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Abstract

Transportation equity remains an important concern in both research and practice yet available
approaches for regional equity analysis fail to meet important technical needs. Most
transportation equity analysis methods, whether applied in academic studies or public practice
applications, rely on spatial, demographic analyses and proximity-based evaluations of
transportation-related outcomes, which can mischaracterize complex travel behavior and
associated equity impacts. The use of travel demand models is a growing practice among
transportation equity analysts, as it offers a powerful platform for projecting the likely behavior
responses of travelers and households to transportation scenarios and enables fine-grained
distributional assessments of transportation-related outcomes.

This study addresses an ongoing challenge with the application of travel demand models for
transportation equity analysis. These models are estimated using household travel surveys, which
often underrepresent vulnerable populations that are the focus of transportation equity analyses.
As travel demand models are a system of interconnected, data-driven econometric models, the
development of such models using data that poorly reflect vulnerable travelers may lead to
systematic distortions in modeled outcomes. Beyond the potential ramifications for broader
travel demand modeling practices and transportation planning assessments, these distortions are
likely to move counter to the goals of transportation equity analyses and mischaracterize the
distribution of transportation-related outcomes.

This study aims to test the hypothesis that travel demand models, estimated on standard
household travel surveys, can misrepresent the mode choices and related travel preferences of
travelers that are poorly represented in the survey data. Towards this aim, a small, targeted travel
survey is used to capture the travel behaviors and needs of vulnerable travelers in Benton Harbor,
Michigan, including low-income, carless, and lower-education travelers. Compared to a standard
household travel survey for the same region, the targeted survey is used to reflect the travel
behaviors of those most likely to be underrepresented in the standard survey. The targeted and
standard surveys are combined using a core—satellite data fusion framework to enhance the
demographic and behavioral representativeness and a series of mode choice models are
estimated: one using only the targeted (satellite) survey data, one using only the standard (core)
survey data, and one jointly estimated using both surveys. The results reveal significant
differences in mode preferences, value of time, and nesting structures across the models,
highlighting the distinct travel behaviors of vulnerable populations. Elasticity analyses further
demonstrate that models based solely on conventional surveys may understate travelers'
sensitivity to travel time and cost, to varying degrees across modes.

These findings underscore the importance of targeted data collection and data fusion for
enriching larger scale travel surveys and improving subgroup representativeness in widely used
travel demand models. Recognizing distinct behaviors and travel preferences of vulnerable
groups can enhance the reliability of equity assessments, support more informed transportation
planning, and potentially reduce the risk of misallocating regional transportation investments.



1. Introduction

Transportation equity has become a central concern in both research and practice, yet approaches
for regional transportation equity analysis vary widely. While no single method fits all contexts,
most approaches in both academic and practice-based literature remain dominated by spatially
aggregated evaluations, in which traveler groups and transportation outcomes are summarized
for geographic units such as census tracts or traffic analysis zones (TAZs) (Karner & Niemeier,
2013; NASEM, 2024). Even analyses that define population groups by socioeconomic
characteristics, such as income or race, commonly identify those groups and measure their
outcomes at the zonal level. These spatial methods, however, face significant challenges in
assessing fairness across communities. Because they rely on aggregate geographic definitions of
travelers and broad measures of transportation costs and benefits, spatial comparison techniques
risk introducing biases, distorting community-level impacts, and ultimately undermining the
usefulness of equity analyses.

To overcome these limitations, some regional transportation agencies rely on regional
travel demand models to evaluate the equity implications of transportation plans. This modeling
approach projects the expected transportation and land use changes resulting from a project or
plan and then examines the distribution of outcomes across the population. A central advantage
of travel demand models is that they capture the trade-offs travelers and households are likely to
make in response to transportation scenarios, thereby providing a more behaviorally grounded
assessment of distributional outcomes (Bills & Walker, 2017; Nahmias-Biran & Shiftan, 2020;
Bills, 2024; Cabello et al., 2025).

However, like any data-driven modeling tool, the reliability of these models is limited by
the quality of their underlying data. Household travel surveys, the primary input for travel
demand models, consistently underrepresent vulnerable travelers (Wang et al., 2022; Lubitow et
al., 2021). Errors stemming from noncoverage, nonresponse, and other sources of survey bias
disproportionately affect low-income and other vulnerable groups, which may lead to systematic
distortions in model outputs. As a result, models estimated from underrepresentative data may
mischaracterize transportation needs and outcomes, reducing their effectiveness in advancing
equity.

