad dseeld. |ITikkeelri hood equabi#4#n wil. be provide
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ph' Q@ Q

whereQw 0w teni 0 Qi Q

For statistical inferengewe calculate standard errors via bootstrapping that
provides asymptotically consistent estimat&motstrapping approximates the distribution
of a statistic by a Monte Carlo simulation. In other words, the basic idea iestimate
many times on different samples taken from the original sample (with replacement). This
bootstrapping method also i on asymptotic theory like other conventional methods
(Cameron and Trived2005) The asymptotic covariance matrix based on bootstrapping is
as follows:

WP PP P P (5.15)

where @ indexes bootstrapsc phef8 F9), P* indicates the vector of estimated
parameters) hafi’ i for thecw bootstrapped sample, aRd is the average of th

bootstrapped estimates.

A major decisions the number dbootstrapswhich has been discussed in several
studies (e.g. Efron and Tibshirani, 1986; Davidson and McKinnon, 2000). In this study, we
employ 500 bootstrapsvhich isconsidered sufficient. For details about the bootstrapping
method, please refer to Bfr and Tibshirani (1986), Greene (2012), or Train (2009). One
of the drawbacks of using bootstrappimgestimationtime, since we need to repetie
estimation process multiple times with resampled casea partial remeg, we employ

parallel computatio (i.e. giving computation tasks to multiple cores instead of e
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study uses 40 logical procesgorSince each computation task (i.e. estimation of each
bootstrapped sample) does not need to communicate with any others (i.e. no dependence),

parallelzation is particularly straightforward and beneficial.

5.2.2 Marginal effects

It is often of interest to see how choice probabilities change with respect to changes
in an explanatory variable. Here we present several derivatives of probabilities (i.e.
partiallmarginal effects) with respect to variables of interest. For the binary case,

derivatives of the joint probabilities with respectio andd® are given by:

L
%o » B =T | (5.16)

: (5.17)

and analogously for the remaining combinations of valueg &md

Derivatives of the choice probabilities conditional on membership &for ph

@ p), with respecttao andw , are given by:

: — — ka g TPy (5.18)
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0a phdo pz

B & dJh=a R %oTr ) | (5.19)

TP

The cerivative ofthemarginal membership probabyliffor &  p) with respect tav is:

—— %o 0. (5.20)

As a special case, when the membership and outcome models are independent (i.e.

” T[),
h LA %op ) B LA |, (5.21)
h ?J’H:ﬂh %oéﬂ BfﬁT , (522)
A
$
— %L BT %ot (523
_
and similarly ford  mtwhen” U



Hence, when membership function and outcome function errors are uncorrelated,
the derivative of the conditional outcome probability with respect to oitgexplanatory
variables is reduced to the marginal effect of a simple binary probit model (ieffebe
on the outcome probability is independent of membership, as expected). The derivative of
the conditional outcome probability with respect to one ofthe mb er shi p f unc!

explanatory variables is O:

S — L
B?ﬁl\?,éﬂ — %oTF ) |
%o ) B = |
i 524
Béﬂ %ofﬁ| 1! (5.24)

TP

It is worth noting two things. First, the derivations above are for cabese
variables in the membership modgl X and outcome modedy are mutually exclusive. In
other words, variables do not have double roles in both models (otherwise, the derivatives
would need to account for their role in both models). Second, wheariable is
transformed in the model, an additional term is required. For example, in Study 2,

(population density) is actually modeled withto  and thus to calculate the derivative

with respect to the original variable—— %03 » | 2 —— by the chain rule

(— ——wherei | to and— —). This applies to other derivatives as well. For

the ordinal case, the derivations are basically the same, after making the logical

replacements in the bivariateopit derivatives.
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5.2.3 Overview of empirical applications

In this study, we present two empirical applications of the proposed methodology.
We want to note several things before getting into the empirical results. First, our case
studies do not necessarilyrato demonstrate the superiority of the proposed method over
conventional ones. For example, although the proposed method has, in theory, a more
realistic assumption (relaxing a previous restriction), the goodifdgsimprovement
could be marginal. lour applications, the goodnegtfit and parameter estimates turned
out to be fairly similar between the standard and proposed models (we will discuss the
reason for this in Sectidh5.1). However, we will show how the proposed method could
exhibit different behavioral implicains. In addition, in both cases, although we attended
to conceptualization based on the literature and experimented withusamodel
specifications, the final models may not be necessarily the best ones for explaining the
behaviors in question. Rather, we aim to present the potential of the proposed method for
travel behavior applications. Particularly, variables related torginge transportation
services are selected (ridehailing services and autonomous vehicles, AVs). This is because
although they have gained substantial attention recently, factors related to use of ridehailing
services and willingness to use Adased serviceare relatively less studied. Hence, we
may not be able to correctly specify the models and thus there could be greater potential
for having substantial influence of unobserved variables (or, variables that are in fact
observed, but inadvertently omittéfdm the models). If so, specifying error correlations
might be helpful.Figure 5-1 illustrates the two modeling frameworks; details will be

delineated in the followingubsections.
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Study 1. Study 2.
Modeling willingness to share AV rides with strangers Modeling use of ridehailing for “social purposes”

All sample Ridehailing users
Segmentation " Segmentation
process process
Crass o

h

®
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¥(=123) y(=1.23) y=1 ¥

Figure 5-1. Conceptual diagrams of the two empirical models

5.3 Empirical application (1)

Study 1. Modeling willingness to share AVs with strangers (ordinal outcome variable)

5.3.1 Background

Studies on autonomous vehicles (AVs) have proliferated over recent years,
demonstrating the lofty expectations regarding their potential impacts. Since the primary
goal of this study is to show an application of the proposed method, we do not present a
fine-grained snapshot of AV studies here. In this study, we are interested in the willingness
to use AVs, particularly for ridehailing and even more particularly for sharing a ride in one.
In other words, we want to learn not just about the willingness téJsdor ridehailing
services (i.e. sequential sharing), but also about the willingness to (simultaneously) share

the ride with strangers (as in currendlyailable UberPOOL services). It is important to
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envision such willingness because, although evargths uncertain yet, A\based
dynamic ridesharing is considered to be a competitive business model that might affect
overall vehicle ownership and vehicle miles traveled (e.g. Fagnant and Kockelman, 2018;

Gurumurthy and Kockelman, 2018).

Due to its importace, several studies have examined the willingness to use AVs.
However, there are some variations because the measurement scales and AV use
configurations vary across studies. Barbour et al. (2019) modeled the binary willingness
(yes/no) to use shared A(SAVs; eg.t he wi llingness to share
strangers, or to share an AV ride with strangeiish a random parameters logit model.
Lavieri et al. (2017) jointly modeled interest in AV adoption (with options of no interest,
AV sharing only, AV avnership only, and both AV sharing and AV ownership; the
meaning of sharing was not specified), current behavioral choices, and vehicle ownership.
Nazari et al. (2018) developed a multivariate ordered probit model of the level of interest
in private AVs ad four types of SAVs (renting an AV, using an AV with and without a
backup driver, and using an AV for a short trip to get to a vehicle; the presence of strangers
in the vehicle was not specified). Lavieri and Bhat (2019) conducted a stated preference
surnwey to see tradeoffs between solo and shared options (with strawpers)choosing

AV rides.

Although relevant studies are available, the current study mainly focuses on the
general willingness to share AV rides with strangers and takes a different megjcalo
approach which aims to identify distinct segments having heterogeneous sensitivities to
factors. Note that there could be volatility in general willingness, given the uncertainty that

is embedded in any AV study. The current study collected da281#2018 and thus

191



general willingness was measured based on-2018 knowledge about AVs. In addition,

the COVID-19 pandemic brings another dimension of uncertainty. The general willingness

to share rides could be reshaped based on thgppast d e nw cn ofirnnea | 0 . For e
aside from supphgide issues (e.g. how ridehailing companies change their operation
strategy), a sizable number of consumers may not fully lose their fear of exposure to the
virus. It is not clear to what extent the general williags will change, but we can certainly

expect it to be lower, to some extent, than if we had not had the pandemic.

5.3.2 Data and modeling approach

This study employs the GDOT ddfectionl.2.3. In the AV section of the survey,
respondents were asked to respond to the st
passengers who are stranger s tlevelopgonWasi ke U
providednl(inkelrywo to Avery |I|ikelyo), but W
(Aunli kelyo, fisomewhat | ikelyo, and dli kel
papers using the same dataset, but envisioning AV futures from different angles such as
shortterm mode use propensities (Kim et al., 2819o0ssible migterm behavioral
changes (Kim et al., 2020a), and longerm residential and vehicle ownership changes

(Kim et al., 2020b).

For descriptive purposes, the sample was initially weighted to represent the
population omine selectedrariables Kefer to Kim et al., 2019 for more details about
weighting;however, the data were not reweighted, nor were factor scores restandardized,
after some cases were excluded due to missing data or ineligibility). For simplicity (and

reflecting the fact that models portray conditional relationships between variables rather
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than absolute distributions, and therefore that population representagivisndsss
important in that context), the models were estimated on the unweighted alaleb-1

shows the descriptive statistics for the unweighted and weightedesasga in Study 1.

The basic model structure is as illustrateBigure5-1. Among the major decisions
related to latent class modeling, we need to determine menbéastors and outcome
factors As noted iInCHAPTER 2 such model specification issues are is -t&ftsn
discussed in the literatel In the early generation of matikw literature, no prior
information was used for segmentationi.e. segmentation was modeled with only
intercepts and thus every individual had the same class membership probabilities
(Kamakura and Russell, 1989). Gupta and Chintagunta (1994) intddleanographic
information for segmentation in latent class models. Swait (1994) provided a conceptual
framework for the latent segmentation model, where class membership is formulated with
general attitudes/perceptions as well as sdelmographics. Kimrad Mokhtarian (2018)
employed attitudes as the segmentation basis of the latent class model, based on the premise
that attitudes moderate the effects of satgonographics and the built environment on the
vehicle ownership decision. In this application, felow the approach of Kim and
Mokhtarian (2018) and thus specify attitudes as the segmentation basis on the expectation
that they moderate demographic effects on the outcome. Again, the primary goal of this
application is to illustrate the proposed methther than to find the best model

specificationper se hence the final solution may not be the best one.
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Table 5-1. Descriptive statistics of the sample (Study 1, N=3,215)

Variable Category Unweightedshare Weighted share
Willingness to share AV Unlikely 0.706 0.697
rides with strangers Somewhat likely 0.183 0.182

Likely 0.111 0.121
Gender Female 0.487 0.518
Education High school or less 0.126 0.316
Some college 0.295 0.322
4-year degree dnigher 0.579 0.362
Age 1844 0.193 0.402
Use of ridehailing services Have used ridehailing 0.344 0.398
Variable Category Unweighted mean Weighted mean
Attitudes® Pro-no-carmodes 0.004 -0.007
Techsavvy 0.014 0.180
Urbanite -0.001 0.132
Sociable -0.001 -0.039

a. Attitudes are estimated factor scores (standardized) obtained by applying factor analysis to attitudinal
statements. Statements highly loading on each factor, with thdindsa are reported ifiable1-1.

