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Abstract 

Latent modal preferences, or modality styles, are defined as lifestyles built around the use of a 
particular travel mode or set of travel modes. They are hypothesized to influence all dimensions 
of individual and household travel and activity behavior. For example, in the context of travel 
mode choice, different modality styles may be characterized by the set of travel modes 
considered and the sensitivity to different level-of-service attributes of the transportation system. 
This study employs a Latent Class Choice Model that incorporates the influence exerted by 
individual modality styles on travel mode choice decisions over time. The framework represents 
an important first step in the transition from tour-based models of travel and activity behavior 
towards lifestyle-based models of travel and activity behavior. In our previous work, our focus 
was on developing the methodological framework. Here, we examine the implications of the 
framework for transportation policy. We begin by evaluating the robustness of the framework 
using travel diary datasets from Karlsruhe, Germany and the San Francisco Bay Area, United 
States. Despite distinct differences across the two datasets in terms of sample size, observation 
period, and geographical and sociocultural context, the framework outperforms traditional 
models of travel mode choice behavior for both datasets in terms of both statistical measures of 
fit and behavioral interpretation. We identify key differences in lifestyles and modality styles 
between the two regions. For example, the study finds that 29% of the sample population 
belonging to the Bay Area only considers the automobile when deciding how to travel, and 
consequently relies on the car to fulfill all their travel needs. In comparison, the proportion of the 
sample population belonging to Karlsruhe that displays a strong predisposition towards the 
automobile is much smaller at 16%, and even these auto-oriented individuals are willing to walk 
for short-distance tours. We compare forecasts from the framework with models of travel mode 
choice that overlook the modality styles construct. The study finds that these simpler frameworks 
can overestimate expected gains from transport policies and infrastructural initiatives seeking to 
reduce automobile use by factors of between 1.5 and 3. Finally, we contrast the relative influence 
of changes to the transportation infrastructure on travel mode choice behavior with changes in 
modality styles. For example, the study finds that if the fraction of the sample population in the 
Bay Area that only considers the automobile when deciding how to travel could be reduced from 
the existing 29% to 23%, the resulting decline in automobile use would be the same as that 
achieved by altogether eliminating waiting and transfer times for public transit under the original 
distribution of individuals across modality styles. 

Keywords: Modality styles, lifestyles, travel mode choice, travel demand models 
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1. Introduction 

Empirical evidence increasingly indicates the existence of higher-level orientations, or lifestyles, 
that concurrently influence all dimensions of an individual’s travel and activity behavior 
(Kitamura et al., 1997; Krizek and Waddell, 2002; Lanzendorf, 2002; Choo and Mokhtarian, 
2004; and Johansson et al., 2006). One of the first formal definitions of individual lifestyles was 
proffered by Sobel (1981), who characterized lifestyles as sets of expressive, observable 
behaviors, and regarded consumption as the activity that best captured different lifestyles. It was 
proposed by Giddens (1991) that individuals embrace differing patterns of consumption behavior 
not only because they fulfill varying utilitarian needs, but because they give material form to a 
particular narrative of self-identity. Therefore, the myriad choices that an individual is daily 
confronted with result in decisions not only about how to act but who to be.  

Within this framework, latent modal preferences, or modality styles, are defined as lifestyles 
built around the use of a particular travel mode or set of travel modes (Vij et al., 2013). They are 
hypothesized to influence all dimensions of travel and activity behavior. For example, in the 
context of travel mode choice, different modality styles may be characterized by the set of travel 
modes that an individual might consider when deciding how to travel, her sensitivity, or lack 
thereof, to different level-of-service attributes of the transportation (and land use) system when 
making that decision, and the socioeconomic characteristics that predispose her one way or 
another. Individuals with different modality styles likely respond differently to transportation 
policies and infrastructural initiatives aimed at changing their travel and activity behavior. When 
considering different policy options, it is therefore important to have an understanding of the 
distribution of modality styles in the population and of the possible responses. 

Nothing is perhaps more emblematic of the American lifestyle than the automobile. The United 
States is home to a fifth of the world’s passenger vehicles (Davis et al., 2011) and has an average 
ownership rate of 1.86 passenger vehicles per household (FHWA, 2009). The National 
Household Travel Survey (NHTS) for 2009 finds that 88% of commute trips and 83% of other 
trips are made by the car, with average vehicle occupancies of 1.13 and 1.74, respectively. A 
Federal Transit Administration report that examines local familiarity with public transportation 
systems across the United States (Wirthlin Worldwide and FJCandN, 2000) finds that one-in-
four Americans know nothing about public transportation in their neighborhood, one-in-three 
Americans has never used public transportation in their lives, and only one-in-two Americans 
can claim complete familiarity with the local public transportation network.  

The automobile’s profound impact on the physical space we live in and the cultural landscape 
that we inhabit is inescapable. Architecture, advertising, art, cities, design, sexuality, literature, 
music, cinema – very little is exempt from the automobile’s influence (Wollen and Kerr, 2002). 
Figure 1 shows a series of car advertisements taken from American publications over the second 
half of the last century. In chronological order, the first, a double page spread from a 1948 issue 
of Life, has four young and beautiful people roasting marshmallows over a beach bonfire while 
their car, a Studebaker, stands gleaming on the sand under the moonlit night. The second, a full 
page spread from a 1960 issue of Life, shows two elegantly dressed couples returning perhaps 
from a pierside wedding to their equally elegant Buick. The third, a full page spread from a 1972  
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Figure 1: Car advertisements taken from American publications over the second half of the last century: 
(1) A double page spread for a Studebaker from a 1948 issue of Life; (2) a full-page spread for a Buick 

from a 1960 issue of Life; (3) a full-page spread for a Camaro from a 1972 issue of Life; and (4) a 
double-page spread for a Caravan from a 1990 issue of National Geographic 

issue of Life, depicts a family of adventurers posing in their scuba diving gear beside their 
Camaro. The fourth and final advertisement, a double page spread from a 1992 issue of National 
Geographic, shows a suburban working mother standing proudly beside her Caravan, explaining 
in the text below the photograph how she needs the car to “Get the kids to school, our two plus 
three more from down the street. With volleyball afterwards. Not to mention groceries… On top 
of this, I’m an attorney and I’ve got a big caseload. And I need our Caravan for that too.” 

What used to be a quintessentially American obsession has, through radio channels, television 
sets and the Internet, leaked into the popular imagination of cultures all around the world. The 
automobile’s continued preeminence in much of the developed world, and its more recent 
proliferation in many developing countries, is a source of grave concern to the health of our 
cities and the global environment at large. It is widely agreed that the current pattern of human 
growth is unsustainable, and that a determined effort needs to be made to encourage individuals 
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to forego driving in favor of greener modes of transportation. The growing social costs imposed 
by the automobile through its impacts on congestion and safety, and the increased relevance of 
issues of equity and livability, have together contributed to a renewed interest in alternative 
modes of travel, such as public transit and bicycling, and their potential to offer a more 
sustainable solution to our mobility requirements.  

Travel demand models constitute an important component of the planning and policy-making 
process, being widely used to make forecasts, which in turn are driven by the assumptions that 
these models make about how individuals arrive at decisions. Existing travel demand models 
place an overriding emphasis on travel times and travel costs as determinants of travel mode 
choice, but individuals don’t just drive because the car is the fastest or the cheapest mode. Some 
may drive because the car facilitates a lifestyle that involves a suburban single-family home with 
separate bedrooms for each of the kids and a safe and quiet environment in which to raise them, 
as amply demonstrated by the woman pictured in the 1992 Caravan advertisement. Others might 
drive because of the sense of freedom and independence afforded by the car, the ability to take 
off whenever and wherever you please, the open road as symbolic of the American dream (Steg, 
2005). The automobile is not just a mode of transportation. To the people who drive one, and to 
those who dream of the day they can, the automobile epitomizes a way of life (Kitamura, 1988). 
Carmakers have always known this. And if transportation practitioners and policy-makers are to 
succeed in persuading individuals to drive less then it’s imperative that travel demand models too 
recognize that the decision to use a particular travel mode involves a more fundamental choice 
between very different and divergent lifestyles and modality styles. 