Recent research has highlighted strategies for improving subgroup representation in
household travel surveys. One promising framework is the core—satellite paradigm, in which a
representative core survey is complemented by targeted satellite surveys designed to capture the
behaviors of underrepresented subpopulations (Goulias et al., 2013; Li et al., 2025). Core surveys
provide broad, stable data collection, while satellite surveys offer more detailed or subgroup-
specific insights. Yet, few applications of this approach have addressed connections to
underrepresentation of vulnerable subgroups in the travel demand models used for equity
analysis.

In this study, we demonstrate how a targeted satellite survey can be fused with a regional
household travel survey to improve the representation of vulnerable travelers in travel demand
models. Multi-sample (joint) estimation with scale parameters is an established technique in
discrete choice modeling, most commonly used to combine revealed and stated preference data.
Our contribution lies in applying this technique to the representativeness of vulnerable
subgroups, an issue that is central to transportation equity analysis but rarely addressed in model
estimation. Using a targeted Travel Needs Survey of residents of Benton Harbor, Michigan
(2017-2019) and the Benton Harbor sample of the Michigan Department of Transportation's
2015 MI Travel Counts household travel survey, we estimate mode choice models from each



dataset and jointly from both datasets, and compare their values of time, behavioral
heterogeneity and elasticities. We show that a conventional household travel survey can fail to
identify key behaviors of low-income travelers, most notably their sensitivity to travel cost, even
when low-income households are present in the sample, and that combining it with targeted data
recovers these behaviors. In this way, this study differs from previous work on household travel
survey bias, which has focused on survey coverage and weighting, by examining the
consequences of underrepresentation for the behavioral parameters that drive model-based equity
analyses.

The remainder of this chapter is organized as follows. Section 2 reviews the literature on
transportation equity analysis, the use of travel demand models and household travel surveys for
equity analysis, approaches for capturing population heterogeneity, and the use of multiple data
sources in model estimation. Section 3 describes the study setting, the two surveys and the
modeling methods. Section 4 presents descriptive statistics and model results, including a
comparison of model elasticities, and Section 5 discusses the implications for representativeness,
equity analysis and planning practice, along with the limitations of the study.

2. Background

This section reviews the literature that motivates our approach. Section 2.1 defines transportation
equity analysis and explains why it has become central to transportation planning. Section 2.2
reviews quantitative methods for equity analysis, and Section 2.3 describes the major types of
travel demand models and their growing use for equity analysis. Section 2.4 examines how
household travel surveys, the primary data source for these models, can underrepresent
vulnerable travelers. Section 2.5 reviews approaches for capturing population heterogeneity in
discrete choice models, and Section 2.6 reviews the use of multiple data sources in model
estimation, which forms the basis of our approach.

2.1.What is Transportation Equity Analysis?

Transportation equity analysis serves as a critical framework and process for informing
transportation planning and policy decisions that promote equitable access to opportunities and
improve quality of life across communities. Transportation equity analysis (also referred to as
Environmental Justice Assessment (Duthie et al., 2007)) is a systematic process for assessing the
fairness of impacts resulting from transportation investments and determining whether these
impacts are distributed equitably across traveler groups and communities. The analysis generally
seeks to determine who benefits, who bears burdens, and whether transportation outcomes are
distributed in a manner consistent with defined equity goals and community needs. Definitions
for determining fairness vary considerably. While we do not offer a comprehensive treatment of
definitions of transportation equity in this chapter, readers are referred to Di Ciommo and Shiftan
(2017), Pereira et al. (2017) or Lucas et al. (2019) for a full discussion. Notably, what is
considered fair differs by perspective: the literature offers varying definitions of what constitutes
a fair distribution of transportation benefits and burdens (van Wee & Mouter, 2021), while in
practice, the task of transportation agencies is generally framed around identifying and
mitigating disproportionate harms to vulnerable populations, rather than resolving individual
notions of fairness (Executive Order 12898, 1994; Karner & Niemeier, 2013).

