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Abstract 

This study examines changes in observable patterns of travel mode choice behavior over time, and attempts to 
explain these changes in terms of possible shifts in latent modal preferences, while controlling for the 
confounding influence of concurrent changes in the socioeconomic environment and transportation 
infrastructure. Using repeated cross-sectional travel diary data collected from individuals residing in the San 
Francisco Bay Area in 2000 and 2012, we develop a latent class choice model of travel mode choice behavior. 
Estimation results reveal ten segments across the pooled sample populations that differ from one another in 
terms of their demographic composition, the travel modes that they consider, and the relative importance that 
they attach to different level-of-service attributes, namely travel times and costs. Findings indicate shifts in 
latent modal preferences that exceed analogous changes in observable travel mode choice patterns. For 
example, private (motorized) vehicle mode shares decreased from 85.0% in 2000 to 80.7% in 2012, but the 
proportion of the population that only considers private vehicle when deciding how to travel is found to decline 
from 42.2% to 22.9% during the same period. Changes in economic and social factors and changes in the level 
of service of different travel modes are found to have had a marginal effect. Had modal preferences not changed 
between 2000 and 2012, over and above changes in the socioeconomic environment and the transportation 
infrastructure, our framework predicts that private vehicle mode shares would have increased to 88.8% by 2012. 
Finally, shifts in modal preferences are not found to be limited to any one generation but to have cut across the 
entire population, reflecting broader cultural shifts that have transcended generational differences. 
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1. Introduction  

The turn of the twenty-first century has been witness to stagnant or declining levels of car use across much of 
the developed world. A number of studies have referred to the process as “peak car” (for a recent review of the 
literature on the phenomenon, the reader is referred to Goodwin and van Dender, 2013 and Garceau et al., 
2014). In the United States alone, between 2000 and 2012, car sales went down by 17.5%, per capita highway 
passenger vehicle miles traveled (VMT) decreased by 5.1%, and the proportion of the driving age population 
that is licensed to drive declined from 88.0% to 85.2% (Bureau of Transport Statistics, 2013). Similar trends 
have been observed across other parts of the developed world (see, for example, Waard et al., 2013; Vine et al., 
2012; and Millard-Ball & Schipper, 2011).  

Some studies have ascribed the reversal in car dependence to changes in traditional economic factors that 
include a recessionary economy and rising oil prices (Bastian et al., 2016 and BITRE, 2012). For example, a 
2012 report by the Australian Bureau of Infrastructure, Transport and Regional Economics (BITRE, 2012) that 
examines changes in VMT across 25 nations in the developed world between 1963 and 2010-12 finds that, 
controlling for the moderating influence exerted by short-term changes in oil prices, unemployment and 
recovery from the effects of the global financial crisis, the most likely long-term path for total VMT across each 
of these nations is to grow at the same rate as the national population. In other words, the study agrees that per 
capita VMT has peaked in most of these nations, but contends that the recent decline in car use is almost 
entirely attributable to economic factors.  

Some have attributed the phenomenon to equally important social changes, such as an ageing population, rising 
higher education enrollment rates, an increase in the average age of entry into the labor market and the decision 
to start a family at a later age. Life cycle variables have long been recognized as important determinants of 
individual and household travel and activity behavior (Kitamura, 2009; Pas, 1984; Salomon and Ben-Akiva, 
1983; Zimmerman, 1982; Spielberg, 1981). Studies have repeatedly found that car use initially increases with 
life cycle stage, as individuals enter the labor force and single-person households transition to two-person 
households, it peaks when the household has children, and starts to decline when grown-up children leave the 
parental home, the parents retire, and old age sets in (Collet, 2012). Therefore, it has been argued that changes 
in the demographic composition of the population, as denoted by an increase in the proportion of individuals at 
early and later stages of the life cycle, and a corresponding decrease in the proportion of individuals in the 
middle stages, where car use tends to be at its greatest, is at least partially responsible for the observed 
stagnation and decline in car use (Kuhnimhof et al., 2013, 2012; Madre et al., 2013; Collet, 2012). 

Others have argued that these trends cannot be explained purely in terms of economic and social factors, but are 
reflective of additional shifts in underlying preferences. Major technological changes, such as the growth in e-
commerce, the spread of online social networks, and the smartphone revolution, have had a profound impact on 
the need and desire to travel (Lyons, 2015; and van Wee, 2015). Many of these same changes have conspired to 
result in the emergence of new modes of travel, as represented by short-term car access organizations such as 
Zipcar and City CarShare, Transportation Network Companies (TNC) such as Uber and Lyft, and public 
bikesharing services such as Capital Bikeshare, and the resurgence of alternative existing modes of travel, such 
as public transportation and bicycling. Studies have asserted that together, these changes symbolize a 
generational shift in terms of both attitudes towards and dependence on the car as a means of transportation 
(McDonald, 2015; Kuhnimhof et al., 2013, 2012; Blumenberg et al., 2012; Collet, 2012; Davis et al., 2012; 
McGuckin and Lynott, 2012; Sivak and Schoettle, 2012; and Florida, 2010). 

A majority of the studies that have examined trends in travel behavior have relied on an analysis of aggregate 
measures, such as per capita passenger VMT, car ownership rates and driver license penetration, across 
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different segments of the population (see, for example, Headicar, 2013; Madre et al., 2013; Metz, 2013; 
Kuhnimhof et al., 2012; Millard-Ball and Schipper, 2011; Puentes and Tomer, 2008). Though population-level 
analysis can be useful in its own way, it does not offer much insight on the decision-making process, resulting 
in recent interest in the use of disaggregate frameworks to examine the phenomenon (see, for example, 
McDonald, 2015; Bastian and Börjesson, 2014; and Buehler and Hamre, 2013). Most of these studies, aggregate 
or disaggregate, have employed some variation of a cohort analysis, where the dependent variable has been 
modeled as a function of economic, social and generational variables (see, for example, the age, cohort and 
period model used by Collet, 2012 to model household car use). Though frameworks used by previous studies 
have helped elucidate whether preferences have changed or not over time, beyond shifts in the economic and 
social environment, they have been limited in their ability to explain how preferences might have changed in the 
past, or provide a basis for saying how they may change in the future.  

The objectives of this study are two-fold: (1) to analyze changes in observable patterns of travel mode choice 
behavior over time, using descriptive statistics for cross-sectional household travel diary datasets from the San 
Francisco Bay Area, United States, collected in 2000 and 2012, as an example; and (2) to explain these changes 
explicitly in terms of possible shifts in modal preferences, such as value of time and consideration sets, while 
controlling for the confounding influence of socioeconomic factors and the level of service of different travel 
modes, through the use of latent class choice models (LCCMs). For the purposes of this study, we restrict our 
attention to travel mode choice behavior, but the analytical framework presented here can be adapted to explain 
trends along other dimensions of travel behavior, such as car ownership or per capita VMT.  

In addressing these objectives, we build on previous research from two separate but interrelated bodies of 
literature on preference stability and preference heterogeneity. If and how modal preferences evolve over time 
has been the subject of a number of studies on the temporal transferability of models of travel mode choice 
behavior (for a recent review on the subject, see Fox and Hess, 2010). Early work found modal preferences to 
be more or less stable (see, for example, Gunn, 2001; McCarthy, 1982; Silman, 1981; Train, 1978), but trends 
in travel and activity behavior over the last two decades have challenged that notion. Recent studies have sought 
to develop ways in which the temporal evolution of modal preferences can be explicitly modeled (see, for 
example, Habib et al., 2014; and Sanko, 2014), but these studies have not accounted as rigorously for 
differences in preferences across the sample population at any one point in time. 

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, 2009; Walker 
and Li, 2007; Choo and Mokhtarian, 2004; Krizek and Waddell, 2002). 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). In the context of travel mode choice behavior, 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. 
Recent studies have sought to develop ways in which the influence of lifestyles and modality styles on different 
aspects of travel behavior, particularly travel mode choices, can be explicitly modeled (see, for example, Heinen 
and Chatterjee, 2015; Lavery et al., 2013; Vij and Walker, 2013; Diana and Mokhtarian, 2009), but these 
studies have not examined the question of how these relationships may change over time. 

This study brings together these streams of research in an attempt to shed greater light on the peak car 
phenomenon. More generally, this study demonstrates how population changes in preferences over time might 
be modeled through the use of LCCMs and repeated cross-sectional data.  
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With that as motivation, the rest of the paper is organized as follows: Section 2 describes the datasets 
corresponding to each of the two observation periods; Section 3 examines changes in travel behavior through an 
analysis of aggregate measures such as travel mode shares; Section 4 describes the methodological framework 
for a latent class model of travel mode choice behavior, presents estimation results for the framework, with an 
emphasis on how travel modal preferences have evolved between the two observation periods, and illustrates 
how findings from the model can be employed to shed insight on long-term trends in travel behavior; and 
Section 5 concludes the paper with a discussion on results, contributions and directions for future research. 

2. Data 

Data for our analysis comes from cross-sectional travel diary surveys collected from households residing in the 
San Francisco Bay Area, United States in 2000 and 2012. Individuals belonging to sampled households were 
asked to report their complete activity diary data over an observation period of one or two days, including 
which activities were conducted where, when, for how long, with whom and using what mode of travel. Though 
the survey methodology was sufficiently stable across the two observation years to enable comparison, 
households were independently sampled during each observation year. As a result, the set of households that 
participated in either survey is not the same. We would ideally want to use travel diary data collected from the 
same set of households at different points in time across a horizon spanning several years, if not decades. 
However, the collection of longitudinal datasets over multiple years can be an expensive and difficult process, 
and datasets such as these are rare in the literature. In contrast, cross-sectional household travel diary datasets 
such as those employed by this study are collected periodically by most regional planning and policy-making 
organizations across the developed world. Therefore, the analysis undertaken by this study can be readily 
replicated across other geographical, social and cultural contexts. 

The first survey was conducted as part of the Bay Area Travel Survey (BATS) in the year 2000. It was 
sponsored by the San Francisco Metropolitan Transportation Commission (SF MTC) and comprised solely of 
households residing in the nine county San Francisco Bay Area. 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.  

The second survey was conducted as part of the statewide California Household Travel Survey (CHTS) in the 
year 2012. It was a collaborative effort led by the California Department of Transportation (Caltrans). The 
CHTS collected travel information from households in all of California and portions of Nevada, but we limit 
our attention to data collected from households in the San Francisco Bay Area (the same geographic frame as 
the 2000 data). Individuals from participating households were requested information on all in-home and out-
of-home activities over a one-day period, as opposed to the two-day observation for BATS 2000. More 
information on the raw data can be found in NuStats, LLC (2013).  