5.3.3 Results

Table 5-2 exhibits the estimation results of two models: a stahdgtent class
model, and a latent class model with correlated errors. At a glanceydhmodels are
similar to each other with respect to their estimated coefficients and firhkédigood
values. They also produce consistent parameter interpretafiovo latent classes are
identified as a function of attitudes. Class 1 consists of those who are relatively less
favorable to norcar modes, less tedavvy, less urbanite, and less sociable. In both
models, class 1 has notable features. As showmle5-3, class 1 mostly produces the
conditionalc h oi c e odT eviegrunmote drisgchlly in the proposed model than in the
standard latent class model. Considering that most estimated pargmeateps intercepts)

in class 1 are not statistically different from zeros, the latent class models have
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di stinguished a group ohwipleloiph@o whaithamhar & s
strangers regardless of any factors included. Unlike clasasEDgresents average choice
probabilities more distributed over the alternasivand has significant sensitivities to

factors. Males, more educated, and those who have used ridehailing services are more
willing to share AV rides with strangers. Femalesyrhe, on average, more afraid of taking

rides with strangers and education might be associated with familiarity with new
technologies and AVs. Experiences with using ridehailing services would give individuals

more confidence in taking a ride with strargje

There are several differences between the two models. First, the proposed model
presents a negative error correlation for class 0 that is statistically significant at the 0.01
level. This means that unobserved variables that increase the propehsiyno to the
Astructurally unwill iond &qg. 6.1)atend to feduceethe t hat
propensity to share (i.e., decreaseof Eq. 6.5)) for people who actually belong to the
ipotentially willingo class. Thus, he neg
This is an important finding, that dependency between latent segmentation and behavior
generation is corroborated in this empirical context. Due to this error structure, we observe
that the two models bring about different results. For example, we camtdmdt the two
models even give different pictures in a scenario anakygjare5-2 presents the expected

effect of the preno-carmode attitude (a membership vénlg) on the conditional and joint

“0On the other hand, if the ssameaplomiieidvies cladp pbeel ad i D¢
counterintuitive. Although the esti maft et daksemoat sfnead
val ue, however, the opposite signs of the two error

the propensi ty atismogb ed etmo cd eacsrse als e( itnhce eveialg) i hgness t
class dctlad) exwhi lcer é myg)r daosilniy adisa |(liiedhegn tnigf yt os uc h
factobwt itmherphmenpuneme® np dojsussitb leebsehareidalmee can have
coefficoppbsi we hténwiog nosu ticre(meh emoedbeyl dheonwo nvsat lruaattbidneg i t
hasegment €d model s
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choice probabilities for class 0. The slope of the tangent line at each point of the graphs is
the marginal effect of the selected variable that is derived in SécRoAs the preno-

carmodes attitude becomes stronger, the expected conditional choice probability of being
Aunl i kely to shareo decreases and probabil
are constant in thetandard latent class model (this is already derived in Segt®#pnin

other words, when there is no endogeneity, the standard latent class model is not sensitive
to factors related to segmentation, whereas the proposed model is. This demonstrates that
even if the standard and proposed models have seemingly similar parameter values, they
may produce different implications for prediction. For instance, in this iddke,overall

attitudinal propensities are changing over the years, then the landscape of classes would

change and the distribution of their behavioral decisions as well.
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Table 5-2. Estimation results of Sudy 1 (N=3,215)

Standard latent class mode

Latent class with error

correlations

Membershipcomponet (for class 1)

Estimate t-value Estimate t-value
Intercept 0.454 1.71 -0.068 -0.22
Pro-no-carmodes -0.711 -3.35 -0.523 -3.17
Techsavvy -0.191 -1.42 -0.140 -1.45
Urbanite -0.312 -2.38 -0.241 -2.35
Sociable -0.232 -2.57 -0.175 -2.59
Outcomecomponern (class 1)

Estimate t-value Estimate t-value
Intercept 1 | 2 1.125 7.90 0.917 4.23
Intercept 2 | 3 1.759 10.36 1.288 4.80
Gender(female=1) -0.312 -1.31 -0.399 -1.22
Education (college=1) -0.232 -0.66 -0.344 -0.83
Educationp a ¢ h e | graduéts=1) 0.039 0.20 -0.053 -0.23
Age (1844=1) 0.025 0.12 -0.005 -0.02
Have used ridehailing services (=1 0.342 1.73 0.190 0.61
Outcomecomponet (class0)

Estimate t-value Estimate t-value
Intercept 1 | 2 0.275 1.31 0.143 0.69
Intercept 2 | 3 1.273 7.34 1.046 5.99
Gender (female=1) -0.302 -2.60 -0.235 -2.28
Education (college=1) 0.489 2.68 0.402 2.17
Educationp a ¢ h e | graduats=1) 0.463 2.81 0.403 2.95
Age (1844=1) 0.117 0.90 0.084 0.78
Have used ridehailing services (=1 0.442 3.61 0.418 3.95
Error correlations
Rho parameter (class 1) - - 0.375 1.80
Rho parameter (clag} - - -0.474 -2.64
Summary
Class share (class dlass § 0.632 0.368 0.451 0.549
Number of parameters 19 21
Log-likelihood at zero -3532.0385 -3532.0385
Log-likelihoodat convergence -2397.3835 -2394.8090
McFadd#&nos R 0.3212 0.3225




Table 5-3. Average marginal, conditional, joint choice probabilities

Standard latent class model Latent class with error correlatios
Unlikely Somewhat likel' Likely [ Unlikely Somewhat likel' Likely
Marginalchoice (class 1) - - - 0.873 0.060 0.067
Marginal choice (class 0) - - - 0.403 0.329 0.267
Conditional choice (class|| 0.877 0.085 0.038 0.938 0.034 0.028
Conditional choice (class|| 0.438 0.348 0.215 0.555 0.295 0.150
Joint choice (class 1) 0.558 0.051 0.023 0.444 0.018 0.015
Joint choice (class 0) 0.152 0.130 0.086 0.266 0.164 0.093
Conditional choice probabilities Joint choice probabilities
0.6
0.34
E 0.4 E 0.2
<} o
o a
0.14
0.2+
0.04
2 1 [ 1 2 2 A1 0 1 2
Pro-no-car-modes Pro-no-car-modes
= mmm P (y="Unlikely’' | class=0) P (y="Unlikely’| class=0) = mmm P (y="Unlikely’ & class=0) P (y="Unlikely' & class=0)
(no error correlation) (with error correlations) (no error correlation) (with error correlations)
P (y="Somewhat'| class=0) P (y="Somewhat'| class=0) P (y="Somewhat & class=0) P (y="Somewhat'& class=0)
(no error carrelation) (with error carrelations) (no error correlation) (with error correlations)
= P (y="Likely'| class=0) s P (y='Likely’| class=0) = P (y="Likely’ & class=0) P (y="Likely’ & class=0)
(no error correlation) (with error correlations) (no error correlation) (with error correlations)

Figure 5-2. Scenario analysis of the impact of the prmo-car-mode attitude on class
06 s c prababiites
5.4 Empirical application (2)

Study 2. Modeling ridehailing use for social purposes (binary outcome variable)

5.4.1 Background

There is a growing body of literature uncovering behaviors related to the use of

ridehailing services. A few studies have started to analyze actual trip data to understand
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general trip characteristics (e.g. Dias et al., 2019; Yan et al., 2020; Soria 2024).
However, important variables such as user demographics and detailed trip information are
usually missing in such actual trip data. Such data can play useful roles, but they lack the
ability to improve our understanding in key ways. An importaaetgiof information, we

think, is trip purpose. Why do people use ridehailing services and what factors motivate

them to ridehail for such purposes?

Ridehailing usually exhibits an evening/nigigak of trip generation that is distinct
from other modes. Foexample, demand peaked aroun8 pm and exhibited a high
plateau in the late evening in San FrancisCastiglioneet al., 2016). Dias et al. (2019)
reported that 55% of RideAustin trips were at night (107am). From this fact we can
infer that manytrips might be for personal/social purposes. Several studies presented
descriptive statistics for trip purposes. Young and Farber (2019) used a household travel
survey in Southern Ontari o, Canada, and f
entertainmat, personal business, social and recreational trips) comprised about 28% of the
ridehailing total (this is substantial gi ve
trips). Tirachini and del Rio (2019) surveyed residents in the Santiago (@leilepolitan
region in 2017, and found that the most common purpose of ridehailing use was leisure
(55.4%) followed by work (17.4%) and others. This findintipat the major trip purpose
of ridehailing users is leisure/socials consistent with other dlies (e.g. Clewlow and
Mishra, 2017; de Souza Silva et al., 2018). A limited number of studies aimed to model
trip purposes. Dias et al. (2019) employed RideAustin trip data for modeling the number
of ridehailing trips by destination trip purpose; theyeméd trip purpose based on land use

characteristics of trip origins/ destinations since trip data do not have such information.
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Lavieri and Bhat (2019) is the only study we are aware of that aimed to identify factors
affecting trip purpose. Using a samfriem the Dallas~ort WorthArlington Metropolitan
Area of Texas, they developed a multivariate multinomial probit model of several
characteristics (including purpose as well as tofiday, companionship, and se#fported

mode substitution) of the indddiu al 6 s | ast ridehailing trip.

5.4.2 Data and modeling approach

This study employs the GDOT daf8ection1.2.3. Aside from the fact that the
Study 1 and Study 2 used pally different variables, this study uses only a subset of the
sample (people who have used ridehailing services), given its focus on the purpose of
ridehailing trips Table 5-4; the data were not reweighted, nor were factor scores
restandardized, after some cases were excluded due to missing data or ineligibility). In the
survey, respondents were asked to check the purposes of the trips that they had made by
ridehailingor shared ridehailing services. The dependent variable is a binary indicator of
whether the respondent (who has used ridehailing services for any purpose) has used either
ridehailing or shared ridehailing services for any of shopping/eating/drinkind/socia

recreational purposes.

In this study, we hypothesize that some people use ridehailing services only for
mandatory (e.g. workelated) or occasional events (e.g. airport, sports event), while others
use them for a wider array of purposes including $qmigposes. Accordingly, in the
context of identifying the relevant factors motivating people to use ridehailing services for
more general purposes, particularly social purposes, we speculate that there is a type of

person who has a greagastentialof using ridehailing services for social purposes (even
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if not all such people have actually hawsedthem for those purposes) and another type of

person who never considers ridehailing services for social purposes (and thus structurally
generates no cloe for social purposes), even if using such services for other reasons. This
model takes aonfirmatory latent class approach as opposed to the more common
exploratory approach (cCHAPTER 3. In other words, we hypothesize certain data
generation processes for each of the classes and check if this presumption is valid based on
the data, whereas typical latent class models do not impose particular forms of data
geneation processes and thus each of the classes has the same form (but parameters are
freely estimated to allow parameter heterogeneity). The proposed model resembles a zero
inflated model , which detaches thetgenerat

usual behavior generation process (EKJAPTER 4.