In the last two decades, numerous studies have examined the influence of lifestyles on different 
dimensions of individual and household travel and activity behavior including, but not limited to, 
travel mode choice behavior (see, for example, Scheiner and Holz-Rau, 2007; Ohnmacht et al., 
2009; Fan and Khattak, 2012; and Lavery et al., 2013). Though these studies have made notable 
contributions in terms of advancing our understanding of the relationship between lifestyles and 
travel behavior, a travel demand model framework that explicitly recognizes the influence of 
latent modal preferences, or modality styles, on travel mode choice behavior has remained 
lacking. In developing a framework that captures the influence of modality styles on travel mode 
choice, we make use of Latent Class Choice Models (LCCMs). LCCMs are nonparametric (or 
semiparametric) finite mixture discrete choice models, first developed in the field of marketing 
sciences as tools to identify relatively homogenous consumer segments that differ substantially 
from each other in terms of their behavior in the marketplace (Kamakura and Russell, 1989). 
LCCMs are particularly appropriate given the discrete nature of heterogeneity hypothesized here. 
We argue that discrete modality styles exist, that these modality styles are indicative of higher-
level orientations that influence individual choices across multiple dimensions, and 
consequentially individuals with different modality styles exhibit different travel mode choice 
behavior. Our model framework synthesizes recent advances in discrete choice analysis in the 
sub-domains of taste heterogeneity (Bhat, 1997; Train, 2008), choice set generation (Swait and 
Ben-Akiva, 1987; Ben-Akiva and Boccara, 1995; Gopinath, 1995), and simultaneous choice 
models (Bhat and Guo, 2007; Eluru et al., 2010). For a more comprehensive review of the 
literature on each of these three sub-domains, the reader is referred to Vij et al. (2013). In 
addition, our model framework contributes methodologically to the domain of preference 
endogeneity. Discrete choice models in the past have assumed that preferences are characteristics 
of the decision-maker that are exogenous to the choice situation and stable over time; our 
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framework characterizes preferences as endogenous to the choice situation and susceptible to 
change in response to one or more changes in the decision-making environment. For a more 
detailed review of the literature on preference endogeneity in discrete choice models, the reader 
is referred to Vij and Walker (2014). 

In our earlier work, documented in Vij et al. (2013) and Vij and Walker (2014), our focus was on 
developing a methodological framework that suitably captures the influence of modality styles 
on travel mode choice behavior. Here, we examine the implications of the framework for 
transportation policy, making use of the methodological framework and estimation results 
reported previously (note that the estimation results presented in Vij et al. (2013) using an earlier 
version of the model framework have now been updated). We restate the results here as 
necessary to allow the paper to stand independently. The objectives of this paper are four-fold: 
(1) to evaluate the robustness of the LCCM framework using two very distinct travel diary 
datasets from Karlsruhe, Germany and the San Francisco Bay Area, United States that differ 
from one another in terms of sample size, observation period, and geographical and sociocultural 
context; (2) to identify key differences in lifestyles and modality styles between the two datasets 
that could not otherwise be recognized using existing methods of analyses; (3) to compare 
forecasts from the framework with travel demand models that overlook the modality styles 
construct; and (4) to contrast the relative influence on travel behavior of marginal to major 
changes to the transportation infrastructure with marginal to major changes in modality styles.  

The paper is organized as follows: Section 2 presents the methodological framework employed 
by this study. Section 3 presents estimation results for travel diary data collected in Karlsruhe, 
Germany and comprises a relatively small sample of 119 individuals surveyed over a fairly long 
observation period of six weeks. Section 4 presents estimation results for travel diary data 
collected in the San Francisco Bay Area in the United States and consists of a relatively large 
sample of 26,350 individuals surveyed over a fairly short observation period of two days. Section 
5 examines forecasts for different scenarios using estimation results from the San Francisco Bay 
Area dataset. Findings from the section demonstrate why transport policy and infrastructural 
initiatives seeking to reduce automobile use in the United States will continue to underachieve 
unless they can force a shift in modality styles. Section 6 concludes the paper with a discussion 
of possible mechanisms to force such a shift, and their likelihood of success. 

2. Methodological Framework 

This study argues that any sample population may be decomposed into discrete segments that 
differ in their awareness of and proclivity towards different travel modes, and their sensitivity, or 
lack thereof, to different level-of-service attributes of the transportation system. These 
differences are indicative of a single overarching modality style that influences the decision-
maker’s travel mode choice behavior across multiple tours over time. In developing a model 
framework that captures this influence, we make use of LCCMs. The LCCM framework 
comprises two components: a class membership model and a class-specific choice model. The 
class membership model formulates the probability that a decision-maker belongs to a particular 
modality style. Conditioned on the modality style that the decision-maker belongs to, the class-
specific choice model formulates the probability that the decision-maker chooses a particular 
travel mode for a given tour. As is standard practice, we estimate separate class-specific choice 
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models for mandatory and non-mandatory tours, where mandatory tours include trips to work 
and/or school and non-mandatory tours include all other tours. 

We begin with the class-specific choice model, which predicts the probability that decision-
maker n over tour purpose d and tour t chooses travel mode j, conditional on the decision-maker 
belonging to modality style s, and is written as: 

P y!"#$ = 1|q!" = 1  (1) 

, where y!"#$ equals one if decision-maker n over tour purpose d and tour t chose travel mode j, 
and zero otherwise, and q!" equals one if decision-maker n belongs to modality style s, and zero 
otherwise. Let u!"#$|! be the utility of travel mode j over tour purpose d and tour t for decision-
maker n given that the decision-maker belong to modality style s, expressed as follows: 

u!"#$|! = 𝐱𝐧𝐝𝐭𝐣! 𝛃𝐝𝐬 + ε!"#$|! (2) 

, where 𝐱𝐧𝐝𝐭𝐣 is a vector of attributes of travel mode j over tour purpose d and tour t for decision-
maker n, 𝛃𝐝𝐬 is a vector of parameters specific to the choice model for tour purpose d and 
modality style s and ε!"#$|! is the stochastic component of the utility specification. Assuming that 
all decision-makers are utility maximizers, the class-specific choice model may then be 
formulated as: 

P y!"#$ = 1|q!" = 1 = P u!"#$|! ≥ u!"#!!|!∀j! ∈ 𝐂𝐧𝐝𝐭|𝐬  (3) 

, where 𝐂𝐧𝐝𝐭|𝐬	
  is the set of travel modes considered for tour purpose d and tour t by decision-
maker n  given that the decision-maker belongs to modality style s . LCCMs incorporate 
preference heterogeneity by allowing both the taste parameters 𝛃𝐝𝐬 and the choice set 𝐂𝐧𝐝𝐭|𝐬 to 
vary across modality styles. Depending upon the distributional assumptions regarding ε!"#$|!, 
equation (3) can be reduced to different functional forms. For example, if we assume ε!"#$|! to be 
i.i.d. Gumbel across decision-makers, tour purposes, tours, travel modes and modality styles with 
location zero and scale one, then equation (3) yields the familiar probability expression for a 
multinomial logit model: 

P y!"#$ = 1|q!" = 1 =
exp 𝐱𝐧𝐝𝐭𝐣! 𝛃𝐝𝐬

exp 𝐱𝐧𝐝𝐭𝐣!
! 𝛃𝐝𝐬!!∈𝐂𝐧𝐝𝐭|𝐬

 (4) 

Equation (3) may be combined iteratively over travel modes, tours and tour purposes to yield the 
following conditional probability of observing the vector of choices 𝐲𝐧 for decision-maker n: 

P 𝐲𝐧|q!" = 1 = P y!"#$ = 1|q!" = 1 !!"#$

!∈𝐂𝐧𝐝𝐭|𝐬

!!"

!!!

!

!!!

 (5) 
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, where D denotes the number of tour purposes (two in our case: mandatory and non-mandatory) 
and T!" denotes the number of distinct tours observed for decision-maker n over tour purpose d. 
The second piece to the LCCM is the class membership model, which predicts the probability 
that decision-maker n belongs to modality style s, and is written as: 

P q!" = 1  (6) 

Depending on the analyst’s assumptions, the class membership model may be formulated as a 
multinomial logit, multinomial probit, mixed logit or some other model form. In our case, we 
assume the multinomial logit specification, shown below: 

P q!" = 1 =
exp 𝐳𝐧! 𝛄𝐬 + CS!"#α!"!

!!!

exp 𝐳𝐧! 𝛄𝐬! + CS!"!!α!𝐬!!
!!!

!
𝐬!!𝟏

 (7) 

, where 𝐳𝐧 is a vector of characteristics of decision-maker n and 𝛄𝐬 is a vector of parameters 
associated with the decision-maker’s characteristics. In addition, we specify class membership as 
some function of CS!"#, the average consumer surplus offered by latent class s to individual n 
from tour purpose d. Finally, α!" is a parameter associated with the average consumer surplus 
offered by class s for tour purpose d. Consumer surplus is a measure of the welfare that decision-
makers gain from a choice situation. If decision-makers are utility maximizers then the average 
consumer surplus is the average expected maximum utility derived by the decision-maker over 
different tours, expressed as follows: 

CS!"# =
1
T!"

E max
!∈𝐂𝐧𝐝𝐭|𝐬

u!"#$|!

!!"

!!!

 (8) 

, where we've normalized consumer surplus for the number of observations T!". If ε!"#$|! is 
assumed to be i.i.d. Extreme Value, then equation (8) results in the following logsum measure of 
average consumer surplus: 

CS!"# =
1
T!"

log exp 𝐱𝐧𝐝𝐭𝐣! 𝛃𝐝𝐬
!∈𝐂𝐧𝐝𝐭|𝐬

!!"

!!!