There are slight differences in the sampling frames for the 2000 and 2012 datasets. In 2000, travel diary data 
was collected over typical weeks, and weeks with holidays were avoided. However, in 2012, travel diary data 
was collected over all weeks, including holidays. To ensure that the two datasets are comparable, we limited our 
analysis to data from households interviewed in 2012 during typical weeks, as identified by a preliminary 
analysis by the SF MTC. 

We processed individual trips into home-based tours and subsequently classified the tours as mandatory (those 
that include a work or school stop) or non-mandatory (all other). Trip-based models do not capture 
dependencies between trips belonging to the same tour. If an individual drives to work, then she is most likely 
to drive back. If she makes a stop on the way back to pick up groceries, it’s likely to be at a store near home or 
work. Trip-based models, by virtue of looking at each trip in isolation from all others, cannot account for these 
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more strategic patterns of decision-making. Tour-based models can account for interdependencies between trips 
on a single tour, and most travel demand models currently in practice use tours as the unit of analysis. For these 
same reasons, we employ tours as our unit of analysis. 

The resulting dataset includes 34,850 mandatory tours and 27,631 non-mandatory tours made by 28,281 
individuals from 13,727 households interviewed in 2000, and 7,860 mandatory tours and 10,621 non-mandatory 
tours made by 12,061 individuals from 5,616 households interviewed in 2012. The reader should note that the 
average number of tours has increased, from 1.11 tours per individual per day in 2000 to 1.53 tours per 
individual per day in 20121. We are unable to ascribe the change to differences in survey methodology. The 
design of the travel diary instrument was nearly identical in 2000 and 2012, and both surveys employed 
address-based sampling frames. The only major differences between the two surveys is with regards to the 
length of the observation period (two days in 2000 and one day in 2012) and the travel diary information 
retrieval process: in 2000, information was retrieved entirely through mail-back pen and paper surveys, whereas 
in 2012, information was retrieved through mail-back surveys for 42% of the statewide sample, computer 
assisted telephone interviews for 41% of the sample, and online web-based surveys for 17% of the sample. 
However, the average number of reported trips was roughly the same in 2000 and 2012, at approximately four 
trips per individual per day. Tours are not directly reported by respondents, but are inferred from reported trips. 
If differences in survey methodologies did not impact trip reporting rates, as appears to be the case, then it 
would be misleading to argue that differences in survey methodologies are responsible for changes in the 
average number of tours. 

Instead, we hypothesize that trip chaining patterns may have changed between 2000 and 2012. A closer 
examination reveals that the change is limited almost exclusively to non-mandatory tours: the average number 
of mandatory tours per individual per day is 0.62 and 0.65 in 2000 and 2012, respectively, whereas the average 
number of non-mandatory tours per individual per day is 0.49 and 0.88 in 2000 and 2012, respectively. As we 
will discuss in the next section, this change is accompanied by a decline in the use of private vehicles for non-
mandatory tours (from 87.2% to 78.4%), and a corresponding increase in walking for the same (from 7.8% to 
15.9%). However, an analysis at the trip level indicates a smaller shift in walk mode shares: 10.1% of non-
mandatory trips in 2000 and 15.5% of non-mandatory trips in 2012 were made on foot. Individuals are making 
the same approximate number of trips per day, and the change in walk mode shares at the trip level is not 
commensurate with the change in walk mode shares at the tour level, indicating that walk trips that used to be 
part of tours with other primary travel modes are now more likely to be chained into a single tour with walking 
as the primary travel mode. Therefore, the average number of tours has increased. Future studies might wish to 
examine potential changes in trip chaining patterns in greater detail. 

We control for differences in the number of households and individuals between the two time periods through 
the use of individual-level weights, calculated as a function of socioeconomic variables, such as race, ethnicity, 
age, employment status, and county of residence, in order to align the 2000 sample with population statistics 
from the 2000 United States Census and the 2012 sample with population statistics from the 2011 American 
Community Survey. For more details on how the weights were calculated for each of the two datasets, the 
reader is referred to Purvis (2003) and MTC (2013). 

For each tour, six possible travel mode alternatives are defined: private vehicle, private transit, walk to public 
transit, drive to public transit, bike, and walk. Private vehicle refers to cases where the individual used a 
motorized vehicle owned by themselves (or someone they know) as a driver or a passenger. Private transit 
includes the use of travel modes such as taxis, Uber, carshare, rental cars and private shuttles. Walk to public  
 
																																																								
1 The observation was made by an anonymous reviewer. 
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Table 1: Observed changes in travel mode shares as calculated from travel survey data 

Travel mode All tours Mandatory tours Non-mandatory 
tours 

2000 2012 2000 2012 2000 2012 
Private vehicle 85.0% 81.2% 83.4% 84.7% 87.2% 78.4% 
Private transit 1.2% 1.3% 1.2% 1.0% 1.2% 1.6% 
Walk to public transit 5.6% 3.8% 7.8% 5.9% 2.5% 2.3% 
Drive to public transit 0.1% 0.1% 0.2% 0.2% 0.1% 0.1% 
Bike 1.4% 2.1% 1.5% 2.4% 1.2% 1.9% 
Walk 6.7% 11.5% 6.0% 5.9% 7.8% 15.9% 

 

transit captures all cases in which an individual only used non-motorized travel modes to access public transit, 
and drive to public transit captures all cases in which a motorized travel mode was used to access public transit.  

The level-of-service attributes, namely travel times and costs, for each of the six travel modes for each tour in 
the BATS and CHTS data are determined using network skims from the SF MTC for 2000 and 2010, 
respectively. Separate network skims are used for the two datasets to capture changes in travel times and costs 
that may have resulted in the intervening years, but the skims are generated using the same travel demand 
model specification to ensure consistency. Ideally, we would use network skims from 2012 for the CHTS data, 
but these are not available. We are unable to decompose travel time into its constituent elements, such as in-
vehicle time and waiting time, as this information is also unavailable. Travel costs for both the BATS and 
CHTS data are calculated in 2000 US dollars. The two datasets are processed as similarly as possible to ensure 
that any conclusions drawn by the study are not artifacts arising from differences in data processing methods, 
but genuinely reflective of changes, or lack thereof, in travel behavior between the two observation periods. 

3. Changes in Travel Behavior and Other Observable Variables 

Before analyzing changes in preferences via the latent class mode choice model, in this section, we first analyze 
how travel behavior has changed over the past decade in terms of observed short-term decisions, such as what 
mode to take, and observed medium and long-term decisions, such as license possession, and car and bicycle 
ownership and availability, and how these changes compare with contemporaneous changes in economic and 
social factors.  

Table 1 lists travel mode shares for all tours, mandatory tours and non-mandatory tours for the two observation 
periods for each of the six travel modes. Individuals seem to be relying less on privately owned cars to fulfill 
their mobility needs, with private vehicle mode shares declining from 85.0% in 2000 to 81.2% in 2012. The 
decline is motivated almost entirely by a decrease in the use of private vehicles for non-mandatory tours (from 
87.2% to 78.4%), and a corresponding increase in walking for the same (from 7.8% to 15.9%), with private 
vehicle mode shares for mandatory tours marginally increasing between the two observation periods (83.4% in 
2000 and 84.7% in 2012). Bicycling mode shares have increased marginally, from 1.4% in 2000 to 2.1% in 
2012, and the trend holds true across both mandatory and non-mandatory tours. Private transit mode shares have 
stayed the same: 1.2% in 2000 and 1.3% in 2012. Somewhat contrary to these trends towards greater 
multimodality, public transit mode shares have dropped, from 5.7% to 3.9%. The decline is greater for 
mandatory tours than it is for non-mandatory tours, and appears to be driven by the simultaneous growth in 
bicycling.  

These trends are consistent with changes in observable patterns of medium and long-term travel behavior. 
Between 2000 and 2012, the average number of household cars in the San Francisco Bay Area has declined 
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from 2.06 to 2.02, the proportion of individuals of driving age that are licensed to drive has decreased from 
90.4% to 88.3%, and the average number of household bicycles has increased from 1.97 to 2.09.  

How do these changes compare with parallel changes in the level-of-service of different travel modes in the San 
Francisco Bay Area? Consistent with declining levels of car use, average network car travel times between each 
pair of the 1454 traffic analysis zones in the region, as predicted by SF MTC’s travel model, have decreased 
from 64 minutes to 57 minutes during peak hours and from 52 minutes to 49 minutes during off-peak hours. 
The average network cost of driving has expectedly increased from $6.3 to $8.2, as a result of rising oil prices. 
Public transit hasn’t changed much in the intervening period, with average network public transit travel times 
decreasing marginally from 106 minutes to 103 minutes during peak hours and from 101 minutes to 99 minutes 
during off-peak hours. However, considerable resources have been invested in the last decade in the region 
towards the development of infrastructure for pedestrians and bicyclists, and the popularity of these travel 
modes has been additionally helped by cultural events such as Sunday Streets and Bike to Work Day. 

And what of changes in the economic and social makeup of the population? Consistent with the hypothesis that 
declining levels of car use can be attributed to coeval changes in economic and social factors, between 2000 and 
2012, in the San Francisco Bay Area, average age has increased from 33.5 years to 38.6 years, the percentage of 
households with children under the age of 18 years has decreased from 59% to 52%, and the percentage of the 
population that is employed has declined from 56% to 51%. However, in stark contrast to these changes, 
average household incomes during this period have increased substantially, from $78,000 to $103,000, due 
largely to the ongoing technology boom in the region. That car use has still declined during this period suggests 
that economic and social factors, such as a recessionary economy and an ageing population, are not wholly 
responsible, and changes in preferences may partially be to blame. 

By and large, the combined picture painted by changes in travel mode shares and other aspects of travel 
behavior in the San Francisco Bay Area support trends observed across much of the developed world over the 
past decade or so, as highlighted by the peak auto literature. These trends seem to be in partial agreement with 
corresponding changes in socioeconomic variables in the same time period, but some important discrepancies 
remain, such as the increase in average household incomes. The question then is: are these changes in 
observable patterns motivated entirely by changes in the economic and social environment, or are they 
reflective of additional shifts in preferences? 

4. Changes in Latent Travel Modal Preferences and Modality Styles 

Latent modal preferences, or modality styles, may be defined as behavioral predispositions towards a certain 
travel mode or set of travel modes that an individual habitually uses. They are reflective of higher-level 
orientations, or lifestyles, that are hypothesized to influence all dimensions of an individual’s 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.  

One of the objectives of this study is to evaluate if changes in observable patterns of travel behavior, as reported 
in Section 3, are a function solely of changes in socioeconomic factors, or indicative of more persistent shifts in 
modal preferences. In particular, we are interested in examining if and how modality styles in the sample 
population have changed between the two observation periods, whether old modality styles have declined 
during that period, and what new modality styles have emerged. The remainder of this section is structured as 
follows: Section 4.1 describes the econometric framework used for our analysis; Section 4.2 presents estimation 
results for the preferred model specification; Section 4.3 examines these results in terms of what they imply 
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about changes in preferences and modality styles, beyond changes in observable socioeconomic variables; and 
Section 4.4 demonstrates how the framework may be used to forecast changes in travel mode choice behavior 
over long-term horizons. 