We derived the probability and ldidkelihood functiors in Sectiorb.2 under the
assumption that the two regimes have outcome equations with parameter heterogeneity (i.e.
assuming the usual exploratory latent class approach). In this case study, because of the
hypothesis desibed above, we slightly modify the probability functions (Eq2%) to
demonstrate that the proposed method can be also applied to the confirmatory latent class
approach. In pdicular, we assume two regimes, where one regine @) has the
potential to generate various outcomes (heére, p or @ ) and the otherd( )
structurally generates a particular out co
pur poses @, T Heace, indhislsetting, as illustratedrigure 5-1, there is a
single error correlation to be estimated, whereas the usual model may have the number of
error correlations equivalent to the number of latent classes. For estimation of this model,

we replace the marginal choice probabilities of E)(and error structure of Edb.7)
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with Egs. 6.25) and 6.26), respectively, and insert E¢b.25) into the loglikelihood
function, Eq. $.13). Sinced Tt(i.e. a structural zero) is assumed not to have a behavioral
process in this confirmatory approach,& Tmtd psEhr and 0 ¢ T

TISE he in Eq. 6.8) are not specified in this applicatiddotation follows the definitions

in Section5.2

Table 5-4. Descriptive statistics of the sample (Study 2, N=1,105 ridehailing users)

Variable Category Unweighted Weighted

share share
Use of ridehailing services  Have used ridehailing for social trip: 0.700 0.710
Gender Female 0.484 0.512
Age 1834 0.179 0.404
Household income Below $50,000 0.176 0.247
$50,000$99,999 0.340 0.350
$100,000+ 0.483 0.403
Education 4-year degree or higher 0.740 0.591
Race White 0.784 0.612
Variable Category Unvr\;eelggted Wrenlggtned
Residential characteristics  Population density (per acre) 3.698 1.052
Attitudes Techsavvy 0.381 0.612
Prono-carmode 0.245 0.211
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5.4.3 Results

Table5-5 exhibits the estimation results for two confirmatory latent class models,
having uncorrelated and correlated errors, respectively. At a glance, as in Study 1, the two
models are similar to eaother with respect to the face values of coefficient estimates and
final log-likelihoods. Both models present logical estimation results. As imposed, we
identify two | atent <cl asses:puarpesfeorr itdledac
(classl)ad t he other for thosepwhposeerfidéeharctl e
0). As expected, class 0 tends to include those living irplegslated areas, and their share
in the sample is marginal (about 10%bn all, 30% of the sample did natehail for social
purposes, and our models decomposed that group into two: those who made zero social
ridehailing trips because they are presumably structurally uninterested in ridehailing for
social trips (the 10% of cases belonging to class 0), ane thbs incidentally did not
make social trips but may do so in the future (the remaining 20%, who belong to class 1).
In both models, for those belonging to class 1, several demographics and attitudes are
related to tripmaking behaviors. Unsurprisingly, yoger people, highancome people,
and whites are more likely to have used ridehailing services for social trips. The education
dummy is not statistically significant in either model. Females are more likely to use
ridehailing services for social tripdtfeough not significantly so at the 0.01 level. We found
one attitude techsavviness to be positively significant in the models, indicating that
those who are teesavvy are more likely to use ridehailing services for social trips. In our

model experirants (not presented in thekapte), other attitudes had significant impacts

“®This, and tnheentoitohneerd sihnartensi s paragraph, should not
popul ation shares, since the model was estimated or
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on whether to use ridehailing serviasall or not, butgiventhat a person has used such
services, tecisavviness was the only factor significant to using them for socipbpas.

So far, the standard latent class model and the proposed model seem fairly similar. A
difference comes from the correlation paraméterwhich turns out to be statistically
significant and positive. It indicates that unobserved characteristlogncfng whether
people belong to class 1 (the potential sepiapose ridehailers) and those influencing
their choice to ridehail for social purposes are positively associated. The effects of
correlation can be confirmed when we examine a scenario enallyow the probabilities

of interest change by various factors.

Figure 5-3 exhibits the average probabilities of class 1 membership and
(conditional) choice to ridetil for social purposes, as functions of (raw) population density
(which is a membership variable) while holding other variables at their sample values. This
result shows that the two models (uncorrelated and correlated errors) could provide
different pictires for prediction, although the paramesiimatesnd final loglikelihoods
do notseemto be markedlydifferent. As the membership factor (population density)
changesboth models show similar increase patternslass Imembership probabilities.
However,the conditional(on being in class ehavioralprobabilitiesare rather different
between the two models. Thegmain constantvith respect to changes in population
densityfor the modelwith uncorrelated errorfecause the model assumed indepeoele
of the segmentation and behavior generation processes, and population density only affects
the former. On the other hand, as population density increases, the conditional choice
probabilities for the proposed method decrease, due to the associatiweerbet

segmentation and choice processes. Viewed the other way, when population density is very
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low, then conditional on belonging to tphetential sociatpurpose ridehailer class in the

first place, the individual is far more likely to actuattyooseo ridehail for social purposes

T presumably becausathouta strong motivation to actually ridehail for social purposes,
someone in a very lowensity area would otherwise belong to the structurally zero social
purpose ridehailer class. The general @ple is that when unobservables of latent
segmentation are associated with those of the behavierajem process, the assumption

of independence could be incorrect, and a model which imposes that assumption could

provide biased estimates of effects.

Table 5-5. Estimation results of the error-independent and errorcorrelated models
(Study 2, N=1,105)

Latent class model Latent classmodel

with uncorrelated errors with correlatederrors
Membershipcomponer (for class 1)

Estimate t-value Estimate t-value
Intercept 1.256 5.59 1.183 5.36
Log-transformed population density 0.208 2.05 0.247 2.16
Outcomecomponen
(class 1 specific)

Estimate t-value Estimate t-value
Intercept -0.478 -2.96 -0.551 -3.37
Gender (female=1) 0.209 1.82 0.202 1.78
Age (1834=1) 0.842 3.55 0.854 3.69
Income (medium income=1) 0.401 2.38 0.395 2.40
Income (higher income=1) 0.480 2.78 0.478 2.90
Edwatonpachel or 6s )d 0.170 1.30 0.168 1.30
Race (white=1) 0.660 5.25 0.637 5.24
Attitude: Techsavvy 0.168 2.67 0.161 2.57
Attitude: Prenoncarmodes 0.051 0.85 0.052 0.86
Rho parameter - - 0.546 6.65
Summary
Classl share 0.914 0.905
Number of parameters 11 12
Log-likelihood at zero -765.9276 -765.9276
Log-likelihoodat convergence -624.0779 -623.9649
McFadd&nds R 0.1852 0.1853
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Figure 5-3. Scenario analysis of population density change

5.5 Conclusiors
5.5.1 A note abouthe performanceof the proposed models

Study 1 and Study 2 presented two empirical applications that compared standard
latent class and the proposed models. As illustrated, the proposed method could be
meaningful in its relaxation of the rastive assumption of independence. We did not
expect dramatic improvements in goodness of fit given that we are only adding one or two
parameters (which are not even based on fn
obtained werenodest, to say the lda3he degree of improvement might be dependent on

the empirical context, but we think improvement, in general, could be marginal due to the

nature of latent class models.
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To see this, first consider how we evaluataventionallatent class models. In
gereral, compared to a singdéass model, latent class models (with two or more classes)
bring notably better performance with respect tellkglihood-based information criteria.
Although model assessment based on information criteria is important, jnstett
improvements do not represent all the benefits of latent class models. A real benefit (and
perhaps thenain goal of using latent class models in many cases) is that (to echo previous
discussion) the model decomposes the sample into subgroups dgithave different
behavior generation processes (thisifAheter
please refer toCHAPTER 2. The implication is that this step allows us to
understand/interpret (1) claspecific behavior generation processes and (2) how the
sample (population) consists of subsegmertlss includes the overall shares of classes or
probabilities of belongingo classes of individuals, as well as profiles of the average
member of each class. However, the final modellikejihood only partly captures this
benefit. Since we do not know true class membership, we evaluate 4liteelimod (EQ.

(5.13)) usingunconditional(marginal) probabilities (Eq5(6) or the first equalities of Eq.
(5.25)) rather thanconditional probabilities. If the latent class models captured true
heterogeneity adequately, there should be a notable improvement in the overall likelihood,

but the unconditiondikelihood is an imperfect measure of the effect of segmentation.

Turning now to the introduction of an error correlation structure, a key merit of
doing so stems from modeling how two (or more) decisions are associated and thus how
joint probabilities bbave. Since the unconditional likelihood does not explicitly represent
the joint choice likelihood, likelihootbased information criteria, again, cannot fully

capture the benefit of latent segmentation with an error correlation structure. Because, as



alrealy mentioned, the proposed method is a variant of the standard joint model, it is easier
to think of this issue in comparison with a standard bivariate probit model. When estimating
a bivariate probit model (say, two binary choices), we evaluate thenbkeliwith the
information on two choice indicators whose values we know. Hence, in this example, the
likelihood is evaluated using 2x2 joint choice cells. From this viewpoint, if error
correlations adequately captured joint decisions, their roles areteefia thgoint-choice

based likelihoodvaluation of the model; hence the improvement of goodness of fit with
the aid of an error structure could be significant. On the other hand, in latent class models,
(again) we do not know the true membership iathc and thus the likelihood is only
evaluated with respect to the outcome choice indicator (i.e. based on only one of the choice
dimensions). Thus, since latent class modlelgth or without an error structurie only
evaluatemarginatchoicebased likelhoods, the benefit of introducing an error structure is
undervalued. This is perhaps why the standard latent class model and the latent class model
with an error structure may have similar didgelihoods, even if they present different

pictures of jointnss.

5.5.2 Summary and contributions

In spite of the recent great popularity of latent class models, discussions about
whether their basic assumptions are valid in empirical contexts are scarce. This study
guestioned whether one of those basic assumptions, namely that of independence between
latent segmentation and the behavior generation process, is tenable. The study formulated
the latent class model where unobserved influences on latent segmentation and behavior
generation are correlated, by combining the key concepts of latent classdagéreous

switching modeling. The proposed method is implemented in two empirical applications.
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In the first application, the dependent variable was measured on an ordinal scale and the
mod el took an fAexploratoryo | poseddifferercé a s s
across classpecific outcome models). In the context of modeling willingness to share AV
rides with strangers, standard latent class and the proposed method provided reasonable
results. In the second application, the dependent varialsl®wary and the model took a
Aconfirmatoryo | atent c¢class approach (i . e.
classspecific behaviors). Here, in modeling whether a person has used ridehailing services
for social purposes, class 0 is positedrimduce systematic zeros, whereas class 1 followed

a typical behavior process. In both applications, error correlations were statistically
significant, indicating that segmentation and behavior generation processes were jointly
determined. Our scenario dyses showed how the proposed model could be useful due to
its consideration of jointness with correlations. Improvements in gooafdsswere
relatively small in our applications, and thus we discussed major reasons for such

phenomena.

The main contribition of the study is to question the validity of a basic assumption
of the standard latent class model and to provide a potential avenue of methodological
development. The usefulness of the method may depend on the purpose and research
guestion of the stly. For example, if the study aims for better predictive ability per se, the
method may not be necessarily appealing (the issue of explanation versus prediction has
been discussed in studies such as Shmueli, 2010; Mannering et al., 2020). Rather, the
propcsed method could provide a framework with a conceptually more realistic
assumption. If the association between segmentation and behavior processes is true given

the empirical context, then estimates should be more reliable than those under the
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independencassumption, which is more restrictive. Models using the proposed method

can therefore provide more appropriate predictions of joint choices. As well, this approach
may open the door to an avenue of eval uat
modeling context. In the standard latent class model, latent classes act as intrifigedlly
characteristics of individuals. However, as an example, if individuals change their
attitudinal propensities (and t hutenihewi t ch
study may want to measure its treatment effect as statistically controlling for potential self

selection effects.