While the practice of equity analysis is not exclusive to the transportation domain,
transportation planning and engineering fields have seen ongoing advancements in the technical
methods for assessing the equity outcomes. This is (in part) driven by two primary factors:



First, equity analysis has been legally mandated for federally funded transportation plans
and programs across the United States, since Executive Order 12898 of 1994 (Executive Order
12898, 1994). It directed federal agencies and recipients of federal funding—including
Metropolitan Planning Organizations (MPOs)—to assess the impacts of policies, programs, and
activities on Environmental Justice (EJ) populations, including low-income, historically
underserved, and other vulnerable groups. These requirements were reinforced by Executive
Order 13985, issued in 2021, which directed federal agencies to identify methods for evaluating
equity and to assess whether underserved communities face systemic barriers to accessing public
benefits and opportunities. The order further called for agencies to address historic patterns of
underinvestment and unequal access to resources and services (Executive Order 13985, 2021).
Even though these executive orders were rescinded in 2025 by Executive Orders 14148 and
14173 (Executive Order 14148, 2025; Executive Order 14173, 2025), equity remains an
important transportation planning and policy focus for many transportation agencies in the US
and across the world (e.g., NASEM, 2025; MTC & ABAG, 2026; MVRPC, 2026).

Second, assessing fairness in transportation outcomes is inherently complex because
transportation experiences and responses are shaped by numerous heterogeneous and
interconnected real-world processes. These include: (a) the interactions between transportation
infrastructure and land use, which jointly influence accessibility, development patterns, and
economic opportunities; (b) heterogeneous individual level travel behavior and population
characteristics, including differences in preferences, constraints, resources, and decision-making
processes across individuals, households, and groups; and (c) the operational and performance
effects of transportation systems and policies, which influence and are influenced by traveler
behavior. Together, these dynamics contribute to significant heterogeneity in transportation
outcomes across communities and make the measurement and evaluation of transportation equity
an ongoing challenge for practitioners (Chen & Li, 2021).

2.2. Quantitative Methods for Transportation Equity Analysis
Transportation equity analysis methods range based on various aspects, including the scope of
the analysis, the types of projects and/or policies being evaluated, benefits and burdens
(outcome) of focus, and the available data and measures for capturing outcomes. It is important
to distinguish these methods, based on two core analysis scopes, 1) analyses of existing
transportation conditions, or II) analysis of future transportation impacts. The first scope reflects
equity analysis approaches that focus on analyzing the distribution of transportation outcomes
due to existing transportation infrastructure or policies (NASEM, 2004; NASEM, 2025). The
core distinguishing factor here is that analyses under this scope emphasize present equity-related
conditions that do not capture travel behavior dynamics associated with the transportation
system/policy changes, nor fully capture changes in demand-sensitive network and operational
impacts. For example, consider the case of constructing a new high occupancy toll lane. The
equity outcomes of pricing changes cannot be fully assessed based on the distribution of
tolls/prices across traveler groups alone. This is because the incidence of price effects (the prices
paid, conditioned on travelers’ behavioral responses) across groups will be governed by changes
in travel behavior (e.g. some travelers will adapt to price increases by changing their travel
mode, time-of-day, or route choices when faced with a price increase). Further, the degree of
behavioral changes (or substitution effects) will be heterogeneous across groups, based on their
circumstances, needs, and preferences. Lower income travelers, for instance, can be expected to
be more elastic to price increases, relative to higher-income travelers (Mishra et al., 2014).



Therefore, analyses seeking to assess the equity impacts of future transportation projects would
require either comprehensive case-study comparisons to capture expected behavioral responses
across groups, or the use of a forecasting tool, such as a travel demand model.

Analysis of Existing Transportation Conditions: Equity analyses of existing transportation
conditions have historically relied on place-based and spatial evaluation methods. These
approaches typically aggregate traveler characteristics, residential locations, and travel
destinations to geographic units such as census tracts, traffic analysis zones (TAZs), or spatial
buffers surrounding transportation infrastructure and services (USDOT, 2000; NASEM, 2004;
Klein, 2007). Using geographic information systems (GIS), analysts identify populations located
within defined areas of influence and compare transportation benefits and burdens across
communities. For example, many transportation equity (or environmental justice) analyses use
buffers around transit routes, stations, highways, or transportation corridors to identify
populations served by transit investments, benefiting from transportation improvements, or
experiencing environmental impacts associated with transportation facilities (USDOT, 2000;
NASEM, 2004).