4.1 Econometric Framework 

We build on the Latent Class Choice Model (LCCM) framework presented in Vij and Walker (2014) by 
extending it for repeated cross-sectional data. We argue that the pooled sample populations from the two 
observation periods 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.  

The conceptual framework is shown in Figure 1, and comprises two components: a class membership model 
and a class-specific mode choice model. Modality styles are modeled as different classes, and differences in 
latent modal preferences are captured by allowing both taste parameters and choice sets to vary across classes. 
We begin by describing the class-specific mode choice models, which predict the probability that an individual 
makes a certain set of travel mode choices, conditional on the class, or modality style, that the individual 
belongs to, and the level-of-service of different travel modes. Since taste parameters and choice sets differ 
across classes, individuals belonging to different classes may behave differently, even when they are confronted 
with the same exact choice situation.  

The class-specific choice models are constrained to be the same across observation periods. For example, the 
final model specification that we discuss in greater detail in the following subsection identified ten classes, or 
modality styles. These classes are identified using data from both 2000 and 2012, and the modal preferences of 
an individual belonging to any one of these classes, as denoted by their taste parameters and choice sets, are 
constrained to be the same, regardless of whether the individual was observed in 2000 or 2012. Changes in 
preferences between observation periods can then be measured by observing changes in the population 
distribution across classes, or modality styles. If we were to allow individuals belonging to the same class to 
have different modal preferences, depending on whether the individual was observed in 2000 or 2012, then 
there would be no basis for comparing the proportion of the population in 2000 and 2012 that belongs to a 
particular class (because the same class would represent different modality styles in 2000 and 2012).  

As is typically done in practice, separate class-specific choice models are specified for mandatory and non-
mandatory tours (for the sake of visual clarity, we do not show this explicitly in Figure 1). In other words, 
individuals belonging to the same class are allowed to have different consideration sets and values of time for 
mandatory and non-mandatory tours. For example, individuals belonging to a particular modality style might 
only consider private vehicle for work and work-related travel, but may be more amenable towards walking or 
bicycling for discretionary travel. Similarly, individuals belonging to a different modality style might have a 
high value of time for mandatory tours but a low value of time for non-mandatory tours. 

Class membership is hypothesized to be a function of individual and household characteristics, such as age and 
income, and medium and long-term travel and activity decisions, such as level of car ownership and type of 
residence. To capture changes in preferences, over and above changes in socioeconomic variables, we allow the 
influence of each of these variables on class membership to vary across the two observation periods, as denoted 
by the separate class membership models. In other words, individuals with identical demographic characteristics 
could potentially belong to very different modality styles, depending on whether they are observed in 2000 or 
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Figure 1: Proposed travel mode choice model framework 

 

2012. For example, young men may be more favorably inclined towards bicycling in 2012 than they were in 
2000. At the same time, working adults with children may be just as dependent on the car in 2012 as they were 
in 2000. Differences in the propensity of the same demographic subgroup to belong to different modality styles 
across different observation periods can offer insight on changes in modal orientations, if any, for that 
demographic subgroup between the observation periods. 

Preferences may also change in response to intervening changes to the transportation system. For example, 
rising oil prices may force individuals to consider alternative modes of travel, such as public transit or 
bicycling. Similarly, an increase in congestion may prompt individuals to lower their value of time. To control 
for the confounding influence of changes in the level of service of different travel modes, we model class 
membership as an additional function of the consumer surplus offered by different modality styles. Consumer 
surplus is a measure of the welfare that individuals gain from a choice situation. If individuals are utility 
maximizers, then consumer surplus is the expected maximum utility that an individual derives from the choice 
situation, defined mathematically as a function of taste parameters and the choice set. Modality styles differ 
from each other with regards to taste parameters and choice sets. Therefore, different modality styles offer 
differing levels of consumer surplus for the same objective choice situation. Changes in the level of service of 
different travel modes will result in unequal changes in the consumer surplus offered by each modality style, 
which in turn will change the probability that an individual belongs to a particular modality style, and 
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consequently the distribution of individuals across modality styles over time. Therefore, by specifying the class 
membership model as a function of the consumer surplus derived from each class, we allow class membership 
to be sensitive to changes in the level-of-service of the transportation system. For more details on the use of the 
consumer surplus measure to capture these changes, the reader is referred to Vij and Walker (2014). Any 
changes in the distribution, in addition to those predicted by concurrent changes in the level of service of 
different travel modes (and concurrent changes in the demographic composition of the population) between the 
observation periods, can then be construed as evidence of deeper shifts in modal orientations. 

To summarize, the class membership model framework allows us to capture shifts in modal preferences as 
resulting from each of the following three factors: (1) changes in economic factors, such as income and oil 
prices, through changes in individual and household characteristics and changes in the consumer surplus offered 
by different classes; (2) changes in social factors, such as household size and structure, through changes in 
individual and household characteristics as well; and (3) changes in modal orientations, through differences in 
the class membership model parameters across the two observation periods. 

Over subsequent paragraphs, we describe each of the model components in greater mathematical detail. We 
begin with the class-specific mode choice model, assumed for the sake of computational convenience to be 
multinomial logit: 

P y!"#$% = 1|q!"# = 1 = exp !!"#$%! !!"
exp !!"#$!!! !!"!!∈!!"#$|!

 (1) 

, where y!"#$% equals one if decision-maker n from observation period d over tour purpose k and tour t chose 
travel mode j, and zero otherwise; q!"# equals one if decision-maker n from observation period d belongs to 
modality style s, and zero otherwise; !!"#$% is a vector of attributes, such as travel time and cost, associated with 
travel mode j over tour t of tour type k made by decision-maker n from observation period d; !!" is a vector of 
parameters for tour purpose k specific to modality style s; and !!"#$|! is the choice set for tour t of tour type k 
made by decision-maker n from observation period d, given that the decision-maker belongs to modality style s. 
Changes in the level-of-service, as reflected by rising oil prices or increased congestion, are captured explicitly 
through changes in the vector of alternative attributes !!"#$%. We introduce the subscript k to account for the 
fact that we have separate class-specific choice models for mandatory and non-mandatory tours. Heterogeneity 
in the decision-making process is captured by allowing both the taste parameters !!" and the choice set !!"#$|! 
to vary across modality styles. As mentioned before, the reader should note that the class specific choice model 
parameters are held the same across observation periods. In other words, the nature of the classes does not 
change between the two observation periods (but the propensity of different demographic subgroups to belong 
to a particular class is allowed to vary through the class membership model). 

Moving to the construct of consumer surplus, let CS!"#$ be the average consumer surplus offered by modality 
style s over tour purpose k to individual n from observation period d. As a reminder to the reader, the construct 
allows us to capture shifts in modal preferences that might result from changes in the level of service of the 
transportation infrastructure. As mentioned earlier, if individuals are utility maximizers then consumer surplus 
is the expected maximum utility derived by the individual: 

CS!"#$ =
1
T!"#

E max
!∈!!"#$|!

u!"#$%|!
!!"#

!!!
 (2) 
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, where for the purposes of empirical identification consumer surplus needs to be normalized by the number of 
observations T!"#. If the class-specific choice model is assumed to be multinomial logit, as is the case here, then 
equation (2) results in the following logsum measure of consumer surplus: 

CS!"#$ =
1
T!"#

log exp !!"#$%! !!"
!∈!!"#$|!

!!"#

!!!
 (3) 

For more details on the construct of consumer surplus and how it’s used to allow individual preferences to be 
sensitive to changes in the transportation system, the reader is referred to Vij and Walker (2014). Equation (3) 
can then be used to formulate the second piece to the LCCM, the class membership model, also assumed to be 
multinomial logit: 

P q!"# = 1 = exp !!"! !!" + α!"#CS!"#$!
!!!

exp !!"! !!"! + α!"!!CS!"#!!!
!!!

!
!!!!

 (4) 

, where !!" is a vector of characteristics of the decision-maker; !!" is a vector of parameters associated with the 
decision-maker’s characteristics; α!"# is the model parameter associated with the consumer surplus offered by 
the class for tour purpose k; K denotes the number of distinct tour types, equal to two in our case (mandatory 
and non-mandatory); and S denotes the number of modality styles in the sample population.  

By allowing the vector of class membership model parameters, !!", to vary across observation periods, we 
allow individuals from similar demographic subgroups observed at different points in time to potentially belong 
to different classes, or modality styles. If the model parameters are found to be similar across the observation 
periods, but the distribution of individuals across classes is still found to change, then the change must be 
ascribed solely to changes in socioeconomic factors, as captured by corresponding changes in variables such as 
age, employment and household income. If however the class membership model parameters themselves 
change, then the resulting change in preferences cannot be attributed solely to changes in the demographic 
composition of the sample population, but must be understood to be reflective of deeper shifts in orientations.   

Changes in modality styles, as resulting from changes in the transportation system through indirect changes in 
the consumer surplus, are captured explicitly through the model parameter α!"#. In our case, for any individual 
in the sample population, the class-specific choice models differ across tour purposes and classes, and so 
consequently does the consumer surplus. The unit of measurement of consumer surplus is utils, where the 
definition of a util is derived from the scale of the utilities for the corresponding class-specific choice model. 
Since the scale of the utilities differs across class-specific choice models (a util for one model is not equal to a 
util for another model), the analyst cannot directly compare α!"# across tour purposes or classes (i.e. a higher 
α!"# does not necessarily imply that membership to class s is more sensitive to the average consumer surplus 
offered by that class for tour purpose k and observation period d). Note however that α!!"CS!"#$ denotes the 
relative effect of the average consumer surplus, offered by class s for tour purpose k to individual n belonging 
to observation period d, on the attractiveness of class s. Let !!"#$% and !!" be R×1  vectors, such that x!"#$%& 
and β!"# denote the r!" elements, respectively. Rearrange α!"#CS!"#$ as follows: 

α!"#CS!"#$ = α!"#β!"#
CS!"#$
β!"#

 (5) 
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For the sake of illustration, say that x!"#$%& denotes travel costs and β!"# denotes sensitivity to travel costs, 
where travel costs are measured in dollars. Therefore, CS!"#$ β!"# is the average consumer surplus in dollar 
terms, and the product α!"#β!"# represents the impact of a unit change in the consumer surplus in dollar terms 
on the attractiveness of class s. It can be shown mathematically that a unit change in the consumer surplus in 
dollar terms is equal to a unit change in x!"#$%& for all alternatives j ∈ !!"#$|!. Therefore, α!"#β!"# denotes the 
impact on the attractiveness of class s if all travel modes become more expensive by one dollar. The effect of 
consumer surplus on class membership can similarly be calculated in terms of units of travel time (or some 
other attribute) by multiplying α!"#  by the element of !!"  that denotes sensitivity to that attribute. By 
translating consumer surplus into more tangible units that hold the same meaning across models, we have a 
basis for both interpreting α!"# and comparing it across classes, tour purposes and observation periods. 