 (9) 

Why include consumer surplus in the class membership model? Assume, for the sake of 
illustration, that the population of interest initially comprises three classes: auto-oriented, transit-
oriented and multimodal individuals. Changes in the level-of-service of different travel modes 
will affect each of the three modal orientations, or classes, differently. For example, increased 
freeway congestion will affect auto-oriented individuals the most and a reduction in transit 
services will affect transit-oriented individuals the most. The former may push auto-oriented 
individuals towards one of the other two classes, and the latter might trigger a similar effect on 
transit-oriented individuals. By including consumer surplus in the class membership model, we 
allow class membership to be sensitive to the alternative attributes 𝐱𝐧𝐝𝐭𝐣 . Since the taste 
parameters 𝛃𝐝𝐬 and choice sets 𝐂𝐧𝐝𝐭|𝐬 vary across classes, changes in alternative attributes will 
result in unequal changes in the consumer surplus offered by each class, which in turn will 
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change the probability that a decision-maker belongs to a particular class, thereby allowing the 
distribution of individuals across different modality styles to be sensitive to changes in the 
decision-making environment.  

The number of modality styles S is determined by estimating models with different number of 
modality styles and using a combination of goodness-of-fit measures, such as the Bayesian 
Information Criterion (BIC) and the Akaike Information Criterion (AIC), and behavioral 
interpretation to select the most appropriate model. Equations (5) and (6) may now be combined 
to yield the marginal probability P 𝐲𝐧  of observing the vector of choices 𝐲𝐧 as follows: 

P 𝐲𝐧 = P q!" = 1 P y!"#$ = 1|q!" = 1 !!"#$

!∈𝐂𝐧𝐝𝐭|𝐬

!!"

!!!

!

!!!

!

!!!

 (10) 

Equation (10) shows how travel mode choices across tours for multiple purposes for the same 
individual are correlated through the class-membership model. Equation (10) may be combined 
iteratively over individuals to give the likelihood function for the sample population as follows: 

L 𝛂,𝛃,𝛄; 𝐲,𝐗,𝐙 = P q!" = 1 P y!"#$ = 1|q!" = 1 !!"#$

!∈𝐂𝐧𝐝𝐭|𝐬

!!"

!!!

!

!!!

!

!!!

!

!!!

 (11) 

The unknown parameters 𝛂,𝛃,𝛄  may be estimated by maximizing the likelihood function 
given by equation (13). All models presented in this study were estimated using MATLAB. 

3. Case Study I: Karlsruhe, Germany 

Travel demand models traditionally employ cross-sectional travel diary data recorded over one 
or two days, observation periods that might be too short to discern the effects of individual 
habits, routines and predispositions that are reflective of modality styles. Given our research 
objectives, a longer observation period could prove to be useful, and so the dataset that we first 
apply the model framework to consists of six-week travel diary surveys administered as part of 
the MOBIDRIVE research project in the German city of Karlsruhe (Axhausen et al., 2002). The 
dataset offers a unique opportunity to observe modality styles in a longer-term setting that is 
perhaps more consistent with the time scale of the modality styles construct.  

The focus of this case study will be on capturing the influence of individual modality styles on 
two specific dimensions of travel behavior: travel mode choice for work tours and travel mode 
choice for non-work tours. The Section is structured as follows: Section 3.1 describes the dataset 
in greater detail; Section 3.2 elaborates upon the model specification; Section 3.3 presents 
estimation results for the preferred model specification; and Section 3.4 summarizes findings 
from the case study. 
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Figure 2: Model of travel mode choice for the MOBIDRIVE dataset 

3.1 The Dataset 

The dataset consists of six-week travel diary surveys from the city of Karlsruhe, Germany. The 
survey consisted of a face-to-face interview in which socio-demographic characteristics and 
household information were collected. This was followed by a self-administered travel diary 
survey in which participants recorded for each trip during the six-week study period the day the 
trip was made, trip purpose, modes used, departure and arrival times, accompanying individuals, 
etc. During post-processing, the level-of-service for all modes (walk, bike, auto, and transit) was 
generated from transportation network data for the city of Karlsruhe. More details on the survey 
and the resulting dataset can be found in Axhausen (2002). We will be using travel diary data for 
1445 mandatory home-based tours and 3359 non-mandatory home-based tours made by 117 
individuals for model estimation 

3.2 Model Specification 

The model specification is illustrated in Figure 2. Consistent with the usual notation, ellipses 
denote unobservable variables and rectangles denote observable variables, while dashed arrows 
represent measurement equations and solid arrows represent structural equations. As mentioned 
before, LCCMs comprise two components: a class membership model and a class-specific 
choice model. Individual modality styles are represented as latent classes. Class membership is 
hypothesized to be a function of observable household and individual characteristics, medium 
and long-term travel and activity decisions, and the consumer surplus offered by different 
modality styles. The disturbances denote unobserved factors that influence class membership,  
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Table 1: Summary statistics for different model specifications (adapted from Vij et al., 2013) 

Model Parameters LL 𝛒𝟐 BIC AIC 
Mixed logit with error components      

Taste homogeneity 22 -3,732 0.390 7,650 7,508 
Systematic taste heterogeneity 70 -3,596 0.404 7,786 7,332 
Random taste heterogeneity 72 -3,548 0.411 7,707 7,240 

LCCMs      
Two classes 56 -3,537 0.416 7,548 7,185 
Three classes 69 -3,457 0.427 7,499 7,052 
Four classes 108 -3,413 0.427 7,741 7,042 

 

assumed to be i.i.d. Extreme Value across individuals. The class-specific choice model depicts 
the influence exerted by a single overarching modality style on an individual’s travel mode 
choices across multiple work and non-work tours over time. As is standard practice, separate 
class-specific choice models are estimated for work and non-work tours and the two choice 
dimensions are correlated through the modality styles construct. Travel mode choices are further 
conditioned on the travel times of the different travel mode alternatives. Unfortunately, cost data 
isn’t available for any of the travel modes, and so no price parameters could be estimated for the 
model. In terms of the error structure, the class-specific choice models are mixed logit models 
where error components are introduced to capture serial correlation that accrues from the panel 
nature of our data (the stochastic component of the utility of each alternative is correlated across 
different travel mode choice decisions for the same individual). Heterogeneity across modality 
styles includes the travel modes considered, alternative-specific constants, sensitivity to travel 
times and the parameters corresponding to the error structure. The class membership and class-
specific choice models together explicitly integrate the modality styles construct with travel 
mode choice models.  

3.3 Estimation Results 

In determining a final model specification for the sample population, we estimated numerous 
models where we varied the utility specification, number of classes and choice set assumptions. 
Here we briefly summarize this process and present key results in Table 1 for twelve different 
models. To facilitate comparison, Table 1 enumerates for each model the number of parameters 
estimated (#), the log-likelihood of the training data, the adjusted rho-bar-squared (𝛒𝟐), the 
Bayesian Information Criterion (BIC) and the Akaike Information Criterion (AIC). Since the 
adjusted rho-bar-squared and the AIC are equivalent measures of fit, we will be restricting our 
attention to the BIC and the AIC when comparing different models.   

First, we compare the mixed logit model with error components and homogenous taste 
parameters to the LCCMs. As is apparent from Table 1, each of the three LCCMs outperforms 
the mixed logit model in terms of both the BIC and the AIC. Next, we compare the LCCMs 
against other ways of incorporating heterogeneity in choice models (without the use of attitudinal 
indicators), namely a mixed logit model with systematic taste heterogeneity and a mixed logit 
model with random taste heterogeneity. Both are single class models that build on the framework 
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of the mixed logit model with error components and homogenous taste parameters. The mixed 
logit model with systematic taste heterogeneity differs from the mixed logit model with error 
components in that the variables denoting individual and household characteristics and long-term 
travel decisions that enter each of the LCCMs through the class-membership model enter the 
utility specification here as alternative-specific variables. As with the mixed logit model with 
error components and homogenous taste parameters, each of the three LCCMs performs better 
than the model specification in terms of both the BIC and the AIC. The mixed logit model with 
random taste heterogeneity builds on mixed logit model with systematic taste heterogeneity by 
specifying a lognormal distribution on the coefficient of travel time. Here, the comparison isn’t 
as straightforward, with the model performing better than the four-class LCCM in terms of the 
BIC. However, by and large, the LCCMs appear to outperform the mixed logit model with 
random taste heterogeneity. Finally, we limit our comparison to the three LCCM specifications, 
which doesn’t reveal as clear a trend. The three-class LCCM is better in terms of the BIC and the 
four-class LCCM is better in terms of the AIC. Based both on statistical measures of fit and 
behavioral interpretation, we select the three-class LCCM as the preferred model specification. 
In terms of fit, the model has the lowest BIC and the second lowest AIC across all specifications. 
In terms of the signs and relative magnitudes of the different model parameters and the 
accompanying behavioral interpretation of each of the latent classes, results for the three-class 
LCCM with heterogeneous choice sets and with feedback proved to be the most satisfying.  

Tables 2 and 3 list estimation results for the class-specific travel mode choice model for work 
and non-work tours, respectively, and Table 4 lists estimation results for the class membership 
model for the three-class LCCM with heterogeneous choice sets (the utility of each alternative 
for the class-specific choice models and the class membership model was specified linear in the 
variables listed in each table). Since travel time is the only level-of-service variable in the class-
specific choice models, in order to facilitate a comparison between estimates we enumerate in 
Table 5 the aggregate elasticity of demand with regards to travel time for each of the four travel 
modes across the three classes for work and non-work tours, where the measure is defined as the 
change in the percentage of tours made by a particular travel mode in response to a one percent 
increase in travel times for that travel mode.  