Although these spatial approaches remain widely used in both research and practice, they
have several well-documented limitations. Aggregating individual residential and travel locations
to larger geographic units can introduce spatial aggregation bias and obscure important variations
in transportation experiences among individuals (Duthie et al., 2007). Further, averaging
outcomes across residents within the same geographic area assumes that all of these individuals
experience transportation benefits and burdens similarly, potentially masking substantial
differences among individuals living within the same community (Bills et al., 2012; Bills &
Walker, 2017). As a result, place-based impact assessments (when applied alone) may overlook
inequities experienced by specific traveler groups and may not fully capture the distribution of
transportation outcomes across communities.

Analysis of Future Transportation Changes: Equity analysis of future transportation
changes has also been performed using GIS-based demographic analysis methods, as well as
travel demand models to simulate travel behavior changes. In the case of GIS-based analyses,
communities are identified and mapped to examine their spatial relationship to transportation
infrastructure, services, investments, and environmental burdens (Mills & Neuhauser, 2000;
USDOT, 2000). Many metropolitan planning organizations and transit agencies have frequently
employed GIS tools to designate "communities of concern" or "environmental justice groups”
and assess whether transportation resources and outcomes would be distributed equitably across
geographic areas (MTC, 2013; Williams & Golub, 2017; MTC & ABAG, 2026). Yet, in
response to calls to account for the travel behavior impacts of transportation plans, many
agencies have begun to implement transportation equity analysis using travel demand models, as
we discuss further in Section 2.3.

It is important to note that while best practices seem to reinforce the significance of aligning
equity analysis methods based on the scope of analysis (Lucas et al., 2019), the example
applications found in the literature suggest that these methods need not be exclusive to these
categories. For example, many prior studies have employed GIS-based approaches for estimating
future equity impacts of transportation projects (USDOT, 2000), and forecasting tools like travel
demand models can be applied to assess equity impacts of existing transportation infrastructure.
Nevertheless, the use of GIS-based approaches, in absence of some form of estimation technique
that captures heterogeneous behavioral responses to transportation changes, will likely



misrepresent the expected transportation impacts to some degree and the associated equity-
related outcomes.

Technical Steps of Equity Analysis Processes: The technical steps for transportation equity
analyses range considerably, and many examples of transportation equity analysis exist in the
literature (for a more comprehensive review, see NASEM, 2025). However, whether the focus is
on examining existing conditions or future changes, the technical process of transportation equity
analysis can be summarized into some general steps, including:

1. Define target and comparison population subgroups

2. Identify and calculate measures of the transportation benefits and burdens for each

subgroup. When examining future changes, transportation scenarios are developed to
reflect the transportation project and/or policy changes of interest, and the associated
level-of-service and environmental outcomes are forecast, conditioned on heterogeneous
travel behavior responses.

3. Compare measured results across subgroups (and across scenarios, if applicable).

An additional and important step is to judge the fairness of the outcomes for subgroups to
determine whether the distribution of benefits and burdens is equitable, yet this step is rarely
taken (Lucas et al., 2019; Bills, 2024; Karner et al., 2023).

2.3. Use of Travel Demand Models for Transportation Equity Analysis
The use of travel demand models for transportation equity analysis has become an increasingly
common practice among transportation and planning agencies across the United States. This
trend reflects a growing recognition that traditional GIS-based demographic analyses, which
often assume that communities' proximity to transportation infrastructure or services can
adequately represent expected transportation impacts, are insufficient for capturing the
complexity of travel behavior and equity outcomes. To address these limitations and reduce the
potential for mischaracterizing equity-related impacts, many agencies have adopted travel
demand models to support equity assessments. These applications range from traditional four-
step trip-based models to activity-based travel demand models and integrated transportation—land
use models. Such models are used to forecast transportation outcomes under alternative planning
scenarios and to evaluate how the resulting benefits and burdens are distributed across different
population groups.