Equation (1) may be combined iteratively over travel modes, tours and tour purposes to yield the following 
conditional probability of observing the vector of choices !!" for decision-maker n from observation period d: 

f! !!"|q!"# = 1 = P y!"#$% = 1|q!"# = 1 !!"#$%

!∈!!"#$|!

!!"#

!!!

!

!!!
 (6) 

, where T!"#  denotes the number of distinct tours observed for tour type k for individual n belonging to 
observation period d. Equations (4) and (6) may now be combined to yield the marginal probability of 
observing the vector of choices !!" for decision-maker n from observation period d: 

f! !!" = P q!"# = 1 P y!"#$% = 1|q!"# = 1 !!"#$%

!∈!!"#$|!

!!"#

!!!

!

!!!

!

!!!
 (7) 

Equation (7) shows how both tours across the same tour type and multiple tour types for the same decision-
maker are correlated through the class-membership model. Equation (7) may be combined iteratively over all 
decision-makers and observation periods to give the likelihood function for the sample population, weighted to 
be reflective of the population in each observation period, as follows: 

L = w!" P q!"# = 1 P y!"#$% = 1|q!"# = 1 !!"#$%

!∈!!"#$|!

!!"#

!!!

!

!!!

!

!!!

!!

!!!

!

!!!
 (8) 

, where D denotes the number of distinct observation periods, equal to two in our case (2000 and 2012); N! 
denotes the number of decision-makers from observation period d in the sample population; and w!" denotes 
the population weight for decision-maker n from observation period d. The unknown model parameters 
α!"#,!!",!!"  may be estimated by maximizing the likelihood function given by equation (8). The number of 

modality styles S is determined by estimating models with different numbers 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. All models are 
estimated in Python using an implementation of the BFGS algorithm contained in the SciPy library (Jones et al., 
2001). The modeling approach is exploratory in that both the number of modality styles and the behavior of 
each modality style emerge naturally from the process of testing different model specifications. 
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4.2 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. The process of determining class-
specific choice sets is exploratory. As the number of classes is increased, often the alternative-specific constants 
corresponding to a subset of alternatives for a particular class will tend towards negative infinity, indicating that 
these alternatives are not considered by decision-makers belonging to the class, or towards positive infinity, 
indicating that these alternatives, whenever available, are always preferred, regardless of their attributes, or the 
attributes of other alternatives. If this is the case, these constraints on the class-specific choice sets may be 
explicitly imposed, and the model may be reestimated. However, the process is not entirely data driven, and 
consideration is also given to behavioral interpretation when imposing these constraints. In our case, based on a 
comparison across both statistical measures of fit, such as the Bayesian Information Criterion (BIC) and the 
Akaike Information Criterion (AIC), and behavioral interpretation, a ten-class LCCM was selected as the 
preferred model specification. In terms solely of fit, the analogous nine-class LCCM ought to have been 
preferred. However, all nine classes for the model were found to consider private vehicle as a mode of 
transportation for both mandatory and non-mandatory tours. From a behavioral standpoint, we were interested 
in identifying individuals who do not consider a private vehicle when deciding how to travel. Consequently, we 
added a tenth class to the model that includes all individuals in households with no privately owned vehicles, 
and individuals who do not consider a private vehicle, though they may still belong to households that do own 
one. We believe such a class did not naturally emerge during the process of model exploration because of the 
small number of respondents in the sample population that are completely independent of the car: only 2.7% of 
the sample population belongs to households that do not own a car, and as will be described in more detail in 
subsequent subsections, the share of the modality style was estimated to be slightly larger at 3.1%.  

The final ten-class LCCM, with separate class-specific choice models for mandatory and non-mandatory tours 
and separate class membership models for the two observation periods, has a large number of parameters. To 
ensure that the reader is not overwhelmed with tables of numeric data, in presenting the estimation results, we 
have ordered the classes in terms of their dependence on the car, with Classes 1 and 2 being entirely dependent 
on the car for all of their mobility needs, and Class 10 eschewing the car altogether. We have further grouped 
these classes under five broader clusters, also ordered in terms of their car dependence, and to help distinguish 
them we have given them the following names: Complete Car Dependents (Classes 1 and 2), Partial Car 
Dependents (Classes 3 and 4), Car Preferring Multimodals (Classes 5 and 6), Car Desisting Multimodals 
(Classes 7, 8 and 9) and Car Independents (Class 10). Each of the classes has been given a name of its own, 
conditional on the cluster that it belongs to, to further highlight differences between classes belonging to the 
same cluster. 

Tables 2 and 3 present estimates for the class-specific travel mode choice models for mandatory tours and non-
mandatory tours, respectively. The universal choice set, as described in section 2, consists of six travel modes: 
private vehicle, private transit (taxi, Uber, etc.), walk, bike, walk to transit, and drive to transit. Based on the 
modality style that an individual belongs to, the individual may consider only a subset of this universal choice 
set when making her decision. Differences in consideration sets across modality styles are described in greater 
detail over subsequent paragraphs, but if the reader is so interested, they can be inferred from the reported 
estimates for alternative specific constants (ASCs) in Tables 2 and 3. If the estimate for an ASC corresponding 
to a particular travel mode for a particular class is not reported, as indicated by ‘-’, it is assumed that the travel 
mode is not considered by individuals belonging to that class, regardless of its availability. In some cases, to 
help identify class-specific parameters denoting sensitivities to travel times and costs, the value of time was 
constrained to be the same across multiple classes. Tables 4 and 5 present estimates for the class membership 
  



	

 
 
 
 

Table 2: Parameter estimates (and t-statistics) for the class-specific travel mode choice model for mandatory tours 

Variable 
Complete car 
dependents Partial car dependents Car preferring 

multimodals Car desisting multimodals Car 
independents 

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Class 8 Class 9 Class 10 

Alternative specific constants 

Private vehicle 0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.00 
(-) - 

Private transit - - - - - -5.53 
(-14.33) - - - 0.00 

(-) 

Walk - - 53.90 
(46.96) - 2.36 

(11.12) 
-0.17 

(-0.97) 
-0.66 

(-4.61) 
0.67 

(2.04) 
190.59 
(36.72) 

0.48 
(4.38) 

Bike - - - - - - - 1.04 
(9.64) 

1.82 
(0.22) 

-0.62 
(-4.49) 

Walk to transit - - 
65.69 

(62.99) 
- 3.80 

(17.39) 
-1.53 

(-5.84) 
1.21 

(10.47) 
1.33 

(4.21) 
140.49 
(31.50) 

1.22 
(14.18) 

Drive to transit - - - - - -3.38 
(-12.73) - - - -1.64 

(-9.17) 

Level-of-service 

Travel time (min) -0.01 
(-6.28) 

-0.00 
(-0.09) 

-1.22 
(-97.01) 

-0.01 
(-2.62) 

-0.07 
(-26.13) 

-0.04 
(-15.80) 

-0.00 
(-1.43) 

-0.07 
(-39.09) 

-1.90 
(-46.85) 

-0.01 
(-19.48) 

Travel cost ($) -0.01 
(-) 

-0.00 
(-) 

-14.22 
(-65.96) 

-0.16 
(-) 

-1.05 
(-29.47) 

-0.02 
(-0.55) - -0.26 

(-8.03) 
-10.52 

(-10.60) 
-0.10 

(-12.48) 

Marginal rates of substitution 

Value of time ($/hr) 122.87 122.87 5.14 4.17 4.17 122.87 ∞ 16.40 10.83 7.92 

 
 
 
 
 



	

 
 
 
 

Table 3: Parameter estimates (and t-statistics) for the class-specific travel mode choice model for non-mandatory tours 

Variable 
Complete car 
dependents Partial car dependents Car preferring 

multimodals Car desisting multimodals Car 
independents 

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Class 8 Class 9 Class 10 

Alternative specific constants 

Private vehicle 
0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.00 
(-) 

- 

Private transit - - - - - -3.66 
(-5.22) - - - 0.00 

(-) 

Walk - - - 0.26 
(2.16) 

2.60 
(18.44) 

4.13 
(12.75) 

-0.49 
(-4.14) 

1.46 
(8.13) 

87.23 
(32.52) 

1.29 
(11.10) 

Bike - - - -5.70 
(-9.03) - -3.24 

(-9.15) 
-2.15 

(-10.08) 
-0.42 

(-4.33) 
0.52 

(0.43) 
-0.77 

(-5.54) 

Walk to transit - - - - 1.84 
(9.75) 

2.07 
(4.67) 

-1.62 
(-8.20) 

0.02 
(0.03) - 1.04 

(9.17) 

Drive to transit - - - - - -2.13 
(-3.38) - - - -2.46 

(-8.18) 

Level-of-service 

Travel time (min) -0.01 
(-2.34) 

-0.07 
(-3.54) 

-0.01 
(-2.51) 

-0.05 
(-32.18) 

-0.05 
(-32.18) 

-0.20 
(-20.26) 

-0.00 
(-6.06) 

-0.07 
(-39.09) 

-1.90 
(-46.85) 

-0.03 
(-20.28) 

Travel cost ($) -0.00 
(-) 

-0.00 
(-) 

-0.08 
(-) 

-0.73 
(-17.84) 

-0.73 
(-17.84) 

-0.10 
(-0.85) - -0.26 

(-8.03) 
-10.52 

(-10.60) 
-0.09 

(-8.17) 

Marginal rates of substitution 

Value of time ($/hr) 121.04 121.04 5.14 4.38 4.38 121.04 ∞ 16.40 10.83 15.74 

 
 
 
 
 



	

Table 4: Parameter estimates (and t-statistics) for the class membership model for the year 2000 

Variable 
Complete car 
dependents Partial car dependents Car preferring 

multimodals Car desisting multimodals Car 
independents 

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Class 8 Class 9 Class 10 

Constant -0.93 
(-3.10) 

1.63 
(0.52) 

0.59 
(1.16) 

2.71 
(4.65) 

1.03 
(2.80) 

1.72 
(4.52) 

-1.91 
(-4.31) 

-0.05 
(-0.14) 

-0.56 
(-0.94) 

0.00 
(-) 

Consumer surplus 

Mandatory tours 1.00 
(-) 

1.00 
(-) 

0.01 
(5.14) 

1.00 
(-) 