Over the course of the following paragraphs, we rely on the results presented in Tables 2-5 to 
describe in greater detail each of the three classes identified by the model (class labels are 
descriptive and not definitive). Estimation results for the class membership model and the class-
specific choice models provide information on how the classes differ from one another in terms 
of the kinds of decision-makers that belong to each class and the relative importance that they 
attach to each of the level-of-service attributes, respectively. To further underscore behavioral 
differences between the three classes, a sample enumeration is carried out, and the results are 
incorporated in our description of the three classes. The class membership probabilities for each 
individual are summed to arrive at the expected size of the three modality style segments. The 
class-specific probability of choosing an alternative on a tour is weighted by the class 
membership probability for the respective individual, and the product is summed over all tours to 
arrive at the expected modal split for each of the three modality styles. A similar procedure is 
used to calculate the socioeconomic composition of each class. Before we describe the classes in 
greater detail, it is worth reemphasizing that the estimation process is exploratory in that the  
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Table 2: Parameter estimates (and t-statistics) for the class-specific travel 
mode choice model for work tours (adapted from Vij et al., 2013) 
Variable Class 1  Class 2  Class 3  

Alternative-specific constants 

Auto 0.000 
(-)  

0.000 
(-) 

 0.000 
(-) 

 

Transit -  -1.209 
(3.35) 

 0.195 
(0.35) 

* 

Bike -  -0.448 
(0.94) 

* -0.959 
(2.39) 

 

Walk 1.547 
(2.03)  

2.065 
(4.62) 

 0.034 
(0.07) 

* 

Level-of-service attributes 

Travel time (minutes) -0.119 
(3.59)  

-0.096 
(8.12)  

-0.001 
(1.05) 

* 

Heteroskedastic error components 

Auto 0.000 
(-)  

0.752 
(2.44)  

2.203 
(7.49)  

Transit -  1.192 
(3.35)  

1.008 
(3.85)  

Bike -  2.445 
(5.19)  

2.924 
(5.56)  

Walk 1.091 
(0.94) 

* 2.132 
(4.90)  

1.336 
(3.97)  

* Insignificant at the 10% level  
 

number of classes and the behavior of each class are uncovered in the course of testing different 
model specifications. The class labels are assigned based on what the estimation results imply 
regarding behavior. 

Habitual Drivers (Class 1): Comprising 16.7% of the sample population, habitual drivers only 
consider auto and walk when deciding how to travel, with the mode split being roughly four to 
one in favor of auto for both work and non-work tours. In terms of the elasticity of demand with 
respect to travel times, relative to the other two modality styles habitual drivers fall in the 
middle. The high elasticity of demand for walk suggests that habitual drivers are willing to walk 
for short-distance tours. As one would expect, they have the highest average auto ownership rate 
of 1.46 cars per household. The segment largely comprises working men: 88% of the segment is 
employed and 78% is male. Single adults have a higher propensity to be habitual drivers as well. 

Time Sensitive Multimodals (Class 2): At 44.1% of the sample population, the segment 
considers all modes of travel and has the highest elasticity of demand with regards to travel time, 
though the elasticities for not all of the travel modes are greater than one. However, a higher 
elasticity of demand indicates that time sensitive multimodals make an objective trade-off 
between different travel modes based on the travel time of each mode. Roughly one in two tours, 
work or non-work, is made by auto. Time sensitive multimodals have a median auto ownership  
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Table 3: Parameter estimates (and t-statistics) for the class-specific travel 
mode choice model for non-work tours (adapted from Vij et al., 2013) 
Variable Class 1  Class 2  Class 3  

Alternative-specific constants 

Auto 0.000 
(-)  

0.000 
(-)  

0.000 
(-)  

Transit -  -1.311 
(5.36)  

-1.011 
(2.97)  

Bike -  -0.926 
(2.42)  

-1.161 
(3.02)  

Walk 3.250 
(2.00)  

2.521 
(8.21)  

1.060 
(3.70)  

Level-of-service attributes 

Travel time (minutes) -0.277 
(3.78)  

-0.080 
(11.34)  

-0.015 
(6.27)  

Heteroskedastic error components 

Auto 0.000 
(-)  

0.792 
(4.54)  

1.732 
(8.91) 

 

Transit -  1.909 
(6.69)  

2.029 
(8.84) 

 

Bike -  2.323 
(8.16)  

1.967 
(8.50) 

 

Walk 3.816 
(2.47)  

1.968 
(6.95)  

0.184 
(1.22) 

* 

* Insignificant at the 10% level  
 

rate of 1.23 cars per household. Females are more likely to belong to the segment than men, and 
employment has a negative influence on class membership (56% of the segment is not employed, 
the highest among the three segments.). In some ways, time sensitive multimodals represent one 
of the two halves that make a traditional household structure, the other being working men 
belonging to the habitual drivers segment. 

Time Insensitive Multimodals (Class 3): Comprising 39.2% of the sample population, this 
segment too considers all modes of travel but the demand for any of the modes is inelastic with 
regards to travel time. The high inelasticity of demand suggests that the segment does not choose 
how to travel based on a trade-off between travel times for each mode, and therefore place higher 
weight on other factors that are not captured in the model. Moreover, time insensitive 
multimodals will continue to act as they did before (or close to it) regardless of future changes in 
travel times for one or more travel modes. Roughly one in three tours, work or non-work, is 
made by auto, and time insensitive multimodals have the lowest average auto ownership rate at 
1.15 cars per household. Transit season pass possession has a positive and significant influence 
on class membership. In terms of sociodemographic composition, time insensitive multimodals 
are evenly split between the two genders and have a high employment rate of 72%.  
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Table 4: Parameter estimates (and t-statistics) for the class membership model 
(adapted from Vij et al., 2013) 
Variable Class 1  Class 2  Class 3  

Class specific constant 0.000 
(-)  

-6.235 
(1.98)  

-9.013 
(2.54) 

 

Consumer surplus  

Work tours (utils) 0.062 
(0.27) * 0.192 

(0.74) 
* 0.042 

(0.09) 
* 

Non-work tours (utils) 0.624 
(2.79)  

0.345 
(0.35) 

* 1.292 
(1.51) 

* 

Individual and household characteristics 

Male 0.000 
(-)  

-2.176 
(1.91) 

 -1.600 
(1.47) 

* 

Married 0.000 
(-) 

 
 

0.041 
(0.03) 

* -1.052 
(0.93) 

* 

Parent 0.000 
(-)  

-0.711 
(0.65) 

* -0.468 
(0.45) 

* 

Employed 0.000 
(-)  

-2.345 
(1.49) 

* -0.915 
(0.58) 

* 

Single adult 0.000 
(-)  

-1.585 
(1.27) 

* -2.209 
(1.84) 

 

Household income (1,000 DM) 0.000 
(-)  

0.220 
(1.13) 

* 0.240 
(1.27) 

* 

Long-term travel decisions 

Number of cars 0.000 
(-)  

0.209 
(0.22) 

* -0.965 
(1.12) 

* 

Transit season pass 0.000 
(-)  

2.527 
(1.58) 

* 2.42 
(1.60) 

* 

* Insignificant at the 10% level  
 

Individuals with different modality styles likely respond differently to policies aimed at changing 
travel behavior. When considering different options, it is important to have an understanding of 
the distribution of modality styles in the population and of the possible responses. The class 
membership model is rich in terms of interpretation, and serves as a harbinger of some of these 
potentially important implications for policy-makers. As an example, it is likely that policies 
aimed at achieving a mode shift from automobile to transit (e.g., through financial incentives to 
buy transit passes) might bear greater fruit if targeted specifically at choice multimodals. The 
influence of any such policy on auto-oriented individuals is expected to be little, even though 
that segment of the population might account for a majority of automobile trips. However, land 
use and residential zoning policies could take advantage of the fact that auto-oriented individuals 
display a strong willingness to walk for short distance tours through the design of more walkable 
auto-oriented suburban neighborhoods. Alternatively, attention could be given to initiatives that 
promote less driving through changes in destination or travel time, but do not aim at forcing a 
shift in travel modes. 
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Table 5: Aggregate elasticity of demand with respect 
to travel times (adapted from Vij et al., 2013) 

Travel Mode Class 1 Class 2 Class 3 

Work tours 
Auto -0.061 -0.366 -0.012 
Transit 0.000 -1.364 -0.020 
Bike 0.000 -1.120 -0.023 
Walk -1.189 -1.165 -0.059 

Non-work tours 
Auto -0.056 -0.285 -0.084 
Transit 0.000 -0.856 -0.162 
Bike 0.000 -1.078 -0.277 
Walk -1.093 -0.870 -0.397 

 

3.4 Conclusions 

Results from the case study are encouraging in that the econometric analysis indicates the 
presence of three broad modality styles within the sample population that differ from one another 
in terms of their socioeconomic make-up, their relative dependence on the automobile and their 
sensitivity to travel times. Results indicate the presence of auto-oriented individuals who display 
a strong bias for using the automobile and multimodal individuals who appear to be more open to 
alternative modes of travel. Multimodal individuals can further be decomposed into those who 
appear to be sensitive to travel times and those who appear to be insensitive. Though the focus of 
the case study, and the study at large, is on travel mode choice, estimation results show that 
modality styles are strongly correlated with more long-term travel decisions and life-cycle 
characteristics. Finally, the model framework was tested using travel diary data collected over a 
six-week observation period from a sample of individuals from Karlsruhe, Germany. It would be 
interesting to compare the performance of the model framework using datasets from different 
socioeconomic, cultural and geographic contexts and different observation periods. 