These model frameworks differ in how they represent travelers and outcomes. Four-step
(trip-based) models, the long-standing standard in regional planning, forecast travel in four
sequential steps: trip generation (how many trips are made), trip distribution (where trips go),
mode choice (how trips are made) and route assignment (which network paths are used), with
travelers and outcomes represented as aggregate flows between traffic analysis zones (McNally,
2007; Beimborn, 2006). Activity-based models instead simulate the full-day activity and travel
schedules of each person and household in a synthetic population, so that travel is derived from
the need to participate in activities and outcomes can be tracked for each simulated person
(Bowman & Ben-Akiva, 2001; Castiglione et al., 2015). Integrated transportation—land use
models further link travel models with models of household and firm location and real estate
development, capturing how transportation investments reshape where people live and work over
time (Waddell, 2002). For equity analysis, these frameworks differ mainly in how finely they can
distinguish population groups and in which transportation and location-based outcomes they can
forecast.



Numerous applications of travel demand models for transportation equity (or
environmental justice) analysis have been documented in the literature. These include
applications of four-step travel demand models (MTC, 2001; Bills et al., 2022), activity-based
travel demand models (Deakin & Harvey, 1996; Castiglione et al., 2006; Sall et al., 2010; Bills,
2024), and integrated transportation—land use and macroeconomic models (Johnston et al., 2001;
Rodier et al., 2009; Rezaei et al., 2024). Recent regional transportation plans continue to
document such analyses as part of their equity and environmental justice assessments (e.g., MTC
& ABAG, 2026; MVRPC, 2026), and NASEM (2025) reviews the data, tools and metrics
currently used for these assessments.

Although activity-based travel demand models are computationally more complex than
traditional four-step models, they offer considerable advantages for transportation equity analysis
by reducing the need to aggregate travelers and equity measures into large spatial units. These
models leverage person-level travel data and population synthesis techniques to produce more
detailed and demographically sensitive representations of travel behavior and the trade-offs
individuals make when choosing how, when, and where to travel (Bills & Walker, 2017;
Nahmias-Biran & Shiftan, 2020; Bills, 2024). When applied at the regional scale, activity-based
models use population synthesis to simulate the demographic and travel characteristics of an
entire population, enabling detailed representations of daily travel activity under alternative
planning scenarios. This combination of person-level travel data, activity-based modeling, and
disaggregate measures of transportation benefits and burdens provides a more robust framework
for evaluating the equity of transportation investments and policies than traditional aggregate
approaches (Bills & Walker, 2017; Bills, 2024; Cabello et al., 2025).

It is important to note, however, that activity-based models are still typically applied with
origins and destinations defined at the level of traffic analysis zones (or, in some regions, smaller
micro-zones), so the spatial resolution of their inputs and network level-of-service measures
remains aggregate to some degree. Their advantage for equity analysis lies in how outcomes can
be summarized: because each person in the synthetic population is simulated, benefits and
burdens can be estimated by person and by population group, rather than averaged over the
residents of each zone (Bills et al., 2012; Bills & Walker, 2017).

2.4.Household Travel Surveys and Travel Model Representativeness
Household travel surveys are a foundational source of data for understanding travel behavior and
how it varies across the population. They provide the primary data used to estimate travel
demand models, which are widely applied to evaluate the impacts of transportation infrastructure
and policies on society and the environment (Beimborn, 2006; Miller et al., 2018; Lawson et al.,
2023). Despite the growing availability of big data sources, household travel surveys remain the
cornerstone of transportation planning and analysis because they directly link travelers'
demographic characteristics with detailed travel activity records and important contextual
information, such as trip purpose, which cannot be reliably captured using most passive
transportation datasets (Goodspeed et al., 2021). Household travel surveys collect detailed
information on trip-making behavior, including trip-chaining patterns, mode choice, departure
time, and destination, together with household and individual demographic characteristics and
vehicle ownership information. This level of detail enables transportation analysts to develop
econometric and simulation models of travel behavior that can be applied across a wide range of
planning contexts, from local transportation projects to regional and statewide planning
scenarios.



Household travel survey methodologies have evolved considerably over time to address
challenges such as sampling error, declining response rates, and nonresponse bias (Sharp &
Murakami, 2004; Lawson et al., 2023). However, researchers have only recently begun to
examine these issues in the context of transportation equity analysis (Lubitow et al., 2021;
Esekhaigbe et al., 2026). Emerging evidence suggests that despite standard practices that aim to
maintain demographic representation of subgroups, household travel surveys may systematically
underrepresent vulnerable travelers (Esekhaigbe et al., 2026), who are often the primary focus of
transportation equity analyses. Consequently, the ability of transportation planning processes to
identify and evaluate equitable transportation outcomes may be constrained when the data used
to inform those decisions do not adequately represent the populations most affected by
transportation investments (Lubitow et al., 2021). Moreover, if the travel behaviors of vulnerable
nonrespondent groups differ systematically from those of survey respondents (with similar
demographic characteristics), conventional survey expansion techniques, including sample
weighting and post-stratification, may introduce additional bias rather than correct for it
(Himelein, 2014; Esekhaigbe et al., 2026).