5.5.3 Future directions

A number of further studies could profitably be pursued. The study proposed
methodologies under the tvatass cotext. As noted byCHAPTER 2 more than half of
the empirical studies employing latent class models (in the transportation domain) have
used two classes for the finsblution. Hence, twalass solutions are pgcted to cover
many research contexts. However, the methodology can be expanded to three or more
classes. In such cases, the error structure should be enlarged to accommodate more error
correlations. The authotkink, however, that such an effort should be preceded by solid
hypotheses, because adding complexity could be less beneficial compared to the effort
when classes atatentand thus the conceptual validity of error correlations could be less
straightforwad. In other words, in any case, allowing a {esstrictive error structure
should be more realistic in theory, but testing the conceptual validity of any particular such
structure could be challenging. Second, the study employed probit link functions for
membership models instead of the conventional logit link function. This assumption was

for convenience in that joint or marginal probability densities of the bivariate normal
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distribution are welknown. However, other link functions are worth trying. @aigonale

is that since probit has thin tails, sometimes it could be computationally less stable. For
example, Dubey et al. (2020) proposeedsstributed error kernel (scalled robit link) for
multinomial response models. Adopting this idea, a posgild to use the bivariate t
distribution instead of the bivariate normal distribution. Another plausible avenue is to
introduce the coputbdased approach (cf. Bhat and Eluru, 2009), if the normality
assumption is considered too strict. Lastly, althoigh study proposed the methodology

and applied it to two empirical contexts (here, willingness to share AVs with strangers and
the purpose of ridehailing use), more theoretical and empirical studies should be pursued
to confirm the usefulness and potentiithis approach. For example, as we discussed, the
proposed method can be a way of evaluating treatment effects when endogeneity exists.

Thus, future studies may explore this research avenue.
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CHAPTER 6. MIXTURE OF EXPERTS AND
NONLINEAR/INTERACTIO N EFFECTS

Papetitle: Mixture of experts as a dat@iven exploratory tool for improving conventional

model specifiations

6.1 Introduction
6.1.1 Use of machine learning in the transportation domain

Machine learning,orso al | eddriidena, approaches have
with respect to performance over the past several decades. Machine learning has been built
within a community of its own, but it has now penetrated into a variety of donaaidss
seemingly becoming ubiquitous. Many scholars in various domains have been pondering
the implications of introducing machine learning (or deep learning) into their applications,
such as in economics (Mullainathan and Spiess, 2017; Athey, 2018; d&tldelmbens,

2019), psychology (Yarkoni and Westfall, 2017; Urban and Gates, 2019; Orru et al., 2020),
sociology (Molina and Garip, 2019), choice modeling (Timothy et al., 2017; Hillel et al.,
2021), and so on. Common conclusions mostly include consenstie usefulness of
machine learning models with respect to their prediction ability and, at the same time, some
reservations on their usefulness due to their lack of interpretability. In response to this
lament, interpretable/explainable machine learorgartificial intelligence) has become

a popular topic of research.

In the travel behavior and choice modeling fields, applications of machine

learning are notably increasing. In the context of mode choice modeling, artificial neural
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networks (ANN) haveébeen the most popular machine learning technique following the

logit family (Hillel et al. 2021). Beyond the mechanical applications, a recent mainstream

of work is to exploit machine learning models to extract behavioral implicatmse

initial efforts were devotetb understandg how the learned model maps input features to

the outcomefor which auseful tool is the partial dependence plot (cf. Friedman, 2001;

Hastie et al., 2009; Molnar, 2020; Zhao and Hastie, 2021). For example, Zhao et al. (2020)
compared the random forest and logit models (multinomial and mixed logit) with the aid

of partial dependence pktand concludedin their empirical context (p22), that
AHowever, we find that the random faorest m
elasticities and marginal effects when these behavioral outputs are computed from a
standard approach. 6 Al wosheel k in computer ( 2019
vision and proposed to synthesize prototypical examples with a trained ANN to dagnos
whether the learned model behaves reasonably. One avenue has been to understand the
neural networks structure as a generalized logit model that contains implicit random utility
maximization in the black box (Bentz and Merunka, 2000; Wang et al. 2020uy &Val.

2020b; Zhang et al. 2020).

Another approach, also related to the initial one, is to combine classical model
structure and neural network structure under the premise of achieving a balance between
interpretability and performance. Sifringer et(@020) proposed the learning multinomial
logit (L-MNL) and learning nested logit {NL) models, which embrace a knowledge
driven part and a datdriven one in the systematic utility specification (i.e. embedding the
neural network in the standard logibdel). Han et al. (2020) proposed the TastaWisL

model. In this model, taste parameters in MNL are functionalized using neural networks to
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capture systematic taste heterogeneity. Wang et al. (2021) developed-BResNBts
model, which connects a classiadiscrete choice model and neural networks with a

weighting parameter to represent deterministic utilities.

6.1.2 Challenge of model specification and the usage of machine learning

Despite the breakthrough of machine learning, thelomen classical models ha
long played a critical role in informing public policy. In addition to the simplicity and
interpretability of the classical models, there is arguably an inertia on the part of analysts
and/or policymakers that favors the use of familiar models, plulathehat the benefits
of using more complex models are seemingly limited (e.g. datasets may not be large
enough, oo r dehred fAafpiprrsotx i mati ons of simpl er
simpler models (such as classical choice models), the mpeeifisation (or the utility
specification in choice modeling) is the key step. Misspecification could result in biased
estimates and thus lead to an erroneous understanding of the behavioral process and lower
prediction power (Abe, 1998; Torres et al.,120 Van Der Pol et al., 2014). This
misspecification could take the form of omitted relevant variables, the inclusion of
irrelevant variables, and failure to capture nonlinear effects or interaction effects, among
others (Greene, 2012). The key issueas tWe almost always have limited prior knowledge
of the correct specification (Bekiva and Lerman, 1985) or even if prior knowledge is
valid it may not hold in a particular empirical context, and thus we mostly rely on time
consuming trialanderror modéexperiments. However, the tdahderror approach is not
only time/effort-intensive, but also the solution space is too vast to be systematically
searched; hence some specification possibilities, especially complex effects such as

nonlinear or intera@in effects, are often excluded from the outset.
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A promising approach to tackling this challenge might be to take advantage of
machine learning techniqués aid in the process of specifying a conventional model
Machine learning techniques, in generayé a larger search space for the solution and
they canautomaticallydetect nonlinear and interaction effects without prior information.
Some studies have tried to use such benefits. For example, Hillel et al. (2019) built gradient
boosting decision treg&BDT) and extracted the learned structure to inform the utility
specification for a choice model. Ortelli et al. (2021) translated the utility specification
problem into a combinatorial (optimization) problem. In their study, the proposed method
produceda better oubf-sample performance than a benchmark (simple) model and at the
same time it ensured behavioral real i sm.
such as neural networkh.is known that neural networks are universal approximators
(Hornik et al., 1989; Cybenko, 1989); in other words, neural networks can approximate
any function without any a priori assumptions. Inspired by this property, several studies
utilized neural networks to obtain a better choice model specifig@emz and Maurnka,
2000;Hruschkaet al., 2002; Hruschka et al., 2004; Hruschka, 2007). For example, Bentz
and Merunka (2000) identified interaction and threshold effects in brand choice with the
aid of neural networks and revised MNL models based on the learned Bgewidthough
there was only a marginal improvement of model performance in the empirical application,
indicating that there was only a weak nonlinear component in the utility function, the study

offered an insightful pathway for using neural networks digsgnostic tool.

In the present study, we take this pathway to improve our behavioral models. In
other words, we use machine learning modelsdaisdriven exploratory toolsto

automatically identify nonlinear and interaction effe@sd thus to improve auel
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specifications for fAsimplerd models that a
first study to introduce the idea of mixture of experts (MoE), which will be described in

the following section, to travel behavior research. More importanyjlluminate the

linkage between MoE and the latent class model, and suggest using MoE to capture
complex effects. The expected benefits include the improvement of performance and the
reduction of potential bias by taking into accosystematic heterogeity while keeping

the model as simple (and, ideally, interpretable) as possible. The remainder of this chapter

is as follows. SectioB.2describes the pertinent methodologies. Se@&iBpresents model
experiments with synthetic data and Sec6ahexhibits the application of the approach to

the weltknown Swissmetro data. Secti6érb concludes the chapter with some rensark

6.2 Methodology
6.2.1 Mixture of experts

In this study, we use thaixture of expertMoE) architecture proposed by Jacobs
et al. (1991a)The basic idea is to design a model architecture that decomposes tasks and
assigns them to fAexAbB. dntotheér wdrds,fthe madel splitbtee e t
input space into homogeneous regions, and diffdoeatl experts(i.e. models or also
calledlearnery ar e fAresponsible foro (i.e. oper at
and Ebrahi mpour, 2014; Bal dacchi no-andt al . ,
conquer 0 f r-solwing gerspectiveb(Whecimis comparable to the concept of
market sementation). Then, results from the different experts are combinedyayirg
network (mostly employing the soalled softmax function, which is also known as

multinomial logistic regressignThis is a type oeénsemble methdfat combines multiple
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localmodel s i nstead of having a fAglobal 06 mode

Rokach, 2010).

The main reasons for using MoE in this study are twofold. First, in the field of
information theory, it has been proved that the MoE is a universal apyatox (Zeevi et
al., 1998; Nguyen et al., 2016). That is, it has the capability to approximate any unknown
true mapping function between input features and outcome, to any specified degree of

accuracy. Second, it is connected to the \ketiwnlatent clas (or finite mixture model

We can transl|l ate Aihomogeneous iIinput spaces
Agating networko into Aimember ship/ segment a
Acl-apesci fic outcome model 0.