4. Case Study II: San Francisco Bay Area, United States 

Metropolitan Planning Organizations usually employ cross-sectional travel diary data recorded 
over one or two days in order to estimate travel demand models. It is therefore important to test 
if the modality styles construct can be operationalized using these more readily available one or 
two day travel diary datasets. Towards this end, we apply the model framework to the Bay Area 
Travel Survey (BATS) 2000, a household travel survey conducted in the nine county San 
Francisco Bay Area of California that surveyed respondents over a two-day period. The focus of 
this case study will be on capturing the influence of individual modality styles on two specific 
dimensions of travel behavior: travel mode choice for mandatory tours and travel mode choice 
for non- mandatory tours, where mandatory tours include trips to work and/or school and non-
mandatory tours include all other tours. 

The Section is structured as follows: Section 4.1 describes the dataset and model specification in 
greater detail; Section 4.2 presents the model specification; and Section 4.3 discusses estimation 
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results for a six-class model of travel mode choice with feedback from the class-specific models 
to the class membership model; and Section 4.4 concludes the section with a comparison 
between findings from the two case studies. 

4.1 The Dataset 

Data for our analysis comes from BATS 2000, a large-scale regional household travel survey 
conducted in the nine county San Francisco Bay Area of California. The San Francisco 
Metropolitan Transportation Commission (SFMTC) has periodically sponsored BATS to provide 
data to support travel modeling and analysis of regional travel behavior. The target data 
collection period for BATS 2000 was of course the 2000 calendar year. The survey consisted of 
an activity-based travel diary that requested information on all in-home and out-of-home 
activities over a two-day period, including weekday and weekend pursuits. In all, more than 
15,000 households participated in the survey. Travel diary data for 29,964 mandatory home-
based tours and 29,889 non-mandatory home-based tours made by 26,350 individuals from 
12,634 households was used for model estimation, and travel diary data for an additional 3,642 
mandatory home-based tours and 3,283 non-mandatory home-based tours made by 2,931  
individuals from 1,405 households was used for model validation. More information on the raw 
data can be found in Morpace International, Inc. (2002). We employed San Francisco County 
Transportation Authority’s version of the dataset that used travel skims in order to construct for 
each choice situation the feasible choice set and the level-of-service attributes of each of the 
travel modes contained within the choice set. 

4.2 Model Specification 

Figure 3 shows the model framework. Individual modality styles are represented as latent 
classes. Class membership is hypothesized to be a function of observable household and 
individual characteristics, medium and long-term travel and activity decisions, and the consumer 
surplus offered by different modality styles. The disturbances denote unobserved factors that 
influence class membership, assumed to be i.i.d. Extreme Value across individuals. Travel mode 
choices are conditioned on individual modality styles and on observable attributes of the 
different modal alternatives. Consistent with travel demand models employed by the SFMTC, six 
modal alternatives are defined: drive alone, shared ride, walk, bike, walk to transit and drive to 
transit. Heterogeneity across modality styles includes both the travel modes considered (the 
choice set) and the sensitivity to different alternative attributes (the taste parameters). The 
disturbances reflect unobserved factors that influence mode choice, assumed to be i.i.d. Extreme 
Value across individuals and observations. As before, separate class-specific models are 
estimated for mandatory and non-mandatory tours, but for the sake of visual interpretability we 
do not show them as separate models in the figure. Multiple observations for the same individual 
are correlated with each other through the class membership model. Ideally we would want to 
introduce additional correlation through heteroskedastic error components (similar to the model 
specification employed in Section 3 for the MOBIDRIVE dataset). However, such a specification 
was found to result in an exponential increase in estimation times that precluded us from testing 
agent effects in the model. 
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Figure 3: Model of travel mode choice for the BATS 2000 dataset 

4.3 Estimation Results 

In determining a final model specification for the sample population, we estimated numerous 
models where we varied the utility specification, number of classes and choice set assumptions. 
Here we briefly summarize this process and present key results in Table 6 for eight different 
models. To facilitate comparison, Table 6 enumerates for each model the number of parameters 
estimated, the log-likelihood of the training data, the adjusted rho-bar-squared (𝛒𝟐), the Bayesian 
Information Criterion (BIC), the Akaike Information Criterion (AIC) and the log-likelihood of 
the holdout data. Since the adjusted rho-bar-squared and the AIC are equivalent measures of fit, 
we will be restricting our attention to the BIC, the AIC and the log-likelihood of the holdout data 
when comparing different models. Our baselines for comparison are two nested logit models 
with nonlinear utility specifications (to evaluate how our framework compares against more 
conventional approaches to capturing endogeneity with regards to taste parameters). A number 
of nonlinear utility specifications were tried for each of the level-of-service attributes, such as 
logarithmic, power series, Box-Cox and piecewise linear transformations. Based on a 
comparison across both statistical measures of fit and behavioral interpretation, the preferred 
utility specification is linear in in-vehicle travel time, logarithmic in walking time, quadratic in 
bike time and cubic in waiting time. The first model – without sociodemographic variables – has 
homogenous taste parameters on the level-of-service attributes. The second model allows for 
systematic taste heterogeneity through the inclusion of sociodemographic variables (included in 
the LCCMs through the class membership model) in the utility of different travel modes, either 
as alternative-specific variables or through interactions with level-of-service attributes. 
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Table 6: Summary statistics for different model specifications (adapted from Vij and Walker, 2014) 
Model Parameters LLa 𝛒𝟐 BIC AIC LLb  
Nested Logit        

Without sociodemographics 27 -48,807 0.375 97,912 97,669 -5,561 
With sociodemographics 149 -44,511 0.429 90,661 89,320 -4,964 

LCCMs       
Two classes 66 -44,497 0.430 89,719 89,125 -4,927 
Three classes 110 -41,962 0.462 85,133 84,143 -4,671 
Four classes 154 -41,064 0.475 83,822 82,436 -4,529 
Five classes 178 -40,532 0.481 83,022 81,420 -4,492 
Six classes 207 -40,287 0.482 82,852 80,989 -4,456 
Seven classes 246 -40,225 0.485 83,156 80,943 -4,491 

       
a Log-likelihood for training data 
b Log-likelihood for holdout data 

 

First, we compare the two nested logit model specifications to the LCCMs. As is apparent from 
Table 6, each of the six LCCMs outperforms both nested logit model specifications on all three 
measures of goodness of fit. Next, within the LCCMs, based both on statistical measures of fit 
and behavioral interpretation, we select the six-class LCCM as the preferred model specification. 
In terms of fit, the six-class LCCM has the lowest BIC and log-likelihood for the holdout data, 
and the second lowest AIC after the seven-class LCCM. In terms of the signs and relative 
magnitudes of the different model parameters and the accompanying behavioral interpretation of 
each of the latent classes, results for the six-class LCCM proved to be the most satisfying. Tables 
7 and 8 list estimation results for the class-specific travel mode choice model for mandatory and 
non-mandatory tours, respectively, and Table 9 lists estimation results for the class membership 
model for the six-class LCCM with feedback (the utility of each alternative for the two class-
specific choice models and the class membership model was specified linear in the variables 
listed in each table). Over the course of the following paragraphs, we describe in greater detail 
each of the six classes identified by the model (class labels are descriptive and not definitive). 
The descriptions are accompanied by illustrations, shown in Figure 4, that capture both the kinds 
of individuals that belong to each of the six classes and their latent preferences for different 
travel modes. 

1. Multimodals: At 8.3% of the sample population, multimodals comprise the only class 
uncovered by the model that considers bicycling when deciding how to travel. 21% of mandatory 
tours and 13% of non-mandatory tours are made by bike by the segment. Men are more likely to 
be multimodal than women, and African Americans are less likely to be multimodal than other 
races and ethnicities. Multimodals have a value of in-vehicle travel time of 6.56 $/hr and a value 
of bike time of 5.31 $/hr for mandatory tours and a value of in-vehicle travel time of 53.51 $/hr 
and a value of bike time of 76.42 $/hr for non-mandatory tours. At the same time, multimodals 
are insensitive to the last mile as represented by walking and waiting times for both mandatory 
and non-mandatory tours. 