0.06 
(5.06) 

0.16 
(2.99) 

0.28 
(2.37) 

0.26 
(7.48) 

0.01 
(3.54) 

0.38 
(3.58) 

Non-mandatory tours 1.00 
(-) 

1.00 
(-) 

1.00 
(-) 

0.00 
(-) 

0.00 
(-) 

0.02 
(0.98) 

0.07 
(0.24) 

0.15 
(3.51) 

0.01 
(2.27) 

1.03 
(4.72) 

Household characteristics 
Household income 
($10,000) 

-0.07 
(-5.49) 

-0.07 
(-1.77) 

-0.06 
(-3.03) 

-0.02 
(-0.93) 

-0.07 
(-3.79) 

-0.07 
(-4.04) 

-0.13 
(-6.58) 

-0.10 
(-6.29) 

-0.17 
(-5.68) 

0.00 
(-) 

Household size -0.82 
(-13.57) 

-0.93 
(-6.24) 

-0.71 
(-7.15) 

-0.51 
(-5.73) 

-0.51 
(-6.05) 

-0.94 
(-9.63) 

-0.29 
(-4.28) 

-0.87 
(-12.15) 

-0.19 
(-2.47) 

0.00 
(-) 

Kids 2.98 
(16.70) 

3.64 
(1.18) 

2.67 
(7.32) 

1.14 
(2.96) 

1.45 
(5.61) 

2.35 
(8.94) 

2.21 
(8.48) 

1.68 
(7.37) 

1.94 
(5.20) 

0.00 
(-) 

Number of cars 2.36 
(42.22) 

1.99 
(9.60) 

1.57 
(12.27) 

1.84 
(14.14) 

1.51 
(12.27) 

2.06 
(23.26) 

1.49 
(17.46) 

1.72 
(24.29) 

1.25 
(10.36) 

0.00 
(-) 

Number of bicycles -0.18 
(-5.93) 

0.16 
(2.35) 

-0.11 
(-2.24) 

-0.14 
(-2.70) 

0.03 
(0.71) 

-0.14 
(-2.68) 

-0.03 
(-0.83) 

0.27 
(8.42) 

-0.09 
(-1.75) 

0.00 
(-) 

Single family house 1.23 
(9.72) 

-0.12 
(-0.34) 

0.93 
(4.11) 

1.50 
(4.58) 

0.55 
(3.37) 

0.51 
(3.06) 

0.38 
(2.38) 

0.65 
(4.10) 

0.98 
(4.37) 

0.00 
(-) 

Residence owned 0.53 
(4.04) 

0.57 
(1.66) 

0.45 
(2.08) 

0.62 
(2.50) 

0.43 
(2.51) 

0.24 
(1.37) 

0.13 
(0.80) 

0.39 
(2.59) 

-0.11 
(-0.50) 

0.00 
(-) 

Individual characteristics 

Male -0.44 
(-4.78) 

0.62 
(2.05) 

0.01 
(0.05) 

-0.39 
(-2.18) 

-0.18 
(-1.44) 

-0.68 
(-5.02) 

0.02 
(0.15) 

0.88 
(6.86) 

0.36 
(1.98) 

0.00 
(-) 

Married -0.31 
(-2.77) 

-6.29 
(-3.91) 

-0.21 
(-0.90) 

-0.20 
(-0.30) 

-0.40 
(-2.69) 

-0.44 
(-2.86) 

-0.81 
(-4.05) 

-0.47 
(-2.78) 

-0.77 
(-2.19) 

0.00 
(-) 

Parent -0.10 
(-0.63) 

10.22 
(7.18) 

0.17 
(0.44) 

3.62 
(4.83) 

-0.45 
(-1.86) 

0.19 
(0.79) 

-0.51 
(-1.77) 

0.14 
(0.55) 

-0.39 
(-0.77) 

0.00 
(-) 

Employed 1.42 
(12.29) 

1.89 
(2.18) 

1.26 
(4.61) 

2.22 
(6.72) 

0.66 
(4.32) 

0.87 
(5.31) 

0.08 
(0.43) 

1.64 
(8.81) 

1.13 
(4.22) 

0.00 
(-) 

Student 0.65 
(4.34) 

2.01 
(3.56) 

0.79 
(2.99) 

0.89 
(2.93) 

0.41 
(2.04) 

0.69 
(3.67) 

1.50 
(6.58) 

0.86 
(3.69) 

1.08 
(3.50) 

0.00 
(-) 

Age (years) 0.05 
(13.55) 

-0.27 
(-6.97) 

0.01 
(1.28) 

-0.16 
(-8.07) 

0.02 
(3.22) 

0.03 
(4.84) 

0.04 
(6.67) 

0.00 
(0.28) 

0.01 
(1.14) 

0.00 
(-) 



	

Table 5: Parameter estimates (and t-statistics) for the class membership model for the year 2012 

Variable 
Complete car 
dependents Partial car dependents Car preferring 

multimodals Car desisting multimodals Car 
independents 

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Class 8 Class 9 Class 10 

Constant 2.06 
(0.36) 

9.05 
(12.86) 

-5.58 
(-0.01) 

7.45 
(0.97) 

12.37 
(28.07) 

11.92 
(16.12) 

10.34 
(15.99) 

10.96 
(17.20) 

11.77 
(0.87) 

0.00 
(-) 

Consumer surplus 

Mandatory tours 0.02 
(0.05) 

35.08 
(0.33) 

0.04 
(2.71) 

0.03 
 (0.27) 

0.07 
(3.74) 

0.00 
(-) 

0.20 
(1.16) 

0.17 
(2.92) 

0.00 
(-) 

0.63 
(2.22) 

Non-mandatory tours 0.18 
(-0.07) 

0.13 
(2.07) 

0.45 
(-0.37) 

0.00 
(-) 

0.05 
(1.48) 

0.15 
(2.60) 

1.14 
(2.58) 

0.09 
(1.22) 

0.00 
(-) 

0.46 
(1.59) 

Household characteristics 
Household income 
($10,000) 

-0.18 
(-4.01) 

-0.21 
(-12.36) 

-0.19 
(-5.70) 

-0.14 
(-7.27) 

-0.19 
(-17.11) 

-0.14 
(-7.94) 

-0.18 
(-11.84) 

-0.16 
(-12.67) 

0.62 
(0.76) 

0.00 
(-) 

Household size -1.66 
(-5.55) 

-0.88 
(-7.51) 

-0.59 
(-2.63) 

-1.90 
(-7.95) 

-1.07 
(-12.92) 

-1.34 
(-7.64) 

-0.84 
(-7.16) 

-1.24 
(-10.72) 

1.25 
(0.38) 

0.00 
(-) 

Kids 9.47 
(1.80) 

2.54 
(6.04) 

9.08 
(0.01) 

0.41 
(0.81) 

1.80 
(6.41) 

1.47 
(3.43) 

0.56 
(1.85) 

0.99 
(3.25) 

-15.57 
(-0.94) 

0.00 
(-) 

Number of cars 4.37 
(8.86) 

2.95 
(23.54) 

3.02 
(10.53) 

3.14 
(11.91) 

2.58 
(25.08) 

2.80 
(16.66) 

1.84 
(13.34) 

2.27 
(17.89) 

-7.73 
(-0.72) 

0.00 
(-) 

Number of bicycles -0.58 
(-2.89) 

-0.50 
(-5.50) 

0.24 
(2.18) 

0.25 
(3.06) 

-0.20 
(-3.99) 

-0.15 
(-1.73) 

-0.02 
(-0.27) 

0.28 
(4.39) 

1.48 
(1.03) 

0.00 
(-) 

Single family house -2.45 
(-1.41) 

3.61 
(9.23) 

6.51 
(0.31) 

6.18 
(2.01) 

2.12 
(11.19) 

1.38 
(5.26) 

1.74 
(6.45) 

1.70 
(7.20) 

13.68 
(0.84) 

0.00 
(-) 

Residence owned -2.45 
(-1.41) 

3.61 
(9.23) 

6.51 
(0.31) 

6.17 
(2.01) 

2.12 
(11.19) 

1.38 
(5.26) 

1.74 
(6.44) 

1.70 
(7.20) 

13.67 
(0.84) 

0.00 
(-) 

Individual characteristics 

Male 1.74 
(2.81) 

0.24 
(1.11) 

0.74 
(1.55) 

0.16 
(0.49) 

0.16 
(1.09) 

-0.01 
(-0.02) 

0.68 
(3.36) 

0.98 
(5.43) 

-12.91 
(-0.77) 

0.00 
(-) 

Married 1.45 
(1.11) 

2.52 
(7.88) 

-0.09 
(-0.05) 

0.47 
(0.48) 

2.25 
(11.35) 

1.50 
(5.33) 

2.16 
(7.89) 

1.40 
(5.18) 

-6.55 
(-0.70) 

0.00 
(-) 

Parent 1.50 
(0.93) 

-0.16 
(-0.43) 

4.71 
(1.46) 

8.25 
(4.80) 

0.27 
(1.03) 

1.10 
(2.80) 

1.10 
(3.26) 

0.94 
(3.06) 

2.81 
(0.60) 

0.00 
(-) 

Employed -12.24 
(-12.94) 

-9.86 
(-38.74) 

-10.56 
(-9.21) 

-10.89 
(-17.99) 

-10.88 
(-65.78) 

-11.44 
(-42.86) 

-11.59 
(-42.67) 

-10.31 
(-39.12) 

-17.79 
(-2.12) 

0.00 
(-) 

Student 5.15 
(5.46) 

3.65 
(9.62) 

4.55 
(2.52) 

2.88 
(3.49) 

3.79 
(15.95) 

3.34 
(7.49) 

3.90 
(9.97) 

3.34 
(9.31) 

-9.57 
(-0.68) 

0.00 
(-) 

Age 0.06 
(2.26) 

0.04 
(4.66) 

-0.02 
(-0.44) 

-0.16 
(-4.61) 

0.03 
(5.33) 

0.04 
(4.29) 

0.02 
(2.62) 

0.02 
(2.49) 

-0.21 
(-0.93) 

0.00 
(-) 
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model for the BATS 2000 dataset and the CHTS 2012 dataset, respectively. Class 10 was selected as the base 
case, and all parameter estimates should be interpreted in reference to this class.  