In this chapter, we use the term representativeness to refer to the degree to which survey
respondents reflect the population they are intended to describe, not only in their demographic
composition but also in their travel behaviors and preferences. Demographic representativeness
is often assessed against external references, such as the U.S. Census Bureau’s American
Community Survey. Behavioral representativeness is more difficult to assess, because there is
rarely a ground truth for how members of a population travel. This means that a survey may
match the population on the share of low-income households and still misrepresent low-income
travel behavior, if the low-income households who respond (for example, those with access to a
vehicle) differ systematically from those who do not respond. Targeted satellite surveys provide
one pathway to detecting such differences: by comparing the behaviors of similar groups across
two samples, analysts can assess whether a conventional survey captures the behavior of the
groups it underrepresents.

2.5.Population Heterogeneity in Discrete Choice Models
Travel behaviors and preferences can vary across individuals in ways that can impact equity
analyses and other planning assessments: two travelers facing the same fare increase may
respond very differently depending on their incomes, vehicle access, schedules and preferences.
Discrete choice models, the form of econometric model that makes up travel demand modeling
systems, capture this heterogeneity in several ways. The simplest approach captures observed
(systematic) heterogeneity, in which model parameters vary with traveler characteristics, either
by interacting travel attributes with characteristics such as income or by estimating separate
parameters for market segments defined a priori (Ben-Akiva & Lerman, 1985; Koppelman &
Bhat, 2006). Latent class models assign travelers probabilistically to a given number of
unobserved classes, each with its own preference parameters, with class membership explained
by traveler characteristics (Bhat, 1997; Greene & Hensher, 2003). Further, mixed logit models
treat preference parameters as random variables that vary continuously across the population,
capturing unobserved taste heterogeneity, and can also accommodate panel effects and
differences in scale across data sources (McFadden & Train, 2000; Hensher et al., 2008; Train,
2009).

Yet, these methods share an important limitation: each can only describe the heterogeneity
that is present in the estimation data. If the members of a group who participate in a household



travel survey differ systematically from those who do not, no segmentation, latent class or
random parameter specification can recover the preferences of the travelers who are missing. In
this chapter, the heterogeneity of interest is therefore the difference in preferences, such as cost
sensitivity and mode preferences, between travelers who are represented in conventional
household travel surveys and travelers with similar observed characteristics (for example,
income or education) who are often missing from such surveys. This heterogeneity is unobserved
from the perspective of a model estimated on the conventional survey alone, because it results
from who is sampled rather than from the measured characteristics of respondents. The work
proposes that data fusion complements the methods above by adding observations of the missing
travelers, so that their preferences can be estimated directly and tested against those of
conventional survey respondents. In our models, we use observed heterogeneity (income- and
education-specific parameters and demographic terms) within each dataset, and dataset-specific
parameters to capture differences between the samples.

2.6. Use of Multiple Sources in Discrete Choice Model Estimation
The development of discrete choice models using multiple sources of data presents a promising
pathway toward improving representation of subgroups not well reflected in the estimation
datasets derived from household travel surveys.

The estimation of choice models using multiple data sources relies on the recognition that the
scale parameters of an extreme-value random utility model’s error terms may differ across
datasets (Ben-Akiva & Lerman, 1985). In any random utility framework, the scale parameter is
conventionally normalized (scale set equal to 1). While this normalization does not affect the
estimated utility levels within a single dataset, the scale parameters can vary substantially across
models estimated from different datasets, reflecting the distinct levels of variation in each (Ben-
Akiva & Lerman, 1985).