	
   20 

 

Figure 4: Illustrations showing the kinds of individuals that belong to each of the six modality styles and 
their latent preferences for different travel modes (illustrations by Rui Wang) 

2. Empty nesters: Comprising 23.7% of the sample population, empty nesters consider drive 
alone, walk to transit and drive to transit for mandatory tours, and all modes except bicycling for 
non-mandatory tours. For mandatory tours, they are insensitive to travel costs and more or less 
equally sensitive to in-vehicle travel times, walking times and waiting times, indicating a very 
high value of time for the same. For non-mandatory tours, they have a value of in-vehicle travel 
time of 9.46 $/hr, a value of walking time of 16.91 $/hr and a value of waiting time of 2.98 $/hr. 
Empty nesters have the highest average age of the six classes at 49 years. As indicated by the 
label, small households with no children have a positive and significant influence on class 
membership. Less than 10% of the segment is composed of individuals from households with 
pre-school or school going kids and 70% of the segment is aged 40 and over. 

3. Transit takers: Comprising 9.7% of the sample population, transit takers consider all travel 
modes except bicycling when deciding how to travel but harbor a positive predisposition towards 
transit: 41% of mandatory tours and 17% of non-mandatory tours are made by transit by the 
segment. Transit takers are insensitive to in-vehicle travel times for both mandatory and non-
mandatory tours. The last mile is far more important to transit takers, much more so for 
mandatory tours than non-mandatory tours. Unemployed individuals in their teens and twenties 
belonging to large low-income households with low car ownership rates are most likely to 
belong to this segment.  
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Table 7: Parameter estimates (and t-statistics) for the class-specific travel mode choice model 
for mandatory tours (taken from Vij and Walker, 2014) 
Variable Class 1  Class 2  Class 3  Class 4  Class 5  Class 6  

Alternative specific constants 
Drive Alone 0.000 

(-) 
 0.000 

(-) 
 0.000 

(-) 
 0.000 

(-)  
0.000 

(-)  
0.000 

(-)  

Shared Ride -1.662 
(12.08) 

 -  0.668 
(1.28) 

* -1.606 
(11.24)  

1.789 
(15.81)  

-2.503 
(14.72)  

Walk -1.604 
(7.33) 

 -  5.189 
(7.24) 

 -  -4.564 
(7.62)  -  

Bike -0.291 
(1.96) 

 -  -  -  -  -  

Walk to Transit -0.551 
(3.44) 

 2.667 
(5.21) 

 4.858 
(7.68) 

 -  -2.068 
(4.36)  -  

Drive to Transit 0.307 
(2.42) 

 0.434 
(1.18) 

* -0.546 
(0.62) 

* -  -0.849 
(2.03)  -  

Level-of-service variables 
In-vehicle time (min) -0.014 

(8.92)  
-0.063 

(10.95)  -  -  -0.060 
(10.88) 

 -0.005 
(2.30) 

 

Walking time (min) -  -0.071 
(9.17)  

-0.018 
(13.04) 

 -  -0.001 
(0.76) 

* -  

Bike time (min) -0.012 
(6.88)  -  -  -  -  -  

Waiting time (min) -  -0.053 
(5.32)  

-0.022 
(5.93) 

 -  -0.053 
(3.67) 

 -  

Cost ($) -0.130 
(6.52)  -  -0.009 

(0.21) 
* -0.317 

(8.90) 
 -  -0.053 

(1.76) 
* 

             
* Insignificant at the 5% level   

 

4. Inveterate drivers: Comprising 11.3% of the sample population, inveterate drivers do not 
consider travel modes other than drive alone or shared ride. They are insensitive to in-vehicle 
travel times for both mandatory and non-mandatory tours, but are sensitive to travel costs. 
Household income, car ownership and house ownership each exert positive and significant 
influence on class membership, whereas bicycle ownership exerts a negative and significant 
influence on class membership. Unemployed older women belonging to smaller households are 
most likely to be inveterate drivers. 

5. Moms in cars: Comprising 29.4% of the sample population, moms in cars consider all travel 
modes except bicycling. However, a high value of time inherently biases their observed choices 
towards the car. 95% of all tours, mandatory and non-mandatory, are made by car, of which 88% 
are shared rides. For mandatory tours, moms in cars are insensitive to travel costs, indicating a 
high value of time. A minute spent in-vehicle is equivalent to approximately nine minutes spent 
waiting. For non-mandatory tours, moms in cars are insensitive to in-vehicle travel times but 
have a value of walking time of 1.98 $/hr and a value of waiting time of 11.73 $/hr, indicating a 
greater sensitivity to the last mile. The presence of pre-school and school kids has a positive and  
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Table 8: Parameter estimates (and t-statistics) for the class-specific travel mode choice model 
for non-mandatory tours (taken from Vij and Walker, 2014) 
Variable Class 1  Class 2  Class 3  Class 4  Class 5  Class 6  

Alternative specific constants 
Drive Alone 0.000 

(-) 
 0.000 

(-)  
0.000 

(-) 
 0.000 

(-) 
 0.000 

(-)  
0.000 

(-)  

Shared Ride 0.346 
(3.23) 

 -1.885 
(20.15)  

0.475 
(3.47) 

 -0.744 
(4.82) 

 1.301 
(16.64)  

1.059 
(14.39)  

Walk -0.899 
(5.78) 

 0.925 
(5.45)  

3.175 
(16.71) 

 -  1.738 
(8.55)  -  

Bike -0.160 
(1.05) 

* -  -  -  -  -  

Walk to Transit -1.802 
(6.61) 

 -0.973 
(2.92)  

2.596 
(12.70) 

 -  2.476 
(10.71)  -  

Drive to Transit -1.280 
(4.27) 

 -1.025 
(4.01)  

-0.646 
(1.75) 

* -  3.173 
(7.16)  -  

Level-of-service variables 
In-vehicle time (min) -0.026 

(10.05) 
 -0.020 

(6.13) 
 -  -  -  -0.010 

(5.12)  

Walking time (min) -  -0.035 
(15.85) 

 -0.021 
(13.54) 

 -  -0.026 
(12.93)  -  

Bike time (min) -0.038 
(12.73) 

 -  -  -  -  -  

Waiting time (min) -  -0.006 
(1.10) 

* -0.018 
(6.23) 

 -  -0.156 
(3.24)  -  

Cost ($) -0.030 
(0.70) 

* -0.125 
(6.02) 

 -0.037 
(1.32) 

* -0.352 
(6.05)  

-0.798 
(8.17)  -  

             
* Insignificant at the 5% level   

 

significant effect on class membership (78% of the segment comprises individuals from 
households with pre-school or school going kids), whereas employment (full-time or part-time) 
has a negative and significant effect on class membership. Adult women and children are most 
likely to belong to this class. Moms in cars represent stay-at-home mothers and young children in 
a traditional household structure. 

6. Car commuters: Comprising 17.6% of the sample population, car commuters too do not 
consider travel modes other than drive alone and shared ride. They have a value of in-vehicle 
travel time of 5.99 $/hr for mandatory tours and are insensitive to travel costs for non-mandatory 
tours, indicating a very high value of in-vehicle travel time for the same. Employment has a 
positive and significant influence on class membership. Men are more likely than women to be 
car commuters. Marriage and the presence of young kids at home positively influence class 
membership as well (80% of the segment is married and 56% of the segment comprises 
individuals from households with pre-school or school going kids). 83% of mandatory tours are 
drive alone, whereas 78% of non-mandatory tours are shared rides. Car commuters represent 
working members in a traditional household structure. 
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Table 9: Parameter estimates (and t-statistics) for the class membership model (taken from Vij and 
Walker, 2014) 
Variable Class 1  Class 2  Class 3  Class 4  Class 5  Class 6  

Class specific constant 0.000 
(-)  

2.347 
(9.74)  

0.921 
(3.39)  

0.244 
(0.61) 

* -0.341 
(1.44) 

* -2.457 
(7.29)  

Consumer surplus (utils) 

Mandatory tours 0.002 
(0.66) 

* 0.154 
(1.74) 

* 0.022 
(1.48) 

* 1.257 
(6.56)  

0.097 
(1.39) 

* 0.732 
(4.07)  

Non-mandatory tours 0.954 
(7.21) 

 1.566 
(6.44) 

 0.159 
(5.26) 

 1.323 
(7.38)  

0.298 
(6.22) 

 0.534 
(6.29)  

Household characteristics 
Annual household income 
($10,000) 

0.000 
(-)  

0.034 
(2.99) 

 0.013 
(0.98) 

* 0.069 
(4.45) 

 0.045 
(4.51) 

 0.007 
(0.58) 

* 

Household size 0.000 
(-)  

-1.224 
(12.50) 

 0.472 
(7.37) 

 -1.246 
(8.68) 

 0.174 
(3.22) 

 0.141 
(2.14) 

 

Internet access 0.000 
(-)  

-0.019 
(0.17) 

* -0.145 
(1.17) 

* 0.180 
(1.07) 

* 0.009 
(0.08) 

* -0.057 
(0.44) 

* 

Presence of pre-school kids 0.000 
(-)  

-1.744 
(2.57) 

 -0.360 
(2.06) 

 -5.779 
(0.87) 

* 0.511 
(3.86) 

 0.398 
(2.69) 

 

Presence of school kids 0.000 
(-)  

-0.014 
(0.07) 

* 0.337 
(1.83) 