The structures of & standard latent class model and the MoE are basically

identical:

"Qogk 0 gs "Q cup (6.1)

wherewis an outcome variablé;is a vector of input featuredjs adiscretdatentsegment

or subgroup indicatord( plgHB ¢), 0 O denotes a (finite) mixture density function (or
segment membership probabilitgnd’Q O denotes an outcome function (or a local expert)
for segmentr. 0 D is typically represented ke softmax function an® O depends on
the type of problem (cfCHAPTER 2. In this study, as we focus on the binary
classification problem, th€Q 26 s a r &nctiors.gWet maximize a lelikelihood

function with an additional regularization term (if needed).



i Agd P T AB 1B 0ast Qouahkt _aPa (6.2)

whereP denotes all parameters in the model ¢ ha ha 8 his ), » represents a vector
of parameters iD O, 7 represents a vector of parameter¥XdiD, _is the regularization

coefficient, and_ AP is the squared L2 regularization téfm

Despite thisimilarity, there are a few practical differences. In most standard latent
class models, as noted@HAPTER 2andCHAPTER 3 input features are split into two
parts: variables that characterize latent classes (denotgd asd variables that feed to
classspecific outcome functions (mostly alternatygecific characteristicsuch as travel
time/cost, in many choice models). On the other hand, in applications of {fokie
usually not distinguished fros; rather alk=are used i Dand’Q O. The former strategy
could have value in that it might offer interpretatioenefits (e.g. testing of hypotheses
regarding whether certain characteristics are related to distinctive groups), whereas the
latter could have value in that it can avoid a key dilemma of this model form (which
variables should go into the membership usrsutcome models?) and allow the data to

Afconfesso the best specification (from a p

Second, as alluded to earlier, individual local experts (or latent classes) are mostly
not the main focus in the MoE method; rather, it fosume how they collectively produce
the overall outcome. On tlether hand, the interpretation of individual latent classes is the

key in most standard latent class models. As noted in psychometrics, there are two

“gPpE B —, whiemaexes marpEMé) @triserQ | rae s(zeatgi.on 1,
APAE B s—9arael so plofssm btkeken there is no Irrgtuhiasi zat.i

ztudypn‘fvénet@ustthmd_r\Z@ck egul arexpeiomefhbs.
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approachesaken withfinite mixture modeh g : Adirecto and dAindire
Bauer, 2005; Masyn, 2013; Cole and Bauer, 2016&Jirect applications, the assumption

of heterogeneous subgroups is the key idea and thus the main focus is on laterit classes
studies in the travel behavioomhain almost exclusively take this approaktihough less

oftenused, inindirect applications, the finite mixture structure is just used to build up a

more tractable sergarametric model (Masyn, 201%)For example, by using an indirect
approach, Baug2005) aimed to capture nonlinear relationships between latent variables

with the aid of the finite mixture structure. In this regard, Nboltds a set of local experts

to capture nonlineawr higherorder interaction effectfike the indirect applicationand

thusMoE approximagsa true mapping function.

It is also pertinent to remark on the distinction between the seemingly similar
concepts of MoE anBayesian model averagiffy As noted by Bishop (2006), MoE is a
way of combining models to improve peanftance. As aforementioned, the key idea of the
MoE approach is to have multiple experts that are each responsible for part of the input
space. On the other hand, in Bayesian model averaging, m&delsf¢ FO are weighted
by prior probabilitiesp "Q, to reflectuncertaintyon which model is the global model.
Simply put, MoE postulates that the dataset is generatechuityple data generation
processes (represented by local experts), whereas in Bayesian model averaging, the dataset

is generated by aingle model and prior probabilities are applied to reflect model

“®Thus, t e ufrienintoederhi (or the | amemtpac lamwEteflineadel ) i s
focusing on the ad hoc distri b(uet.igo.n Wifj naondde THKiricuoeedfefri
i mplitakelsythe viewpoint of the direct application.

semi parnaondeetlr iicf taking the vieMploaonh!| ard a;mdbB dPweeerlt,, ad
2005)

49BayesianNmodeI aver ©gi Mg IcQAcsbeadapredstdomsBi shop
ndexes mofRehsr actdheen ¢ e e dvwhiti )¢ h "dg@é b hgel omad e | .
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uncertainty. For example, Hancock et al . (
cl ass approacho for mod el averaging. Thi
individual (prespecified) models on the same (single) dataset independently in the first

stage and averaging them by estimating the weights of each model (through fixing the
individual firststage logikelihood values) in the second stage. Thus, the equation for this

appoach is similar to that of MoE, but the philosophy for solving the problem is distinct.

An important question is, which local experts are to be used? In the original study
of MoE (Jacobs et al., 1991a), individual local experts were described as nenmkaet
From the broader perspective on the gdna@el architecture of MoE, any models can
be used as local experts (clepecific outcome models in the latent class modeling
language). As reviewed BYHAPTER 2 these classpecific outcome models are often
formulated with classical econometric models such as logit; in the choice modeling
community, the MNL model is the most popular one. In addition, in theory,ane c
customize and design different types of models for each of the local experts following the
confirmatorylatent class approach (cf. Hess, 20CHAPTER 2 CHAPTER 4. In this
study, we confine our attention to the logit model for local experts rather tkingrmore
complex models, for three reasons. First, the main goagéattiay is to discuss the general
idea of using MoE as an approximator and extracting the information the model learned;
hence the simplicity is helpful for delivering the main idea. Second, as a practical reason,
having neural networks as the local expeast parameteintensive, and thus our dataset
with its limited number of cases might not be large enough to learn such complicated

model s. Lastl vy, in fact, we expect that h
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because it i's comenaornn etrs Ooh g wer eMmweand y sl i gh

random) when using ensemble models (cf. Hastie et al., 2009; Rokach, 2010).

6.2.2 Neural networks

Our focus is on the MoE in this study, but we also train neural networks as another
benchmark, given thepopularity and ability of approximation. There are two types of
activation functions in neural networks: one in hidden layer(s) and another in the output
operation. An activation function serving as an output operation is subject to the type of
outcome vaable (e.g. logistic for binary, softmax for multinomial, linear for continuous).

An activation function in hidden layer(s) serves as a sort of hyperparameter for neural
networks; hence analysts generally use the one of the three most popular (nonlinear)
activation functions (logistic, hyperbolic tangent, and RelLU) that offers the best
performance given the data. In this study, we use the logistic function because of its
popularity as well as to achieve greater comparability with the mixture of expertsiwhic

the main interest of this study. More detailed equations and descriptions can be found in

standard machine learning textbooks (e.g. Bishop, 2006; Hastie et al., 2009).

6.2.3 General approach of the study

We feed input features, i.e. explanatory variables (without specifying nonlinear or

interaction effects), to three models:

1 Benchmark (logit) model this serves as the baseline, representing the simplest
model,
1 Neural network (NN): this is an alternative achine learning model, which also

(like MOE) has the property of a universal approximator. If NN and MoE present
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Ai dentical 6 results, then we may <c¢cl aim
of possible performance (given the data);
1 Mixture of experts (MoE): this model is the main interest of the study.
In the experiments, after training the models, we plot the true choice probabilities
and (systematic) utilities versus estimated probabilities/utilities of the three models. Choice
probabilities are th ordinary final output of the models, but utilities are not clear for NN
and MoE. We convert choice probabilities into systematic utilities by fixing the reference
alternativeds systematic wutility to =zero,
alternative, and assuming that the true data generation process follows the logit model
formulation® Thus, in the binary choice context, the estimated systematic utility of the

nonreference alternative is:
T lT€p 1I10CITE O, (6.3)
where is the estimated choice probability of that alternative (———).5*
™

After training the models and obtaining choice probabilities and utilities, we
explore whether they approximate the tuadues. To examine the effects of travel time

and cost, we examirf®w the output (choice probabilities or utilities) behaves with respect

For experiments wi t©h 3s ywet hgeetniear ad aet & h(eS edcattiaornwi t h |
data generation processheehpi f iooval t & pndll)idg avtei odeod ESodtc t i
know the true dated agsesnuémeat convpndieag® wst h@tet leogi t
t hwda rneo(th etrrey)i ng -¢owgiree@eesieheé c e g otah ea dbtnoviVd. U e VIdhfe
equation for V could be quite complicated (e.g. wit
terms, etc.), but as | (ochigf faesss enmebh ec)asnu ne xopfr eVs santdotaa lr a
compomawanbodi st iicdbsustuinmpmt i ons t hat are quite standal
choi ceitmoellils i s a r eafsonawbrl e ,apps owmicthh &Ony model ,
from the assumption we make

’Sincely differenrg(efhradinp,uthd®E)yematwe are finding t
systematic uti l-ridafierse rmcee weeletrefrtenmaet nveen aalntde rtrhaet i v e .
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to changes in the variable of interest (while fixing other variables as they are). This is how
we obtairmarginal eféctsin choice modeling (cf. Hensher et al., 2015), and what is known

in machine learning as tipartial dependence pld@tf. Friedman, 2001; Hastie et al., 2009;
Molnar, 2020). For interaction effects, we additionally plot how the slopes of utilities vary

by the interacted variables. The following sections have separate purposes:

1 Section6.3 experiments with synthetic data, for which we know the true data
generatiomrocesses. The main goal of the section is to demonstrate the ability of
MoE to detect and approximate nonlinear and interaction effects. If its abilities are
verified, then it implies we can use MoE as an exploratory tool to find effects that
would othervise have not been identified.

1 Section6.4 applies the methodology to empirical data. We train and find the best
model given the data. Then we discuss how to extnaanformation learned from
those exploratory tools, and devise a general process of informing simpler models
of better specifications based on knowledbat can be gained from machine

learning.
6.3 Experiments with synthetic data
6.3.1 Experimendl setting

This section aims to evaluate the ability of the two approximators, MoE and NN,
to identify atypical functional forms by experimenting with synthetic data. In particular,
we focus on how well they can recover the true parameters, compared to a simple logit
bentimark model that does not consider complex effébtsthis end, we generate a
training set (N=8,000) and a testing set (N=4,000) of observations simulating a binary
mode choice application. First, we draw input features with distributions defifebia
6-1. By applying the true systematic utility equatiofialfle 6-2), we obtain chice

probabilities for each individual andased on those probabilities, draw a chosen
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alternative in each case. This procedure is analogous to those in Vij and Krueger (2017)
and Han et al. (2020). We have four experiments, specifically focusing orotiogar

effects and two interaction effects involving travel time. These four effects can be
considered instances of (systematic as opposed to unobsparad)eter heterogeneity

in which parameters vary by region of the input space. For nonlineaisetfextensitivity

of the outcome to a given input is a function only of the size of that single input; for
interaction effects, the parameter associated with one input variable is a function of other
variables (e.g. the travel time coefficient dependsdne i ndi vi dual 6s i nco
that, in this study, we assume that the true data generation processes follow random utility
maximization theory and the binary logit function. However, it is likely that in the real
world, other types of behavioral mggeration processes can be mixed (e.g. regret

minimization,lexicography). Thus, future research may need to explore this avenue.

Table 6-1. Description of synthetic data

Variable Notation Data generationprocess
Cost of car ($) 60 Yplp Tt
Cost of bus ($) 60 Y ph
Travel time for car (min) YY Yol 1
Travel time for bus (min) "YY YUY hp& z"YY
Lower-income dummy ‘00 0 0 Qi
Attitudinal propensity(continuous) for 0"Y 0 Tip
monochronicity
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Table 6-2. True utility equations generated

Effect Utility equation
1.1 | Nonlineari W W M TOUL 1™ TYVYYY
polynomial

Example:The travel time differential has a quadratic effect, where
longer travel time for bus initially decreases the attractiveness o
(relative to car), but past a certain point increases its relative t
(perhaps due to having a meaningful amountravel time during
which other activities can be conducted).

1.2 | Nonlineari
threshold
(saturation)

W W M TOoU m ™o Y'Y ™o,
whereois a dummy variabled( pif Y'Y ¢,0 Tmotherwise)

Example:If the travel time differential is minimal, then it does r
affect preference among alternatives. However, when the
differential is greater than a certain value, then it would affect
choice behavior.

2.1 | Interactioni
binary

W W M T]oU ™ T@®00 Y'Y 100 0

Example:It is known that income groups (or certain demograf
groups) have different sensitivity to travel time.