A common application of this framework is the joint estimation of models from revealed
preference (RP) and stated preference (SP) data, although it can also be applied to multiple RP or
multiple SP datasets. The two data types have complementary strengths and weaknesses (Ben-
Akiva et al., 1994). RP data reflect actual behavior or decisions made under market conditions
and constraints but cannot describe responses to alternatives or attributes that do not yet exist.
Observed attributes of revealed preference outcomes often vary over narrow ranges and are
highly correlated, because the analyst only has a record of the trip a traveler actually took. This
means that the travel attributes like time and cost for the modes they didn't use have to be
imputed, either from network skims (Ortazar & Willumsen, 2011) or from the respondent's own
estimates, which can both be imprecise and biased toward the chosen mode.

SP experiments overcome these limitations by controlling the alternatives offered and
varying attribute levels independently, which can improve the identification of model
parameters. In addition, multiple choice situations can be presented to each respondent, yielding
a larger number of observations from a potentially small sample and increasing the information
available about respondents' behavior. Yet, because the choices are hypothetical, responses can
be sensitive to the framing and format of the experiment, and models estimated from SP data
alone may not accurately predict actual behavior (Ben-Akiva et al., 1994). Models estimated
jointly from RP and SP data benefit from the strengths of both: choice observations made under
real-world market conditions, together with a larger number of choice observations and a wider
range of controlled attribute levels. Importantly, such joint estimation yields choice models that



can represent future alternatives and attributes not yet available in the market, while anchoring
the parameters estimated from SP observations to observed choice behavior.

When estimating a model jointly from RP and SP data, a relative scale factor is estimated
(rather than fixed to equal 1) to reconcile differences in error variance between RP and SP
observations. This allows common parameters to be estimated consistently across the combined
dataset, with RP data characterizing real world decisions and SP data contributing richer trade-
off information and preferences for new or hypothetical alternatives (Hensher & Bradley, 1993;
Ben-Akiva et al., 1994; Train, 2009; Gaker & Walker, 2013). The approach is widely recognized
as a powerful strategy for fusing multiple behavioral datasets in model estimation (Swait et al.,
1994; Hensher et al., 1998).

Multi-sample model estimation has emerged as an important pathway for improving the
representation of underrepresented groups in travel demand models. By combining multiple data
sources into a joint estimation dataset, analysts can better reflect the range of travel behaviors
and preferences across the population and fill gaps in information for vulnerable traveler groups
(Deschaintres et al., 2024; Wang et al., 2022).

The core—satellite survey framework is closely aligned with this approach. In this framework,
a population-level core survey is complemented by a targeted satellite survey designed to capture
the behaviors of underrepresented subpopulations (Goulias et al., 2013; Wang et al., 2022).
Satellites can take several forms, including extensions of the core survey, linked satellite
samples, independent satellite surveys and passively collected data, each designed to fill a
specific gap in coverage. For example, Verreault and Morency (2018) showed that combining
multiple surveys through weighting can reduce proxy-respondent bias in household travel
surveys, and Wang et al. (2022) propose a hybrid method that blends simulation-based
adjustments with the direct insertion of subgroup data to correct for coverage gaps and proxy-
reporting bias.

3. Methods

This study is concerned with understanding the implications of subgroup underrepresentation
in travel survey data on travel demand analysis, with emphasis on the underrepresentation of
vulnerable subgroups. The core approach is to use core-satellite, multi-sample model estimation
for developing and evaluating the performance of discrete choice models of travel mode choice,
when the estimation data includes additional data samples from vulnerable subgroups.

The methodology is developed on two hypotheses: (1) vulnerable travelers face constraints in
accessing critical destinations, such as work or healthcare, that shape their travel behaviors and
preferences, and these travelers are underrepresented in conventional household travel surveys
(Lubitow et al., 2021; Esekhaigbe et al., 2026); and (2) because their behaviors and preferences
differ from those of the travelers who do respond to such surveys, models estimated from
conventional surveys alone will misrepresent their travel behavior.

Mode choice models are estimated and systematically compared to demonstrate the
consequences for travel demand analysis when vulnerable subgroups and their travel preferences
are not accurately reflected in survey data.

We leverage these methods to jointly estimate mode choice models using a targeted
(satellite) travel survey and a regional (core) household travel survey. The targeted survey—
Travel Needs Survey—was conducted between 2017 and 2019 in Benton Harbor, Michigan, and
was designed to oversample vulnerable travelers. These data are combined with the Benton
Harbor sample of the statewide 2015 MiCounts household travel survey. Comparisons between
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the joint model and single-sample models allow us to evaluate the benefits of the approach and
its potential advantages for strengthening travel model-based transportation equity analyses.