* 0.816 
(2.96) 

 0.995 
(7.10) 

 0.953 
(6.06) 

 

Individual characteristics 

Male 0.000 
(-)  

-0.511 
(5.66) 

 -0.591 
(5.81)  

-0.827 
(6.37) 

 -1.114 
(13.19) 

 -0.192 
(1.83) 

* 

Full time worker 0.000 
(-)  

-0.140 
(0.94) 

* -1.080 
(6.05) 

 -0.781 
(3.65) 

 -0.579 
(4.13) 

 0.393 
(1.92) 

* 

Part time worker 0.000 
(-)  

0.164 
(0.93) 

* -0.604 
(2.99) 

 -0.356 
(1.49) 

* -0.348 
(2.15) 

 0.165 
(0.70) 

* 

Full time college student 0.000 
(-)  

-0.082 
(0.39) 

* 0.060 
(0.28) 

* -0.436 
(1.22) 

* 0.101 
(0.59) 

* -0.469 
(1.87) 

* 

Part time college student 0.000 
(-)  

0.137 
(0.82) 

* 0.081 
(0.40) 

* -0.178 
(0.68) 

* 0.321 
(2.02)  

0.361 
(2.03)  

Disabled 0.000 
(-)  

-0.645 
(1.75) 

* 0.256 
(0.71) 

* -0.022 
(0.05) 

* 0.619 
(1.96)  

0.082 
(0.17)  

Caucasian 0.000 
(-)  

0.157 
(1.34) 

* -0.007 
(0.05) 

* -0.092 
(0.53) 

* -0.158 
(1.55) 

* -0.012 
(0.10) 

* 

Hispanic 0.000 
(-)  

0.741 
(2.15)  

0.595 
(1.86) 

* 0.781 
(1.68) 

* 0.214 
(0.70) 

* 0.148 
(0.40) 

* 

African American 0.000 
(-)  

0.761 
(2.66)  

0.938 
(3.47) 

 1.070 
(2.93)  

0.696 
(2.87) 

 0.546 
(2.02) 

 

Married 0.000 
(-)  

-0.433 
(4.00)  

0.151 
(1.15) 

* 0.098 
(0.59) 

* 0.167 
(1.47) 

* 1.016 
(6.69) 

 

Parent 0.000 
(-)  

0.664 
(3.62)  

-0.449 
(2.33) 

 0.726 
(2.84) 

 0.772 
(5.15) 

 0.036 
(0.22) 

* 

             
* Insignificant at the 5% level   
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Table 9 (continued): Parameter estimates (and t-statistics) for the class membership model (taken from 
Vij and Walker, 2014) 
Variable Class 1  Class 2  Class 3  Class 4  Class 5  Class 6  

Individual characteristics 

Ages 12 and under 0.000 
(-)  

-8.548 
(0.78) 

* -0.390 
(1.32) 

* -2.060 
(0.17) 

* 1.601 
(6.15) 

 1.444 
(3.47) 

 

Ages 13-17 0.000 
(-)  

-7.677 
(0.76) 

* -0.097 
(0.30) 

* -0.411 
(0.79) 

* 1.078 
(4.15) 

 -2.836 
(1.78) 

* 

Ages 18-24 0.000 
(-)  

-0.223 
(0.98) 

* 0.048 
(0.19) 

* 0.232 
(0.68) 

* 0.808 
(3.79) 

* 0.111 
(0.41) 

* 

Ages 25-44 0.000 
(-)  

-0.355 
(-3.25) 

 0.101 
(0.78) 

* -0.590 
(3.35)  

0.410 
(3.71)  

0.167 
(1.37) 

* 

Ages 65 and over 0.000 
(-)  

0.185 
(1.01) 

* -0.063 
(0.26) 

* 0.529 
(2.25)  

1.257 
(6.44)  

-0.373 
(0.95) 

* 

Long-term travel and activity decisions 

Number of household cars 0.000 
(-)  

1.050 
(13.36)  

-0.616 
(6.72) 

 1.320 
(13.88) 

 0.157 
(2.45) 

 0.597 
(8.37) 

 

Number of household bicycles 0.000 
(-)  

-0.336 
(10.09)  

-0.290 
(8.92) 

 -0.371 
(7.37) 

 -0.281 
(11.10) 

 -0.273 
(9.18) 

 

Single family detached house 0.000 
(-)  

0.266 
(2.37)  

0.181 
(1.40) 

* 0.184 
(1.07) 

* 0.296 
(2.70) 

 0.461 
(3.40) 

 

Probability that house is 
owneda 

0.000 
(-)  

0.326 
(2.86)  

-0.119 
(0.94) 

* 0.408 
(2.17) 

 0.098 
(0.93) 

* 0.002 
(0.02) 

* 

             
* Insignificant at the 5% level   
a The BATS 2000 dataset collected information on whether households own or rent the place where 
they live. For households that refused to answer or said that they don’t know, the “probability that 
house is owned” was imputed using household location during post-processing by the San Francisco 
Metropolitan Transportation Commission. 

 

 

4.4 Conclusions 

Contrary to our prior expectations, the model framework presented in Section 2 appears to work 
just as well with cross-sectional datasets. In fact, in many ways, due largely to the greater 
number of individuals in the sample population, estimation results for the BATS 2000 dataset are 
far richer than those for the MOBIDRIVE dataset. That the framework worked equally well for 
both datasets, despite distinct differences in sample size, observation period, the local 
transportation system and cultural context, attests to its robustness.  

Findings from the BATS 2000 dataset reveal six broad modality styles that differ substantially 
from one another in terms of both the kinds of individuals that belong to each group and the 
relative importance that they attach to different level-of-service attributes of the transportation 
system. For example, 29 percent of the sample population belonging to two of the six modality 
styles only considers the automobile when deciding how to travel. Even worse, only eight 
percent of the sampled population belonging to one of the six modality styles even thinks about 
bicycling as a mode of transportation when deciding how to travel. Value of time was found to 
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vary across the six modality styles from 0 $/hr (indicating complete insensitivity to travel times) 
to as high as 76 $/hr.  

How do these findings compare with those from Karlsruhe, Germany? The proportion of the 
sample population that displays a strong predisposition towards the automobile is much smaller 
at 16%, and even these auto-oriented individuals are willing to walk for short-distance tours. The 
contrast grows starker in terms of public transit and bicycling: 84% of the sample population 
belonging to the remaining two modality styles actively consider the two modes as alternatives 
when deciding how to travel. In terms of usage, these two modality styles use public transit and 
bicycling for 14% and 20% of their work tours, respectively, and 13% and 14% of their non-
work tours, respectively.  

To put things in perspective, the San Francisco Bay Area has one of the more extensive public 
transit networks of metropolitan regions in the United States. It is a poly-nucleated metropolitan 
region with central business districts in San Francisco, Oakland and San Jose. San Francisco city 
itself is compact and walkable, and is connected both to downtown Oakland and major bedroom 
communities in the Bay Area such as Fremont and Pleasanton by the Bay Area Rapid Transit 
(BART), a heavy-rail commuter service. San Jose, on the other hand, famously excluded itself 
from the BART project in 1957, opting instead like much else of the country to build 
expressways. However, the city is connected to major centers along the San Francisco peninsula, 
including San Francisco city, by Caltrain, which operates commuter trains at headways of 20 
minutes during peak hours, and to towns that lie to the east of the San Francisco Bay by bus 
service. Even exurban towns like Tracy, 80% of whose workforce is employed in the Bay Area, 
is connected to the BART system and to job centers in the South Bay by Amtrak buses and 
commuter lines operated by the San Joaquin Regional Transit District. And yet, nearly a third of 
the sample population uncovered within the BATS 2000 dataset does not even consider public 
transit when deciding how to travel. And the remaining two-thirds that do consider public transit 
only actually use it for 13% of their mandatory tours and 4% of their non-mandatory tours. As 
we demonstrate in the following section, these findings hold important implications for policies 
meaning to change existing patterns of travel mode choice behavior.  

Finally, it merits mentioning that these differences in lifestyles and modality styles between the 
two regions could not have been identified from a comparison across aggregate measures, such 
as travel mode shares or level of vehicle ownership. In fact, even simpler model frameworks, 
such as nested logit or mixed logit, that do not account for the existence of distinct modality 
styles would be unable to produce the same richness in detail as the LCCM framework. 

5. Policy Implications 

Forecasts from travel demand models are regularly employed by Metropolitan Planning 
Organizations to determine the required capacity that new infrastructure must satisfy, and to 
facilitate the economic, environmental and social impact assessments that usually accompany the 
debate on how to allocate funds between competing initiatives. A greater comprehension of the 
many factors that shape behavior is essential to the successful design of systems that serve the 
immediate needs of the population while satisfying long-term societal objectives. In general, 
transport policies and infrastructural initiatives seeking to change travel behavior will elicit  
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Figure 5: Change in the percentage of mandatory tours (left) and non-mandatory tours (right) made by 
car (drive alone and shared ride) as a function of proposed improvement to the public transit system, as 

predicted by the nested logit model and the six-class latent class choice model  

different responses from individuals with differing modality styles in the short-term and force 
changes in the distribution of modality styles across the population in the long-term. Traditional 
travel mode choice model forms such as the multinomial logit or mixed logit model assume that 
all individuals are multimodal, i.e. they are aware of the full range of alternatives at their 
disposal and they make a considered decision regarding their mode of travel each time they step 
out of the house.  