2.2 | Interactioni

W W M T®oU M TR0 YYY oY

continuous
Example:How people perceive travel time or cost is a function of t
personalities or attitudes. For example, people who cannot or d
wish to use irvehicle time productively have greater sensitivity
travel time.
*6 0 00 60 LYY YY o YY
6.3.2 Results

Figure 6-1 and Table 6-3 show how well the threemodels approximate the true
values of the choice probabilities and utilitiEgyure6-1 visualizes how close the estimates
are to the true values (black lines). OverBlN and MoE present good approximations,

whereas the benchmark model (logit without specifying nonlinear/interaction effects)

deviates substantially from the true valu€able 6-3 quantifies their closeness with R

squared measures for the regression of estimated against true values.

The next question is how well the three models are recovering the true parameters

defined in Table6-2. To this end, parameters are compared across motside©-4).
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First, the logit model with the true specification has, overall, the lowest MAPE (i.e. comes
closest to the true values). The model is replicating the true parameters at satisfactory
levels, but not exactly replicating the true values because of randoeesasso find that

NN and MoE well approximate the true parameters (note that their MAPE values are
similar to those of the logit model with the true specification), with MoE generally
performing a bit better than NN. On the other hand, the benchmarl (tagiewith the

simple specification) gives substantially biased estimates for all experiments. In particular,
due to dismissing nonlinear or interaction effects, the relevant parameter (i.e. the travel
time difference coefficient) is significantly affec. Along with this analysisigure6-2,
Figure6-3, andFigure6-4 visually show how well the three models are capturing nonlinear
and interaction effects. FirdEigure 6-2 illustrates whether the variable of interest has a
linear or nonlinear effect on systematic utility. The slopes of the black lines portray the true
marginal effects for the experiments (1.1 and 1.2) involving polynomial and threshold
nonlinear effects, respectively. When we specify the logit model without such nonlinear
effects, the model fails to capture those effects and produces a constant marginal effect of
the time differential on systematic utility (see the yellow lines). On the btret, even if

we do not inform them of such nonlinearity, NN and MoE replicate the true nonlinear

effects (see the blue and red lines).

For the interaction effects, we referRmure6-3 andFigure6-4. The left panel of
Figure 6-3 plots utilitiesas a function of the travel time differential, and shows how the
slopes vary by the interacting binary dummy (experiment 2.1). The two slopes are the same
for the benchmark model, whereas NN and MoE exhibit different slopes based on values

of the dummy vaable and thus we can confirm that the two models capture the interaction
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effect between travel time and the income dummy. Bdteompanel inFigure6-3 shows

the same plot for the cost variable; none of the three models present an interaction effect.
Thus, this demonstrates that NN and MoE automatically identify which variables should
be inte act ed 0 un dregure6t4lvisualites intdraction effects between two
continuous variables (experiment 2.2). The benchmark model gives a plane surface of
utility as a function of the two variables (due to the linearity), whereas NN and MoE
identify the nonlinear surface (saddle shape). Thus, throughout a series of experiments, we
demonstrate that MoE (and NN) can capture nonlinear and interaction efitbctst prior

information.

Table 6-3. The squared correlation of true with estimated probabilities and utilities

Probability Utility
Effect Logit NN MoE | Logit NN MoE
1.1 | Nonlineari polynomial 0.746 | 0.993 | 0.991 | 0.716 | 0.993 | 0.992
1.2 | Nonlineari threshold (saturation 0.957 | 0.990 | 0.991 | 0.952 | 0.988 | 0.989
2.1 | Interactioni binary 0.900 | 0.990 | 0.997 | 0.893 | 0.989 | 0.996
2.2 | Interactioni continuous 0.879 | 0.989 | 0.987 | 0.859 | 0.988 | 0.984




Table 6-4. Parameter estimates by model

Experiment Variable Truevalue trtggslt)\(lavclztigcfgﬁor Be(ngirSark NN 2 MoE 2
ex1l.1 Intercept 0.400 0.461 -0.106 0.460 0.428
6 0 -0.200 -0.213 -0.207 -0.212 -0.213
Y'Y -0.600 -0.659 -0.017 -0.658 -0.628
YY 0.100 0.108 - 0.108 0.103
MAPE (%)® 9.8 81.8 9.7 5.3
ex1l.2 Intercept 0.400 0.460 0.752 0.490 0.465
60 -0.200 -0.209 -0.207 -0.211 -0.213
Y'Y 0.000 -0.040 -0.299 -0.076 -0.051
Y'Y 0O -0.400 -0.368 - -0.327 -0.353
0 0.800 0.752 - 0.691 0.713
MAPE (%) 8.3 72.9 15.0 11.3
ex2.1 Intercept 0.400 0.435 0.675 0.452 0.449
6 0 -0.200 -0.203 -0.198 -0.203 -0.203
Y'Y -0.100 -0.102 -0.198 -0.108 -0.108
"Y'¥Y'00 6 -0.300 -0.317 - -0.292 -0.306
‘00 6 0.100 0.101 -0.619 0.055 0.074
MAPE (%) 3.8 197.4 14.0 10.0
ex2.2 Intercept 0.400 0.428 0.401 0.443 0.412
6 0 -0.200 -0.211 -0.207 -0.205 -0.210
Y'Y -0.400 -0.408 -0.380 -0.402 -0.398
Y'YO Y -0.200 -0.205 - -0.175 -0.176
0"y 0.300 0.239 -0.198 0.189 0.180
MAPE (%) 7.5 55.0 12.7 121

a. Parameters are estimated by regressing the estimated utilities 6/3gqn(the variables in the table.
b. MAPE (mean absolute percentage error) is calculated based on true values.

22¢
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Figure 6-3. Identified interaction effect (with binary dummy, experiment 2.1)
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6.4 Empirical application
6.4.1 Data

In this study, we employhe Swissmetro dafd,which have been widely used in
the choice modeling community. The dataset consists of survey data collected on trains
between St. Gallen and Geneva, Switzerland. The original dataset contains stated

preference (SP) measures over thmemles (train, Swissmetravhich is a hypothetical

2The data ahetpwsail bbbgeme.epfl.ch/data. ht ml
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high-speed rail alternativeand car) for intercity travel. More details about the data are
available at the source link (footnote 52). We confine our attention to the binary choice
context (choice betweaonventional train and car, where car is the reference alternative)
and analyze 3859 observations. We randomly split the data into a training set (3299, 75%)

and a test set (560, 25%).

Table 6-5. Variables usal in modeling (N=3,859)

Variable Coding Mean
Choice Choice (1 if train, O if car) 0.202
Travel timedifference(min) reference: car 0.413
Travel costifference(CHF scaled by 100 reference: car 0.121
Sex dummy male =1 0.792
Age dummy 39orless=1 0.295
Age dummy 65 or greater = 1 0.100
Lower-income dummy Under 50k CHF annually= 1 0.147
Luggage dummy 1+ piece ofluggage = 1 0.596
Firstclass traveler dummy Firstclass =1 0.507
Purpose dummy commute/business = 1 0.578
Train headway dummy 30min =1(60 or 120 min =0) 0.354

* CHF stands for Swiss Franc (approximately similar to USD)

6.4.2 Training and performance

We estimate three models with the variables describ8@e 6-5. To pick the
best models, we gridearch some combinations of hyperparameters. The number of hidden
nodes (for NN) and classes (for MoE) are explored over [2, 12] and the lambda value (for
theL2 regularization term) is explored over [0, 0.01, 0.1], with 5 different seeds for random

starting point®. We find the best set of hyperparameters usifiglb crossvalidation.

%This search s padhdamatmapahdrade alpgvhi ciafgonesxampl e, fo

we fix a single |layer and use | ogfshiddactnodes ofnf 6
andsséa (for MoEQnmeaakdmiibrhityses mailrip.os esiohptithe st udy
illustrate the idea of using MoOE as anMapggroxi mator
i mportanttwe bhoweéeher { gwiintea cl)sen@mdnhipn ¢ si ze, it is | es
i ncrease the compltdnei mhyerofo ftihpa rmohdgetl sf §edcteed by t he
hi dden nodes and cl asses).
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Specifically, for each combination of hyperparameters, the training setitisnto five

parts and the model is trained after holding out one part; this is repeated while holding out
each of the five parts in turn. Then, we average the performance on the fiveuhold
validation sets for each combination of hyperparametersjgenghe combination of
hyperparameters, and repeat the process. Finally, we select the model with the best average
performance across all combinations tested. Based on this approach;ribdelRBN

model and &lass MoE model are selected.

Table 6-6 presents the performance of the three models. MoE and NN show
improvement in predictive accuracy over the benchmark logit model.” Thmeasure
improves substantially, from 0.46 (logit) td@.(MoE and NN). The final logikelihoods
are similar on the test set for MoE and NN, and both better than for the benchmark model.
The comparisons for the Akaike and Bayesian information criteria (AIC and BIC), where
smaller values are better, are monmeb&gguous, but overall, by employing MoE and NN,

we gained better performance over the benchmark logit model.

Table 6-6. Model performance

Accura}(_:y Log-
Model Dataset (prqbablllty— likelihood Z AlC BIC
weighted)*
Benchmark Training set 0.743 -1364.82 0.403 2751.65 2818.76
(logit) Testset 0.762 -208.49 0.463 438.98 486.59
Pooled 0.746 -1573.31 0.412 3168.63 3237.47
NN Training set 0.831 -873.40 0.618 1988.81 2727.07
Testset 0.822 -164.74 0.576 571.48 1095.16
Pooled 0.829 -1038.14 0.612 2318.28 3075.52
MoE Training set 0.815 -954.31 0.583 2150.63 2888.89
Testset 0.816 -165.72 0.573 573.44 1097.12
Pooled 0.815 -1120.03 0.581 2482.07 3239.30

* The share correctly classified, usipgobabilityweighted predictions.
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6.4.3 Identifying nonlinear effects

Our interest is in what the models learned from the data, particularly regarding time
and cost effects. To find the nonlinear effects learned from the data, wehpiot
probabilities and sygtematic utilities as a functioaf time and costKigure 6-5), and
consider the marginal effects of these variables by examining the slopes of these functions.
For bot time and cost, as expected, we find that the benchmark model (logit) produces
constant marginal effects on utilities (i.e. constant parameters). On the other hand, both
MoE and NN capture the nonlinear effects of both variables. If the time differeztose@dn
train and car) is less than zero, the slope is gentle or close to zero, whereas the slope is
steeper when the time difference lies in [0, 1]. Cost also shows nonlinear effects. The
estimated marginal effects are not identical, but both MoE and NM sionsistent

nonlinear effects of time and cost.