Over subsequent subsections, we rely on the results presented in Tables 2-5 to describe in greater detail each of 
the ten classes identified by the model, grouped under the five clusters. 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, and how each of the different classes have evolved 
over time. To further underscore behavioral differences between the classes, a sample enumeration is carried 
out, and the results are incorporated in our description of the classes. The class membership probabilities for 
each individual are summed to arrive at the expected size of the modality style segments across the two 
observation periods. Similarly, the class-specific probability of choosing an alternative on a tour is weighted by 
the class membership probability for the respective individual and the population weight for that individual, and 
the product is summed over all tours to arrive at the expected modal split for each class. A similar procedure is 
used to calculate the socioeconomic composition of each class. In general, the effect of the level-of-service of 
the transportation infrastructure on class membership, as captured by the consumer surplus offered by each 
class, though statistically significant in many cases, is uniformly much smaller in terms of magnitude when 
compared to the effect of socioeconomic variables. In other words, variables such as income and household 
structure appear to be more important determinants of an individual’s modality style than the state of the 
transportation network. For these reasons, when discussing the estimation results, we will not devote as much 
attention to the class membership parameters corresponding to consumer surplus. However, we have retained 
these parameters in the final model specification, because a negative finding in this case is of interest 
behaviorally. Before we describe the classes in greater detail, it is worth reemphasizing that the estimation 
process is exploratory in that the number of classes and the behavior of each class are uncovered in the course 
of testing different model specifications. 

4.2.1 Complete Car Dependents 

Classes 1 and 2 belong to the complete car dependents cluster. Individuals belonging to these two classes 
deterministically choose private vehicle for both mandatory and non-mandatory tours. The value of time for 
Classes 1, 2 and 6 was constrained to be the same (and was estimated to be a very high 122.9$/hr for mandatory 
tours and 121.0$/hr for non-mandatory tours, indicating that individuals belonging to these classes are making 
travel mode choices based almost entirely on travel time considerations)2. Note that even though the class-
specific choice models for Classes 1 and 2 are deterministic, parameters denoting sensitivities to travel times 
and costs can still be estimated indirectly through the class membership model because of the feedback through 
consumer surplus. Despite having the same consideration set and propensity for private vehicle, and similar 
values of time, there are both similarities and differences between Classes 1 and 2 in terms of their demographic 
composition. 

Class 1 (2000 Car Dependents): This class constitutes 26.3% of the entire population across both observation 
periods, though the class is dominated by individuals from 2000 (36.2% of the 2000 population belongs to the 
class, as opposed to 3.2% of the 2012 population). In terms of socioeconomic variables, there are a number of 
similarities with Class 2. However, individuals belonging to this class seem to be a little earlier in the life cycle: 
they have smaller households (average household size of 3.40, as opposed to 3.87 for Class 1), are less likely to 

																																																								
2 These (and other) constraints on taste parameters were imposed to help model convergence. However, constraints were imposed only 
if they could be justified from a behavioral standpoint. For example, Classes 1, 2 and 6 all have strong predispositions towards private 
vehicle, so it is not unlikely that they have similar values of time as well. 
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live in a single family home (73%, as opposed to 79%), and a greater probability of still being married (72%, as 
opposed to 66%). 

Class 2 (2012 Car Dependents): This class captures 9.9% of the entire population across both observation 
periods, though the class is dominated by individuals from 2012 (20.3% of the 2012 population belongs to the 
class, as opposed to 5.5% of the 2000 population). Individuals with median household incomes, living in single-
family homes that they most likely own, with high levels of car ownership, have a greater probability of 
belonging to this class.  

4.2.2 Partial Car Dependents 

Classes 3 and 4 belong to the partial car dependents cluster. Individuals belonging to class 3 deterministically 
choose private vehicle for non-mandatory tours, and have a strong predisposition towards private vehicle for 
mandatory tours, despite considering other travel modes for the same. Individuals belonging to class 4 
deterministically choose private vehicle for mandatory tours, and have a strong predisposition towards private 
vehicle for non-mandatory tours, despite considering other travel modes for the same. In terms of their 
consideration sets, the two classes are complements.  

Class 3 (Mandatory Multimodals): This class constitutes 4.8% of the entire population and captures a larger 
proportion of individuals from 2000 (6.2%, as opposed to 1.6% of the 2012 population). Individuals belonging 
to this class consider private vehicle, walk and walk to public transit for mandatory tours, and do not consider 
any travel mode other than private vehicle for non-mandatory tours. Value of time for the class was constrained 
to be the same for mandatory and non-mandatory tours, and was estimated to be 5.1$/hr. In terms of 
demographic composition, there are a number of similarities again with Classes 1 and 2. The only significant 
difference between the classes is that individuals belonging to Class 3 seem to be even earlier in the life cycle: 
adults belonging to the class are younger (average adult age of 40 years) and have bigger households (average 
household size of 4.14). 

Class 4 (Non-Mandatory Multimodals): This class constitutes 15.5% of the entire population and comprises 
an equal mix of individuals from 2000 (16.5%) and 2012 (13.2%). For mandatory tours, private vehicle is the 
only travel mode considered. For non-mandatory tours, walking and bicycling are also considered, but 93.4% of 
these tours are still made by private vehicle. Value of time for the class for both mandatory and non-mandatory 
tours was constrained to be the same as that for Class 5, and estimated to be 4.2$/hr and 4.4$/hr, respectively. 
Mode-specific mean demand elasticities for non-mandatory tours with respect to travel time and cost were 
estimated, respectively, as follows: -0.03 and -0.02 for private vehicle, -12.77 and 0.00 for walking, and -3.24 
and 0.00 for bicycling. Demand elasticities for private vehicle seem to imply that changes in travel times or 
costs for the mode have negligible effects on the likelihood of choosing that mode. In contrast, demand 
elasticities for walking or bicycling seem to indicate that changes in travel times for the two modes have large 
effects on the likelihood of choosing either mode. These numbers may additionally be taken to mean that 
individuals belonging to the class are willing to walk or bicycle for short-distance tours, but strongly prefer to 
use a private vehicle for medium and long-distance tours. In terms of demographic composition, there are a 
number of similarities with earlier classes. However, individuals belonging to Class 4 have higher average 
annual household incomes ($108,700, as opposed to $84,800 for class 1) and a greater probability of living in 
single-family homes (90%, as opposed to 73% for Class 1.  

4.2.3 Car Preferring Multimodals 

Classes 5 and 6 belong to the car preferring multimodals cluster. Individuals belonging to this cluster consider 
other travel modes, but have a strong preference for private vehicle. Over three in four tours made by 
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individuals belonging to the cluster, mandatory or non-mandatory, are made using a private vehicle. A major 
difference between the two classes is in terms of their value of time. 

Class 5 (Time Insensitive Multimodals): This class comprises 11.9% of the entire population (6.9% of the 
2000 population and 23.6% of the 2012 population). Individuals in this class consider private vehicle, walk and 
walk to public transit for both mandatory and non-mandatory tours, with a strong predisposition towards private 
vehicle: 80.7% of mandatory tours and 71.9% of non-mandatory tours are made by private vehicle. Individuals 
in this class have a low value of time of 4.2 $/hr for mandatory tours and 4.4 $/hr for non-mandatory tours.  

Class 6 (Time Sensitive Multimodals): This class makes up 19.5% of the population, comprising an equal mix 
of individuals from the 2000 (18.9%) and 2012 (20.9%) populations. Individuals in this class consider all travel 
modes for both mandatory and non-mandatory tours, with a strong predisposition towards private vehicle: 
95.6% of mandatory tours and 90.9% of non-mandatory tours are made by private vehicle. The class has a very 
high value of time of 122.9$/hr for mandatory tours and 121.0$/hr for non-mandatory tours, indicating that 
individuals belonging to the classes are making travel mode choices based almost entirely on travel time 
considerations (mean demand elasticities with respect to travel costs are -0.05 for mandatory tours and -0.14 for 
non-mandatory tours). 

In terms of demographics, there are a number of similarities between Classes 5 and 6: adults belonging to both 
classes have an average age of 46 years, are much less likely than individuals belonging to earlier classes to be 
parents (30% for Class 5 and 34% for Class 6) or to live in single family homes (56% for Class 5 and 57% for 
Class 6), and have moderate levels of car ownership (1.93 cars per household for Class 5 and 2.05 cars per 
household for Class 6). 

4.2.4 Car Desisting Multimodals 

Classes 7, 8 and 9 belong to the car desisting multimodals cluster. Individuals from these classes are more 
multimodal in both their consideration set and their observed choices. Compared to other clusters, the 
preference for private vehicle appears to be lower (travel mode shares for private vehicle vary roughly between 
40% and 70% across the three classes for both mandatory and non-mandatory tours). A major difference 
between the three classes is in terms of their reliance on other travel modes: class 7 prefers public transit, class 8 
has a strong inclination towards bicycling, and class 9 is equally predisposed towards walking. The combined 
shares of these three classes has increased from 7.1% in 2000 to 12.9% in 2012, providing further evidence of 
the growing popularity of alternative modes of transportation.  

Class 7 (Captive Transit Riders): This class constitutes 2.7% of the entire population (1.9% of the 2000 
population and 4.6% of the 2012 population), and appears to be representative of captive public transit riders. 
The size of the class is roughly commensurate to public transit mode shares reported in Section 3. Though 
individuals belonging to this class consider other modes as well (private vehicle and walk for mandatory tours, 
and private vehicle, walk and bike for non-mandatory tours), they have the highest public transit patronage 
among all classes: 46% of mandatory tours and 6% of non-mandatory tours are made using public transit. 
Individuals belonging to the class are completely insensitive to travels cost for both mandatory and non-
mandatory tours, and have low mean demand elasticities to travel time as well (-0.04 for mandatory tours and -
0.17 for non-mandatory tours). The class has a low rate of employment (52% of adults belonging to the class 
are employed), low average annual household incomes ($77,700) and low levels of car ownership (1.84 cars per 
household). College students, individuals with disabilities and Hispanics have a high likelihood of belonging to 
the class, painting a rather accurate portrait of captive public transit users in the Bay Area. 
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Class 8 (Bicycle Enthusiasts): This class comprises 4.5% of the entire population (3.3% of the 2000 population 
and 7.5% of the 2012 population). Individuals in this class consider all travel modes except private transit and 
drive to public transit for both mandatory and non-mandatory tours. The class has the highest bike patronage: 
36% of mandatory tours and 18% of non-mandatory tours are made by bike. The value of time was constrained 
to be the same for mandatory and non-mandatory tours, and estimated to be 16.4$/hr. In terms of the 
demographic composition, 68% of the individuals belonging to the class are men. 81% of the adult population is 
employed, and average annual household incomes are among the highest ($93,400). Single or married men, 
employed and affluent, with no kids, have a high likelihood of belonging to the class, offering an equally 
accurate portrait of bike enthusiasts in the Bay Area.  