To illustrate the adverse effects that these simplifying assumptions can have, we compare 
forecasts for three different scenarios using the BATS 2000 dataset, as predicted by the nested 
logit model with sociodemographic variables and the six-class LCCM. First, we eliminate 
waiting and transfer times for public transit. Next, we reduce in-vehicle travel times for public 
transit by half. And finally, we both eliminate waiting and transfer times and reduce in-vehicle 
travel times by half for public transit. In all three cases, the level-of-service attributes for each of 
the other travel modes are left unchanged. The three scenarios were deliberately chosen to be 
extreme to emphasize differences between the LCCM framework and more traditional travel 
mode choice models, as represented by the nested logit model in this case. 

Figure 5 plots the change in the percentage of mandatory and non-mandatory tours made by car 
(drive alone and shared ride) in response to each of the three proposed improvements to the 
public transit system, as predicted by the nested logit model and the six-class LCCM. For the  
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Figure 6: Change in the distribution of individuals across modality styles as a function of proposed 
improvement to the public transit system, as predicted by the six-class latent class choice model  

sake of clarity, we do not plot the change in mode shares for any of the other four travel modes. 
The shift is almost entirely from car towards public transit, and the mode shares for bike and 
walk remain more or less the same across both mandatory and non-mandatory tours, the three 
sub-scenarios and the three model specifications. For both mandatory and non-mandatory tours, 
relative to the LCCM, forecasts from the nested logit model are unreasonably optimistic in terms 
of the predicted shift in mode shares away from the automobile by factors of between one-and-a-
half and three, depending upon the scenario. 

How do these numbers compare with findings elsewhere in the literature? A retrospective study 
by Parthasarathi and Levinson (2010) comparing the accuracy of traffic forecasts for 108 
recently completed roadway projects in Minnesota discovered a general trend of 
underestimation, with 65% of the critical links showing underestimated traffic forecasts. Similar 
retrospective studies by Pickrell (1992) and Flyvbjerg et al. (2007) comparing the accuracy of 
forecasts regarding rail investment with actual observed market shares uncovered systematic 
biases as well. In seven of the eight cases investigated by Pickrell, the actual demand was less 
than half of the forecasted demand. Similarly, nine of the ten projects surveyed by Flyvbjerg et 
al. overestimated ridership by an average of 106%. We argue that the gap between predicted and 
observed travel mode shares is at least fractionally attributable to the fact that most models either  
overlook the influence of lifestyles and modality styles on travel mode choice or capture it in a 
manner that is behaviorally incomplete, and this gap could partially be bridged by adopting the 
methodological framework presented in this chapter. 
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Figure 7: The required distribution of individuals across modality styles that would produce an 
equivalent shift in travel mode shares away from the automobile as each of the three proposed public 

transit improvements listed along the horizontal axis 

One of the benefits of employing LCCMs that allow for preference endogeneity is that they 
allow us to predict the change in the distribution of individuals across modality styles in response 
to the proposed improvements to the public transit system, as illustrated in Figure 6. To ease 
interpretation, we’ve grouped the two auto-oriented modality styles – inveterate drivers and car 
commuters – under the label “unimodal auto” and the remaining four modality styles that 
consider other travel modes under “multimodal”. As is apparent from Figure 6, there is almost no 
change in the distribution of individuals across the modality styles. Despite the proposed 
improvements, unimodal auto individuals continue to be unimodal auto and multimodal 
individuals continue to be multimodal. What these results are saying is that incremental changes 
to the level-of-service of alternative modes, unless attended by corresponding shifts in the 
distribution of individuals across modality styles, will have very little effect on existing travel 
mode shares. The three scenarios were chosen deliberately to illustrate the point that you can 
altogether eliminate waiting and transfer times and cut travel times by half for public transit, and 
still 73% of mandatory tours and 87% of non-mandatory tours continue to be made by the car. 

Figure 7 shows how an equivalent shift in mode shares away from the automobile could be 
achieved in place of each of the proposed improvements to the public transit system by a change 
in the proportion of multimodals in the sample population. For example, if 77% of the sample 
population were multimodal, as opposed to the 71% that already is, the expected decrease in 
mode share for auto for mandatory tours would be the same as that achieved by eliminating 
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waiting and transfer times for public transit. Similarly, if almost everybody in the sample 
population were multimodal, the expected decrease in mode share for auto for mandatory tours 
would be the same as that attained by both eliminating waiting and transfer times and reducing 
in-vehicle travel times by half for public transit. The purpose of the graph is to demonstrate that 
in some cases, it might be in society’s best interest to change existing travel mode choice 
patterns through improvements to the transportation system, but in others it might be more 
feasible to persuade individuals to be more multimodal in order to meet the same objectives. The 
question then is: how? 

6. Conclusions 

Incremental changes in the level-of-service of alternative modes aimed at inducing a shift in 
travel modes often come unstuck in the face of firmly rooted daily patterns that revolve around 
the use of the automobile. Human beings are creatures of habit. When an action has been 
repeated frequently in stable contexts in the past, only minimal, sporadic thought is required to 
initiate, implement, and terminate it (Wood et al., 2002). Any attempt to influence choices will  
fail if the choices are non-deliberate (Gärling and Axhausen, 2003). For example, an increase in 
bus frequencies or the introduction of bike lanes is of little to no consequence to individuals who 
drive because they have always driven; such individuals will continue to drive even when new 
information has changed the contextual environment in which the original decision to drive 
might have been made (Aarts et al., 1997; Axhausen et al., 2001; Simma and Axhausen, 2003; 
Thøgersen, 2005). It is ironic then that what first attracts many individuals to the automobile are 
the ideas of free will and self-determination, but the behavior itself is sustained over time by 
automatic, unconscious mental processes (Bargh and Chatrand, 1999). 

So how else do we get individuals to leave the car at home? Changes in lifestyles and modality 
styles as characterized by corresponding changes in individual values, attitudes, and behavioral 
orientations will take time (Kitamura, 2009). However, more immediate changes can indeed be 
forced by exogenous influences, such as the effects of past experiences, altered personal 
circumstances and changes to the transportation system (NCTR, 2008; Verplanken et al., 2008). 
One bad bus ride can potentially put an individual off public transit forever. Major life events 
such as the birth of a child can trigger commensurate changes in lifestyles, and consequently 
modality styles. From a policy standpoint what is needed is a jolt to the system, an irremediable 
change in the transportation network that forces individuals to reconsider how they travel.  

If the goal is to persuade individuals to drive less then classical economic theory mandates that 
driving be priced accordingly, thereby internalizing any externalities associated with traffic 
congestion and pollution, and attaining a socially optimum level of automobile use. For instance, 
the London Congestion Charge resulted in a 33% decrease in the number of automobiles entering 
or leaving the congestion zone during charging hours, and a corresponding increase of 29,000 (or 
38%) in bus patronage within the Central London area (Transport for London, 2004). Though the 
success of the congestion charge demonstrates that major changes in lifestyles and modality 
styles can indeed be brought about by appropriately designed pricing schemes, the failed 
experiment to levy the same in New York City shows that political opposition to pricing schemes 
can often prove insurmountable. The chorus of cries within the academic community beseeching 
an increase in the gas tax in the United States has grown louder with each passing decade. 
Studies have variously pegged the optimal level at anywhere between $1.01 per gallon (Parry 
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and Small, 2005) to $0.34 per vehicle mile travelled (Levinson and Gillen, 1998), which 
adjusting for inflation and assuming an average mileage of 23.8 miles per gallon (BTS, 2012) is 
equivalent to $10.71 per gallon. The unfortunate political reality is that the gas tax in the United 
States continues to languish at a state average of 49 cents per gallon. 

From the perspective of psychology and behavioral theory, an alternative way to coax 
individuals to consider alternative modes of travel might be through the use of incentives that 
promote societally efficient behavior (Smith et al., 2003). Travel demand management schemes 
have employed incentives in the past to reward commuters for changing travel modes (Meyer, 
1997) or avoiding the rush hour (Ben-Elia and Ettema, 2009; Merugu et al., 2009), and to 
persuade individuals to walk more (Gomes et al., 2012). It has been argued that rewards are more 
likely to foster learning and internalization of the socially desirable behavior without any of the 
unpleasant memories and issues of avoidance that result from similarly intentioned punishment 
schemes (Rescoria, 1987). And of course, the use of incentives is a far easier political sell. 

Irrespective of whichever approach or combination of approaches is adopted, success or failure 
will ultimately hinge upon whether the planned policy or infrastructural initiative can force a 
change in the distribution of modality styles in the population of interest. As demonstrated in 
Section 5, changes in the distribution of individuals across modality styles can prompt equivalent 
gains in travel mode shifts. But if existing modality styles persist, then even the most ambitious 
of initiatives will accrue modest benefits at best. 
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