We can approximate these nonlinearities by interacting the main variable with
dummy variables (similar to a piecewise regression approach) in an ordinary binary logit
model. To see the benefit of capturimgnlinear effects, we compare three models in this
section Table 6-7): the model without nonlinear effects (N1), the model having a two
region piecewise linear effect (N2), and the model having a-tleggen piecewise linear
effect (N3). As we add more nonlinearity dummies, the new parameters play significant
roles and tB models are substantially improved on all performance metrics. Thus, by
exploring the identified marginal effects learned from MoE (or NN), they can inform us

regarding how to specify nonlinear effects ioomventionalogit model.
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Figure 6-5. Choice probabilities and systematic utilities as functions of (a) time and

(b) cost

Table 6-7. Binary logit model results incorporating nonlinear effects €arned from

MoE
Estimates
N1 N2 N3
Estimate tvalue || Estimate tvalue | Estimate tvalue

Intercept -0.896  -17.29 0.383 0.65 0.413 0.69
TT -1.427 -13.72 -0.073 -1.08 -0.124 -1.78
CO -1.263  -14.43 -0.231 -0.62 -0.211 -0.57
Dummy_TT (TT>0) - - -0.033 -0.26 0.082 0.61
Dummy_CO_1 (CO4l) - - -0.795 -1.35 -1.186 -2.00
Dummy_CO_2 (CO>0.5 - - - - -2.248 -7.24
TT *Dummy_TT - - -2.572 -12.41 -2.878 -13.04
CO * Dummy_CO_1 - - -1.266 -3.27 -3.107 -7.55
CO * Dummy_CO_2 - - - - 4.826 16.58

Performance

Accuracy ”ke"lfhg(;o g z AIC BIC

N1 0.728 -1682.595 0.371 3371.190 3389.965
N2 0.740 -1604.068 0.400 3222.136 3265.943
N3 0.764 -1443.377 0.460 2904.755 2961.078
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6.4.4 Finding the best specification of the conventional model

By training MoE models, they can learn not only nonlinear effects, but also
interaction effects among variables. In theory, we can detect interaction effects by
following steps similar to those in Sectiofs3.2 and 6.4.3 However, in reaivorld
contexts numerous combinations of interaction terms can be possible, and testing such
combinations individually can be tedious and haphazard. It is of interest to explore whether
a somewhat more (though not completely) automated process can produce meaningful and
useful results. Accordingly, here we conduct regression modeling to apprexumnat we
learned with MoE. Specifically, we regress #stimated utilitiegthe s of Eq.(6.3)) on
the available explanatory variables, including nonlinear and interaction terms, and select
the specification that best predicts those utilities and thus best approximates the results of
MoE (in a spirit similar to that of stepwise regression, or actually in this instance, all
possiblesubsets regression). In this study, we purposefully allow interactions only up to
three variables rather than allowing any possible highger interactions. Thi
Afdegenerationo might be seen as unordercessar
interaction severely impedes interpretability and thus we may lose the benefit of using
conventional models over just using machine learning models. However, ifdpeede
analysts can allow highg¢hanthreelevel interactions following the same process

described in this study.

After finding the best specifications through regression, we estimate choice models
(i.e. based on thebserved choicgswith those best speciitions.Figure 6-6 plots the
ratios of thee measure of the MoE result to that of each choice model in turn, thereby

illustrating the level of approximation to MoE aebed by the various specifications. The
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same specifications and their performance in modeling the observed choices are listed in
Table6-8. We consider that MOE repeesnt s t he practi cal Acei | in
come to the true data generation process in the sample. Thus, the question is how closely
more conventionalhspecified models can approximate the data generation process

captured by the MoE. Here are seVvelaservations fronfrigure6-6.

1 Overall, specifying nonlinear effects of time/cost substantially improves
performance. In particular, their contributions are even greater than those obtained
by adding other explanatory vables (MOb vs. M1a).

1 Specifying interaction effects improves performance compared to the model
without interaction effects. The model with thnesriable interactions is better than
that with twovariable interactions, but the improvement is not signifi¢gt? vs.

M3).

1 Combinations of nonlinear and interaction effects bring the best approximation to
the ceiling (M4a vs M5a, M4a vs M5b).

1 Having two splits in the piecewise linear effect of cost approximates the ceiling
better than having one split (M1a vs1bh] M4a vs M4b; M5a vs. M5b).

From this application, two key observations emerge. First, as in the experiments
with synthetic data (Sectio6.3), we can confirm that MoE captures nonlinear and
interaction effects without prior knowledge. We can identify nonlinear effects by plotting
the estimated choice probabilities and systemaitiieg, and important interacticeffects
by conducting regression on the MoE results. In this empirical context, time interacts with

MALE and PURP; cost interacts with MALE and FIRST. The final model isinle6-9.

Second, by using these discoveries, we can inform the specifications of
conventional (logit) models. Here, however, we face a dilemma regarding the decision on

the final model specification. The best modpécification with respect to the degree of
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approximation to the ceiling (i.e. datigiven) is M5a. In particular, the nonlinear effects

of time and cost bring significant improvements. Such a model may, however, contradict
conventional theory, becauserénders positive coefficients of time and cost for certain
segments of people. Hence, analysts should decide which one to pick depending on their
purpose. If the analyst pursues better performance, either accepting an inconsistency
between the solution drtheory or having some theories to explain the positive coefficient

of cost, then the final specification might be M5a. However, if the analyst places more
weight on theory or if the positive coefficient can pose a problem for degrsadéing, then

the aralyst should adopt the best model giving results that are consistent with theory (while

sacrificing a bit of performance).
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Figure 6-6. Approximation to MoE result by various specifications
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Table 6-8. Model performance based on the final specifications

Training set
Model Time Cost Other variables Ar‘;g; LL zZ
MOa Linear Linear NA 0.726 -1454 0.364
MOb Linear Linear Linear 0.743 -1365 0.403
M1la ﬁoggl?gar Nonlinear (1 split)y ~ NA 0.763 -1239 0.458
. onlinear Sp Its . - .
M1b ?'fg‘gl?gar Nonli 2 spli NA 0.738 -1376 0.398
M2 Linear  Linear Interact with time & cost 5 750 1301 0.431
(1 level)
M3 Linear  Linear Interact with time & cost 757 1569 0.445
(2 levels)
M4a gog‘gﬁ‘gar Nonlinear (2 splits) '(rl‘tf;\"j‘glt)"‘“th time &cost 783 1135 0.504
M4b ﬁoggﬁ‘gar Nonlinear (1 split) '(rl‘tf;\";‘eclt)w'th time &cost 764 -1225 0.464
M5a ﬁoggl?gar Nonlinear (2 splits) '(gt'f;\‘;‘glts‘;v'th ime &cost 793 _1089 0.524
Nonlinear . . Interact with time & cost
M5hb (1 split) Nonlinear (1 split) (2 levels) 0.771 -1195 0.478
Testset
Model Time Cost Other variables Ar;g; LL zZ
MOa Linear Linear NA 0.742 -228 0.411
MOb Linear Linear Linear 0.762 -208 0.463
Mla ?llogg{i‘sar Nonlinear (1 split)y ~ NA 0.767 -205 0.473
Mib  Noninear o inear (2 splits)  NA 0.749 228 0.411
(1 split)
M2 Linear  Linear Interact with time & cost 5 264 509 0.463
(1 level)
M3 Linear Linear Interact with time & cost 0.767 -207 0.466
(2 levels)
M4a ﬁog‘gﬁ‘gar Nonlinear (2 splits) '(rl‘tfer\";‘glt)w'th ime &cost 788 .189 0.514
Mab gogg{i‘gar Nonlinear (1 spiit) '(ngjglt)w'th ime &cost 5773 208 0.465
Mb5a z\lloggl?sar Nonlinear (2 splits) I(r;t?;\e/lglts\;wth time & cost 0.793 -184 0.526
Nonlinear . . Interact with time & cost
M5b (1 split) Nonlinear (1 split) (2 levels) 0.772 -213 0.452
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Table 6-9. Best model results

M5a
Estimate tvalue

(Intercept) 0.418 0.56
TT -0.843 -1.89
Dummy TT_1 0.067 0.38
CO 1.527 2.83
Dummy_CO _1 -2.807 -3.91
Dummy_CO_2 -2.251 -5.95
MALE 0.501 2.25
PURP 1.493 6.31
FIRST 1.142 4.15
AGE12 0.265 2.07
AGE5 0.589 3.32
INC1 0.933 6.20
LUG 0.922 7.50
T_HE1 0.611 5.42
TT* Dummy_TT_1 -3.203 -8.83
CO* Dummy_CO_1 -4.610 -8.84
CO* Dummy_CO_2 5.811 15.49
MALE*PURP -1.771 -6.25
TT*MALE 0.421 0.88
TT*PURP 0.962 2.18
MALE*FIRST -1.220 -3.97
CO*MALE -0.522 -1.70
CO*FIRST -2.374 -5.98
TT*MALE*PURP -0.254 -0.45
CO*MALE*FIRST 1.870 4.17

6.5 Conclusiors

This study examined the possibility of using the mixture of experts (MoE) as an
exploratory tool to capture nonlinear and interaction effects (particular types of parameter
heterogeneity) when having no prior knowledge of those effects. Firstly, we expthat
MoE is connected to the popular latent class model; more specifically, the usage of MoE

is connected to the Aindirect applicati on:
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modeling. To demonstrate its usefulness, we experimented with syrtthttifor which
we know the true nonlinear/interaction effects. In the experiments, MoE was able to
identify those true effects. In a separate application to empirical data, MoE identified
significant nonlinear effects of time and cost on mode choice gotdired interaction
effects as well. By using the information from the MoE results, we were able to revise the

specifications of conventional logit models and thus improved model performance.

There are several avenues for future research. MoE could kenektrparameter
greedy, as a function of the number of experts and the complexity of each expert. As one
possibility to reduce complexity, we may feed explanatory variables only to the
segmentation model or only to the experts (i.e. the-glpssific outome functions). This
can lessen the number of parameters, but whether its performance can be equivalent to that
of standard MoE (in which variables are fed to both segmentation and outcome functions)
has not been studied. Second, the current study requined anal yst 6s j udgme
the identified effects into particular model specification elements (e.g. definition of the
number and location of piecewise linear splits; specific interaction terms). It might be
helpful if we could have a more systatic framework for performing this translation (e.g.
algorithmic detections). Third, the anal ys
whet her Astatistically significanto effect
Some automation of thistep could also be helpful, but this avenue could be challenging
because analysts would havectwlify domain knowledge in a form suitable for machine
based evaluation. This would not be easy, because domain knowledge itself may contain
effects that areomplex, and there may not be consensus in the domain on the directionality

or composition of many effects. At a minimum, some constraints in estimation might be
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used to ensure directionality of effects where such a consensus does astlgt. we
appliedthe models to simple empirical data (i.e. a binary decision with small sample sizes),

but more empirical studies are needed to verify the usefulness of MoE.
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CHAPTER 7. DISCUSSION AND CONCLUSION

7.1 Summary

This thesis aimed tpave the way to imprang our behavioral/demand modéddg
taking an indepth look athe heterogeneityn human behavioral processes, and ways of
incorporating that heterogeneity into our models. It specifically focused onVadited
forms of heterogeneifyembracing conceptsf anarket/data segmentatioand finite

mixture modelingThe thesis set up the objectives:

1. To build a framework for modeling finite mixture heterogeneity that connects
seemingly less related models and various methodological ideas across domains;

2. To tacklevarious heterogenehselated research questions in travel behavior and
thus show the empirical usefulness of the models under the framework;

3. To examine the potential, challenges, and implications of the framework with

conceptual considerations and praait@pplications.