Class 9 (Walk Preferring Multimodals): This class constitutes 1.6% of the entire population (1.9% of the 
2000 population and 0.8% of the 2012 population). Individuals in this class consider private vehicle, walk and 
walk to public transit for mandatory tours, and private vehicle, walk and bike for non-mandatory tours. The 
class exhibits a strong preference for walking: 46% of mandatory tours and 24% of non-mandatory tours are 
made entirely on foot. The value of time was constrained to be the same for mandatory and non-mandatory 
tours, and estimated to be 10.8$/hr. In terms of the demographic composition, 50% of the class comprises 
children aged 17 years or younger. Adults belonging to the class have low average ages (34.6 years), and low 
probability of being married (41%) or having children (31%).  

4.2.5 Car Independents 

Only class 10 belongs to this cluster, and the cluster/class may best be characterized by individuals who do not 
consider private vehicle when deciding how to travel. 

Class 10: This class constitutes 3.1% of the entire population (2.7% of the 2000 population and 4.2% of the 
2012 population). Individuals in this class consider all travel modes except private vehicle for both mandatory 
and non-mandatory tours. This is one of only two classes to consider private transit, and 20% of mandatory 
tours and 24% of non-mandatory tours are made using the mode. Individuals in this class have a value of time 
of 7.9$/hr for mandatory tours and 15.7$/hr for non-mandatory tours. The class has the lowest average annual 
household income ($46,100, as compared to $90,300 for the sample), the lowest average car ownership rate 
(0.13 cars per household, as compared to 2.04 for the sample), the lowest average probability of living in a 
single-family home (18%, as compared to 69% for the sample) and the lowest average probability of sharing the 
household with minors (29%, as compared to 55% for the sample).  

4.3 Trend ’Splaining  

Figure 2 plots the distribution of individuals across the ten modality styles and five modality style clusters, as 
estimated for 2000 and 2012, and as predicted to be in 2012 if the class membership model parameters for 2012 
were the same as the model parameters estimated for 2000 (more on this later). The distributions were 
calculated as follows: the class membership probabilities for each individual in the sample population, as 
predicted by the appropriate class membership model, were multiplied by the population weights, and the 
products were summed to arrive at the expected size of the estimated and predicted modality style segments 
across the two observation periods.  

We begin with a discussion on differences in the estimated shares between 2000 and 2012. The graph offers 
both a class-level breakdown and a cluster-level breakdown of the populations across the two observation 
periods. Consistent with findings from past studies, Figure 2 reveals significant shifts away from car-
dependence towards greater multimodality. The proportion of the population belonging to the complete car  
 



23 	

Figure 2: Distribution of individuals across the ten modality styles and five modality style clusters, as estimated for the 
sample populations from 2000 and 2012, and as would be predicted for the sample population from 2012 if the class 
membership model parameters for 2012 were the same as the model parameters estimated for 2000 

 

dependents cluster has declined significantly, from 41.7% to 23.5%, and the proportion belonging to the partial 
car dependents cluster has declined marginally, from 22.7% to 14.8%. In contrast, the proportions belonging to 
the car preferring and car desisting multimodal clusters have increased from 25.8% to 44.5% and from 7.1% to 
12.9%, respectively. In particular, the growth in these clusters has been led by an increase in the shares of 
Classes 5, 7 and 8, further reflecting the rise in popularity of alternative modes of transportation. Interestingly, 
though mode shares for public transit decreased from 5.6% in 2000 to 3.8% in 2012, the proportion of 
individuals who consider public transit as a viable alternative when deciding how to travel (i.e. the proportion of 
individuals belonging to Classes 3, 5, 6, 7, 8, 9 and 10) increased from 41.8% in 2000 to 63.3% in 2012. 

What is it about the data and model framework that leads them to identify significantly larger shifts in modality 
styles than travel mode shares? Remember that we are working with repeated cross-sectional data, and the 
identification of modality styles depends on our ability to observe the behavior of individuals of relatively 
similar socioeconomic makeup across cumulatively multiple days. As an illustration, say that in 2000, working 
individuals with spouses and kids repeatedly used private vehicle for all their tours, regardless of the availability 
or level-of-service of other travel modes. It would be fair to assume that in 2000 working individuals with 
spouses and kids only considered private vehicle when deciding how to travel. Say now that in 2012, a small 
fraction of working individuals with spouses and kids used public transit for a small fraction of their tours. Even 
though the resulting increase in public transit mode shares will be small, it may be large enough to give lie to 
the notion that working individuals with spouses and kids only consider private vehicle when deciding how to 
travel, and consequently, the change in modality styles may be much larger. 

To separate changes in preferences as resulting from changes in socioeconomic factors and the transportation 
infrastructure from those resulting from changes in modal orientations, Figure 2 also plots the predicted 
distribution of individuals in 2012 under the assumption that the class membership model parameters 
corresponding to 2012 are the same as the analogous parameters estimated for 2000. This is the distribution that 
would be observed (or estimated) if modal orientations had remained stable between the two observation 
periods. The distribution is nearly identical to the distribution estimated for 2000, indicating that changes in 
socioeconomic factors and the level-of-service of the transportation network in the San Francisco Bay Area 
have had a negligible impact on preferences. The observation is consistent with results from the descriptive 
analysis, reported in Section 3. Between 2000 and 2012, changes in both socioeconomic factors and level-of-
service have been comparatively modest. That modal preferences have changed as much as they have, as 
evidenced by our findings, must almost entirely be ascribed to concurrent changes in modal orientations. 
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Table 6: Travel mode shares observed for the sample populations from 2000 and 2012, and travel mode shares for the 
sample population from 2012 as would be predicted by the ten-class LCCM if the class membership model for 2012 was 
the same as the model estimated for 2000  

Travel mode 
All tours Mandatory tours Non-mandatory tours 

2000 2012 2000 2012 2000 2012 
Obs. Pred. Obs. Obs. Pred. Obs. Obs. Pred. Obs. 

Private vehicle 85.0% 88.3% 81.2% 83.4% 88.5% 84.7% 87.2% 88.2% 78.4% 
Private transit 1.2% 1.0% 1.3% 1.2% 0.8% 1.0% 1.2% 1.1% 1.6% 
Walk to public transit 5.6% 2.5% 3.8% 7.8% 3.9% 5.9% 2.5% 1.4% 2.3% 
Drive to public transit 0.1% 0.1% 0.1% 0.2% 0.2% 0.2% 0.1% 0.1% 0.1% 
Bike 1.4% 1.4% 2.1% 1.5% 1.7% 2.4% 1.2% 1.2% 1.9% 
Walk 6.7% 6.7% 11.5% 6.0% 4.8% 5.9% 7.8% 8.1% 15.9% 

 

Table 6 compares observed travel mode shares in 2000 and 2012 with those predicted for 2012 under the same 
assumption that the class membership model parameters corresponding to 2012 are the same as the analogous 
parameters estimated for 2000 (i.e. the distribution of individuals across modality styles in 2012 is the same as 
the predicted distribution shown in Figure 2). Had modal orientations not changed in the intervening period, the 
model predicts that changes in travel mode shares would have been very different from those actually observed. 
For example, travel mode shares for private vehicle for all tours would have increased, from 85.0% in 2000 to 
88.3% in 2012, when in reality they declined to 81.2%. Similar differences can be observed with respect to 
other travel modes, for both mandatory and non-mandatory tours. For example, 8.1% of non-mandatory tours in 
2012 would have been made walking, as opposed to 7.8% in 2000, when in reality 15.9% of non-mandatory 
tours in 2012 were walking. In general, the model finds that, had modal orientations remained stable, the car 
would be at least as dominant in 2012 as it were in 2000, if not more. 

Note that the model framework allows us to answer other related questions. For example, if we were interested 
in understanding changes in preferences and behavior if the transportation network had stayed the same 
between 2000 and 2012, we could take the 2012 data, construct the level-of-service for each of the travel modes 
using the 2000 network skims, and perform a sample enumeration using the 2012 class membership model. 
Similarly, if we were interested in understanding changes in preferences and behavior if the socioeconomic 
makeup of the population had stayed the same between 2000 and 2012, we could take the 2000 data, construct 
the level-of-service for each of the travel modes using the 2010 network skims, and perform a sample 
enumeration using the 2012 class membership model. Though both questions could be feasibly addressed, for 
the sake of brevity we did not include them in the scope of the present study.  

Are changes in preferences and modality styles reflective of a generational shift in orientations towards the car? 
Or do they indicate a cultural shift that is not limited to any one particular generation? A number of studies have 
argued that Millennials, or those born roughly between 1980 and 2000, are exhibiting patterns of travel behavior 
that markedly differ from preceding generations (see, for example, Dutzik et al., 2014 and Polzin et al., 2014). 
We explore the hypothesis through an age-cohort-period analysis of preferences and modality styles. Figure 3 
compares the estimated distribution of individuals across modality styles and modality style clusters for 2000 
and 2012 for different age groups and generational cohorts. The first graph plots the distribution of individuals 
aged 18-32 years from either observation period, or individuals from 2012 that would be classified as 
Millennials, and individuals from 2000 corresponding to the equivalent age group. Shifts in preferences 
between 2000 and 2012 for the segment are roughly consistent with those estimated for the general population: 
Millennials in 2012 are less car dependent and more multimodal than similarly aged individuals in 2000. 
However, a majority of young individuals were already quite multimodal in 2000, and though more young  
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Figure 3: Distribution of individuals from different age groups across the ten modality styles and five modality style 
clusters, as estimated for the sample populations from 2000 and 2012 

 

 

 

 

individuals became multimodal in 2012, the increase is small relative to other age groups. The second and third 
graphs plot the same distribution for individuals aged 32-52 years (individuals from 2012 that belong to 
Generation X, and individuals from 2000 that belong to the equivalent age group) and those aged 52-67 years 
(individuals from 2012 that belong to the Baby Boomers, and individuals from 2000 that belong to the 
equivalent age group). When compared with the first graph, it can be seen that relative shifts in preferences 
have in fact been greater across these older generations. For example, the proportion of Baby Boomers in 2012 
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that are completely dependent on the car is less than half the proportion of individuals belonging to the same 
age group in 2000, and the same holds true for individuals from Generation X in 2012 relative to the equivalent 
age group in 2000. Interestingly, the distribution of individuals across classes and clusters for each of the three 
age groups in 2012 is not dissimilar. These changes are not dissimilar to changes in observed travel mode shares 
for individuals belonging to each of the three age groups. For example, private vehicle mode shares for all tours 
were 80.7% in 2000 and 80.6% in 2012 for individuals aged 18-32 years, 89.1% in 2000 and 82.9% in 2012 for 
individuals aged 32-52 years, and 89.7% in 2000 and 81.1% in 2012 for individuals aged 52-67 years. 

These results indicate that, at least in the San Francisco Bay Area, shifts in preferences between 2000 and 2012 
have not been limited to any one generation, but appear to be reflective of broader changes in orientations that 
have cut across all generations, to the point where each of the three age groups, despite starting out in very 
different places in 2000, seem to have converged towards similar sets of preferences in 2012. The magnitude of 
relative change may be greater for older generations, but in absolute terms, in 2012, each of the three 
generations appears to be more or less equally multimodal. 

4.4 Forecasting Changes in Travel Mode Choice Behavior 

Travel demand models are regularly employed by planners and policy-makers to predict changes in travel 
demand and land use patterns over forecasting horizons that may vary anywhere between a week and several 
decades. The use of these models requires analysts to assume either that model parameters are stable over the 
forecasting horizon, or make appropriate adjustments to account for possible fluctuations. In general, the greater 
the length of the forecasting horizon, the more unrealistic it is to assume stability. As evidenced by the 
estimation results reported in Sections 4.2 and 4.3, and findings from past studies on the temporal transferability 
of travel demand models (see, for example, Habib et al., 2014; and Sanko and Morikawa, 2010), preferences 
can change over time, particularly over longer-term horizons. The objective of this section is to demonstrate 
how the structure of the model allows us to simulate changes in preferences under different scenarios, and 
forecast what the implications might be for extant patterns of travel behavior. 

Say, for the sake of illustration, that we’re interested in predicting private vehicle mode shares in the San 
Francisco Bay Area from 2012 onwards through to 2024. There’s a number of different ways in which 
preferences could change over the period. For our example, we’ve constructed three scenarios. First, we assume 
that preferences stay exactly the same as they were in 2012. Second, we assume that recent trends reverse, and 
by 2024 aggregate modal preferences have returned to where they were in 2000. And third, we assume that 
multimodality continues to increase, but at roughly half the rate that it did between 2000 and 2012. The 
distribution of individuals across modality styles and modality style clusters in 2024 under each of these three 
scenarios is shown in Figure 4. We assume further that, apart from preferences, nothing else changes between 
2012 and 2024. Under the assumption, private vehicle mode shares are calculated as follows: Given the 
predicted aggregate distribution of individuals across modality styles in 2024 under each of the three scenarios, 
the corresponding aggregate distributions for intervening years are interpolated using compounded interest 
calculations. The predicted distribution under a given scenario and year is then employed to recalibrate the 
class-specific constants for the 2012 class membership model (using the procedure described in Train, 2009, pp. 
33). The recalibrated class membership model and the original class-specific choice models are used to 
calculate the marginal probability of choosing private vehicle for each tour in the 2012 sample population. The 
marginal is multiplied by the population weight for that individual and summed over all tours in the 2012 
sample population to arrive at the expected number of tours made by private vehicle at the future year under the 
hypothetical scenario. Given that this exercise is meant merely to be illustrative, we’ve tried to keep the 
scenarios as simple as possible, and assumed that population characteristics, trip frequencies, origins and 
destinations, the level-of-service of the transportation system, etc. do not change between 2012 and 2024. More  
 



27 	

Figure 4: Distribution of individuals across the ten modality styles and five modality style clusters, as estimated in 2000 
and 2012, and as predicted to be in 2024 if trends towards increased multimodality continue (but at half the rate) 

 

Figure 5: Predicted travel mode shares for private vehicle between 2012 and 2024, under three different scenarios 

 

detailed scenarios can be constructed by incorporating additional information from extraneous sources, such as 
population synthesis, trip generation and transportation network models, and simulating shocks to the system as 
might be represented by, say, fluctuations in oil prices or large-scale investments in infrastructure projects.  

For each of the three scenarios, Figure 5 plots the predicted proportion of tours made by private vehicle. Ceteris 
paribus, if preferences were to stay the same, 80.7% of all tours in 2024 would still be made by private vehicle. 
If current trends persist and the proportion of multimodal individuals continues to grow, but at half the rate 
observed between 2000 and 2012, mode shares for private vehicle may decline to 77.4% by 2024. And finally, 
if trends reverse, mode shares for private vehicle may rebound to 88.1% by 2024, exceeding even private 
vehicle mode shares in 2000.  

Significant differences in predicted private vehicle usage between the three scenarios reiterate the importance of 
recognizing that preferences may change over long-term forecasting horizons. Depending upon the likelihood of 
each of these scenarios, and any other that might be worth considering, transport planners can decide between 
competing policy and infrastructural initiatives that best achieve intended objectives under the more likely 
scenarios while guarding against unintended negative outcomes under the less likely scenarios. The benefit of 
the framework is that it provides a tool for recognizing how preferences have changed in the past and a partial 
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basis for extrapolating how they might change in the future. That being said, the practical costs of recognizing 
the temporal instability of preferences within existing representations of disaggregate decision-making are high. 
Current methods of welfare analysis and policy evaluation are built on the assumption that preferences are 
stable over time and immune to changes in the decision-making environment, and future research must address 
the question of how preference instability might best be reconciled with extant institutional processes of welfare 
analysis and policy evaluation.  

5. Conclusions 

Stagnant or declining levels of per capita car use across many parts of the developed world in the last two 
decades have been the subject of much speculation in both academic and popular media. Studies have attributed 
the phenomenon to a wide variety of factors that include the global financial crisis, rising oil prices, an ageing 
population, higher youth unemployment, renewed interest in public transit and bicycling, the reemergence of 
urban downtowns, growth in e-commerce, spread of online social networks, and the smartphone revolution. The 
objectives of this study were to examine changes in observable patterns of travel mode choice behavior over 
time, and explain these changes in terms of possible shifts in modal preferences, while controlling for the 
confounding influence of concurrent changes in the socioeconomic environment and the transportation 
infrastructure. In addressing these objectives, the study synthesized recent advances in preference stability and 
preference heterogeneity to develop an econometric framework that can offer a basis for understanding and 
predicting long-term trends in travel behavior. The framework was applied to repeated cross-sectional travel 
mode choice data collected from households residing in the San Francisco Bay Area in 2000 and 2012.  

Our findings revealed two narratives, one from the perspective of observed modal use and one from the 
perspective of latent modal preferences. Consistent with the peak car literature, our analysis of aggregate mode 
shares in the region showed shifts away from private vehicle (from a mode share of 85.0% in 2000 to 81.2% in 
2012) and towards walking (from 6.7% to 11.5%) and bicycling (from 1.4% to 2.1%). Contrary to observations 
from elsewhere, mode shares for public transit in the San Francisco Bay Area decreased during this period 
(from 5.7% to 3.9%). The trends towards decreased car dependence are more marked in terms of shifts in 
modality styles. Modality styles can capture what travel modes an individual might consider when deciding how 
to travel, allowing us to calculate the proportion of the population that considers each travel mode when making 
the decision. We find that from 2000 to 2012, the proportion that only considers private vehicle reduced nearly 
by half (from 41.7% in 2000 to 23.5% in 2012), the proportion that considers bicycling increased marginally 
(from 45.2% to 51.3%) and the proportion that considers walking increased dramatically (from 58.3% to 
76.5%). And even though public transit mode shares decreased, the proportion of the population that considers 
public transit increased (from 41.8% to 63.3%). Thus, while shifts in aggregate mode shares reveal small but 
statistically significant reductions in car use, shifts in underlying preferences and orientations indicate stronger 
trends towards increased multimodality. 

As an explanation for these changes in aggregate mode shares and modal preferences, we find that concurrent 
changes in economic and social factors (and changes in the transportation infrastructure) have had a minimal 
effect. In the absence of deeper shifts in orientations, our findings indicate that the distribution of individuals 
across modality styles in 2012 would have been more or less the same as the corresponding distribution in 2000, 
and private vehicle mode shares would actually have increased. That the estimated distribution of individuals 
across modality styles and observed travel mode shares differ as they do between 2000 and 2012 suggests that, 
at least in the San Francisco Bay Area, recent trends in travel mode choice behavior can almost entirely be 
attributed to underlying changes in orientations towards each of the different travel modes. We find further that 
these changes have cut across the entire population, reflecting a cultural shift in the region towards greater 
multimodality that has transcended generational differences in preferences and behavior.  
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Finally, this study adds to a growing body of literature that has contended that preferences may change over 
time, in excess of changes in the socioeconomic environment. Transportation engineers and planners have relied 
upon the temporal stability of travel demand models to predict changes in travel and activity behavior over 
long-term forecasting horizons spanning 20-30 years. As illustrated by our findings, the assumption does not 
always hold true: had preferences remained stable in the San Francisco Bay Area between 2000 and 2012, 
predicted mode shares in 2012 would have been very different from observed mode shares. By offering greater 
insights on how preferences have changed in the past in response to changes in the decision-making 
environment, the econometric model developed by this study lends a basis for extrapolating how preferences 
might change in the future in response to comparable changes in the decision-making environment, and what 
the implications might be for observable patterns of travel and activity behavior. 

There are several direction in which future research can build on the work presented here. First, modality styles 
as defined by this study are latent constructs that must be inferred from observable patterns of behavior. We did 
not have any ancillary data that we could use to confirm whether the modality styles identified by the 
econometric framework are valid or not. Though we tried, to the best of our ability, to be statistically and 
behaviorally as rigorous as possible, there is always the worry that the modality styles identified by the model 
may be the result of spurious correlation. Ideally, we would want to repeat the analysis with travel diary data 
collected over longer observation periods and ancillary data that can be used to validate findings from the 
econometric analysis. The latter may take the form of qualitative interviews with study participants about the 
decision-making process, as is often done by studies on consumer behavior, or quantitative measures that 
require study participants to indicate explicitly the travel modes that they consider and the relative importance 
that they attach to different level-of-service attributes. 

Second, our framework allows us to understand how preferences may have changed in the past, but it does not 
offer any insight on why. Consequently, we can only speculate on how they may change in the future, as was 
necessarily the case with the scenario analysis that we performed in Section 4.4. Future research may relate 
these changes to concurrent shifts in sociological and psychological constructs, such as norms and values, 
underlying the decision-making process. An obvious way to do so would be to combine the integrated choice 
and latent variable framework with the latent class choice model framework (see, for example, Hurtubia et al., 
2014), where latent variables denoting norms, values, etc. are included in the class membership model as 
determinants of an individual’s modality style. 

Third, the econometric model developed by this study is a static framework that offers a cross-sectional view of 
preferences and behaviors at different points in time. From a methodological standpoint, future research should 
explore the development of dynamic models that can offer additional insights on the evolutionary path that 
leads individuals from one set of preferences and behaviors to another over time. The hidden Markov model 
would be a natural dynamic adaptation of the static framework employed by this study, and the model may 
additionally be combined with the latent variable approach described in the previous paragraph in order to 
describe not just how preferences evolve over time, but why. 

And fourth, data for our analysis consisted of travel mode choices made by individuals residing in the San 
Francisco Bay Area. From an empirical standpoint, it would be interesting to see how our findings compare 
with data on other dimensions of travel and activity behavior and/or data from other social, cultural and 
geographical contexts.  
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