For these purposes, five interlated studies were conduci@uthis journey.

CHAPTER land CHAPTER 2started with discussions about the necessity of
studying heterogeneity, related key concepts, and an overview of modeling finite mixture
heterogeneity. irough a comprehensive and systematic reyvtee study (1provided a
broader understanding of the usage landscape of finite mixture modg)isped light on
various typologies related to methodological approaches to treat heterogameity,

(3) discused alternativemodel configurationsTransportation reseeners may benefit
from this study by understanding the general iddmié mixture heterogeneity and where
we arenow in this modeling. As well, analysts can use this study as a compass while

designing their models.
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CHAPTER 3discussd parameter heterogeneity, which is the most popular type of
heterogeneity. Specifically, the chapter conedttree alternative approaches to tiregt
finite-valuedparameter hetegeneity: deterministic segmentation, endogenous switching,
and latent class model$he study (1) expanded the typology of mixture modeling by
embracing Aobserved classeso and (2) conn
switching model familyby way d detailed discussions abotheir similarities and
differences from conceptual and empirical standpoints. Specificaillly, equatiorrich
discussionghe study pointed out thdistinctive usefulness of each approach: tfen
better performance of thdatent class modebver competing modelsand theproper
framework forestimaing treatment effects &dred bythe endogenous switching model
(including an indepthinterpretationof treatment effects). Analysts may benefit from this
study by understandintpe connectios betweeriwo modeling families (thusupporting
model selectiomappropriatdo satisfyng their end$ and obtaining the correct equations for

calculating treatment effectsspeciallywhen the dependent variable is{iwmgnsformed.

CHAPTER 4deat with the confirmatory latent class approaatmich has been less
discussed in the literaturéhe studyillustratedthe usefulness of the confirmatory laten
class approach with an empirical applicatjorodeling leisure trip frequencies by car and
air). Specifically, the zerinflated model is embraced under the finite mixture
heterogeneity frameworlgiven the expanded typology of heterogeneftgalysts ma
gain inspiration from this studyn how to operationalize behavioral modetsendealing
with datashowinga particular pattern angdthenhaving some behavioral hypotheses on

such a pattern.
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CHAPTER 5expanadthe latent class model by combining it wiltle endogenous
switching model. It relax@the latent class modeels i mpl i ci't assumpti on
between the unobserved influences on class membershgqueroane With two empirical
applications(modelingthe willingness to share autonomous vehicle rides with strangers
and the adoption of ridehailing for socigurpose trips) the study showed how the
proposed models may give differansightscompared tcstandard latent class models
even when parameter estimates and gooenies measures appear to be similar
Specifically, when conducting scenario analydi® proposed method provides distinct
marginal and conditional (on class) expectations, wheéheastandard model only focuses
on conditional expectations'he studyopens the dooto an avenue for evaluating
Atreat ment effectso i n,whithanalyss mawsh toparkua s s mo ¢

in the future

CHAPTER 6 conceptually connected latent class modelinght® mixture of
experts (MoEgmpproacharising from the machine learning domaitis study used MoE
as a datalriven exploratory tool to ideifiy nonlinear and interaction effects (which are
special types of parameter heterogeneity) and used what we learn from MoE to improve
the performance of conventional moddlerough experiments with synthetic data and an
empirical application(to mode chaie), the study showed & MoE canautomatically
detect nonlinear/interaction effects and barused tanform our model specification§ o
our knowledge, his study is the firsin the transportation domaitw use thefindirect
applicatiom ( alsiown in the psychometrics figldf latent class modelinglence the
study expands the usage of finite mixture strustanel thuselps todiversify applications

for analysts.
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7.2 Challenges

Althoughthepreceding five studies showed promisagpecs ofthe finite mixture
framework, it is not free from challenges as well. Thus, this section describes several
challenges, which have been little discussed in the literature, that analysts need to

contemplate.

7.2.1 Sample representativeness

One of the potential ss1es of the market segmentatmnfinite mixtureapproach
might stem from the sample: is the sample representative of the target population? This
guestion would be embedded in any study using empirical data and it is an important issue.
However, the issueould be even more crucial for studies involving segmentation.
Numerous studies conduct modeling to identify structural relationships among variables,
or the effects of key variables on a target outcome. In such cases, sample bias may not
necessarily bertical, in that the studies focus on conditional relationships (Babbie, 2012):
giventhese characteristies, what is the expected outcome Y? However, even aside from
estimator bias, if we apply finite mixture modeling to sample data that are not
represatative of the target population, then projecting the results onto the target population
could yield inappropriate answers. In particular, the shares of classes and compositions of
classes may not represent those in the population of interest. For exathglsample is
highly skewed toward wealthy people, then the shares of classes related to such
demographics could be inflated. Even worse, analysts may fail to identify substantive latent
classes that exist in the real population. Another possibilityisgeading interpretations.

For example, suppose teshvviness measures are used to identify latent classes from each

of two samples: one of the general popul at

24¢



sampl e may psavdwuy ec laaedhe dileoctagses in the sample),
woul d-sfavee¢messodo have the same meaning 1in
mixture modeling would identifyelative classes within the sample. This issue also makes

it challenging to compare latent classesoas different studies.

In our review, relatively few studies reported or discussed this issue (or how they
handled it). For instance, several studies reported that the sample was fairly representative
of the target population with respect to some kematgaphics (e.g. Srinivasan et al.,
2009; Nayum et al., 2013; Fu and Juan, 2017; Mouter et al., 2017; Rahmani and Loureiro,
2019; Saxena et al., 2019b; Gong et al., 2020). Or some studies acknowledged that the
sample may not be fully representative of tdnget population, such as the whole cycling
population of Santiago (Rossetti et al., 2019), or the German population (Hackbarth and
Madlender, 2016). Several studies applied sample weights to make the results more
representative (e.g. Bailey and Axsenl20Prato et al., 2017; Vij et al., 2017). However,
this Iissue may not be pertinent in some st
interest or the data are Abigo enough. Al t
may be adequate to addsethe issue, although that could be debated (since we cannot
weight with respect to unobserved characteristics). Either way, however,
representativeness should certainly be considered when applying mixture modeling to a

sample and then making inferencesthe population.

7.2.2 Overfitting and generalizability

Overfitting issues are a concern in any model estimation process, but they can be

obscured when it comes to latent class modeling. First, this is because latent class



modeling, by nature, simultaneouslyvolves both iunsuper vi sed l ear
Asupervised | earningo. I n | atent class c¢h
problems, the problenyger seare supervised learning problems (outcomes are observed,

and the model is oriented toward prenhgtthose outcomes as well as possible), but
clustering is embedded in the model (and cluster membership is not predetermined). In
unsupervised learning problems such as cluster analysis, it is not easy to say whether the
solution is overfitting or notbecause the purpose of the analysis is to find latent structure

in the data and there is no ground truth ac

or not.

In addition, an important rationale behind using mixture models or segmentation
is to find heterogeneity. If the model identifies some substantial types of heterogeneity,
then it is interesting news for analysts who look for heterogeneity. However, the million
dollar question is,are such differences an indication of true heterogeneity, or a
consequence of overfittigrhe more complicated the models are (e.g. having more classes
or more parameters), the more likely it is that both true heterogeneity and overfitting are

confounded.

One might argue that we can determine whether the solutmreréitted or not
by checking whether it is generalizable to other datasets (e.g. using a holdout sample, or
crossvalidation). However, this question is also tricky to answéaat is becausat is
unclear how to properly evaluate model performance cdlgrdéor latent class modeling.
If we knew the true class membership in the test sample and if we knew how to properly
Aguesso c¢class membership using the model,

assess the performance of the model adequately. Howsvegture, classes alaent,
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and thus neither of those conditions are satisfied. Hence, althougtewsetlatent class

models using theitlassspecific(conditional) outcome functions (which is a key virtue of

such models), foevaluating model fitve end up relying orthe expected(marginal)
outcomes obtained by probabiktyeighting the classpecific predictions (since we do not

know which conditional, or classpecific, prediction applies to any particular case). This
implies that there is an @éonsistency between how we interpret the models and how we
evaluate the models, and this inconsistency leads us to a systematic undervaluation of latent
class models, because the true value of latent class niiedeils how well they explain

the behaviorgprocesses of each class, not some average outcome.

The two (extreme) examples showrFigure7-1 illustrate how an accuracy test
can undervalue the latent class nloti¢ée generate two ¥ relationships* (red and blue;
the left panel shows a case where the two relationships are positive, but with impacts of
different magnitudes; the right panel exhibits a case where the two relationships reflect
impacts of different gins as well as magnitudes). By applying a simple linear regression
on the pooled data (black dashed lines), the results deviate from the true data generation
processes; this becomes even more severe when the two data generation processes are
notably diffeent (e.g. different signs of parameters; see case 2). On the other hand, the
latent class model (with two classes) recovered the true parameters for both classes (i.e. the
two data generation processes are recovered). The problem is that when obtaimiatanew
points, we are not sure whether a given point is generated from Class 1 or Class 2. Hence,

we obtain the marginal prediction (the yellow lines; the weights in the linear combination

“Here, for si mpt heexiatmp | eefs dir ®ceusesaypdesateraeane sd arsp | e
regression probl ems.
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of the two classpecific models are the estimated class membepshimbilities), but in
so doing we lose the original idea of latent class modeling and prediction becomes poor as

well.

An obvious (and commonly exercised) option is to assign individuals to classes
based on their estimated class probabilities, spedifiaakigning a case to the class with
the highest predicted membership probability for that case. There are three issues here.
First, misclassification of at least some cases is almost inevitable. Second, it is common to
use posterior probabilities (i.eomsidering the information provided by the outcome and
thus updating the class membership probabi
sample individuals into classes (cf. NLOGIT 2016; Vermunt and Magidson, 2016).
However, t hi s i snthatweg areaubithgynforinatibneaboutithe gutcomie
which is supposed to be unknown while predicting (Kim and Mokhtarian, 2018). In
addition, in a real prediction exercise, the outcome values are likely to be unknown (which
is why we are modeling/predictinig the first place) and thus we may not be able to obtain
posterior probabilities in a holdout or entirely new sample. Third, the meaning of class
probabilities is somewhat misused in this case. As Train (2009) and Hensher et al. (2015)
pointout, suchéd har d cl assi f i c at-prababdity daasqteedsocalesh t he |
unit-weighted method) violates the basic idea of a probabilistic choice model. For example,
if there were 100 people, each of whom had a 0.51 probability of belonging to Claks 1 an
0.49 for Class 2, it would be unrealistic to assign all of them to Class 1 (as thesighited

method would doj instead, we would expect only about 51 of them to belong to Class 1.
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Figure 7-1. lllustration of how evaluation of finite mixture models can be misleading

7.2.3 Theii Ra s h effead n

Given the flexibility offered bythe concept ofinite mixture heterogeneityas
highlighted in this thesisywe can use that approachto model numerous types of

heterogeneity problems. However, this flexibility may possibly turn into a pitfall since it

can raise the question, Awhen the finite |
ones, how can wikesure that the model capturedtiefeect s i nt ended by t
ot her words, couldndét there be multiple wa

model to fit the data? In machine learning, Breiman (2001) usetkthefiRashomon
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