3.1. Study Setting in Benton Harbor, Michigan

Benton Harbor, Michigan, is a small, post-industrial city on the southwestern shoreline of Lake
Michigan that has undergone significant socioeconomic change over the past several decades.
Once a thriving manufacturing hub and still home to the global headquarters of Whirlpool
Corporation, the city has experienced economic decline typical of many cities in the American
Rust Belt (Beauregard, 2009). As manufacturing jobs relocated over the years, economic
opportunity in the city has become constrained, leading to employment challenges and
population loss.

Today, Benton Harbor is home to approximately 8,953 residents, and a predominant
African American population (approximately 81.5%). Residents earn lower incomes than the
state average ($18,667 per capita) and face a poverty rate of 40.1%, roughly three times the
Michigan-wide rate of 13.2%. Notably, 28.4% of Benton Harbor households do not have access
to a vehicle, compared with 7% statewide, which suggests that public transportation plays a
significant role in supporting access to essential destinations (U.S. Census Bureau, 2026).

Public transportation in Benton Harbor is provided by the Twin Cities Area
Transportation Authority (TCATA), which operates two fixed bus routes and an on-demand
Dial-a-Ride service with a 23-vehicle fleet. These services cover the City of Benton Harbor and
several surrounding jurisdictions, including Benton Township, the City of St. Joseph, and St.
Joseph Township. In 2021, TCATA provided 43,725 trips on its fixed routes and 61,983 trips
through Dial-a-Ride, which is open to the general public (FTA, 2021). As a small agency,
transportation planning for TCATA is further supported by the Southwest Michigan Planning
Commission (SWMPC), a tri-county regional planning agency, for planning services.

Despite this coverage, public transit remains a challenge for many residents. The two
fixed routes serve a large area, yet many residents live far from a route, creating a classic first-
mile/last-mile problem that constrains transit accessibility. In the absence of more frequent
service and limits on geographic connectivity, these gaps make it particularly difficult to reach
employment, education, and healthcare beyond city limits.

Given these accessibility challenges and the socioeconomic constraints facing many of its
residents, Benton Harbor was identified as a critical site for examining travel needs and the
potential for innovative transportation service improvements that address the challenges of
vulnerable community members. To this end, a small-scale travel demand model was developed
for the Benton Harbor region as part of a larger NSF-funded project to develop a collaborative,
data-driven planning tool for local decision makers (Goodspeed et al., 2021). To support the
model’s development, a travel activity survey, the Benton Harbor Travel Needs Survey, was
designed and administered.

3.2. Michigan Department of Transportation’s 2015 MI Travel Counts Survey

The 2015 Michigan Travel Counts (MiCounts) survey serves as a comparison sample of data,
reflecting standard best practices for household travel survey data collection in the United States.
It is a statewide household travel survey conducted by the Michigan Department of
Transportation (MDOT) to support statewide and regional travel demand models. Using address-
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based sampling (ABS) from the U.S. Postal Service’s Computerized Delivery Sequence file,
households were randomly selected from 16 sample areas across Michigan, including the Benton
Harbor region, and stratified by household size and income. Recruited households completed a
web- or phone-based enrollment survey, were assigned a designated travel date, and
subsequently reported all travel for that day through a retrieval survey administered online or by
phone. A subsample of households participated in a GPS component, where members aged 16—
75 carried wearable devices for three days to capture detailed travel behavior. The survey
collected household- and person-level information, including demographics, vehicle ownership,
and weekday and long-distance travel patterns. To encourage participation, each household
received an invitation letter describing the process and a $20 incentive (MDOT, 2016).

3.3. Benton Harbor Travel Needs Survey

3.3.1. Survey and Experiment Design
The Benton Harbor Travel Needs Survey was conducted between 2017 and 2019 to better
understand the travel behaviors, transportation needs, and mobility constraints of residents in
Benton Harbor, Michigan. The survey was specifically designed to address the
underrepresentation of transportation-disadvantaged populations in conventional household
travel surveys by oversampling vulnerable traveler groups found to be underrepresented in the
MiCounts survey: low-income households, older adults, unemployed and underemployed
individuals, households without access to a private vehicle, and transit-dependent travelers. This
approach was motivated by two objectives: first, to expand understanding of the travel behaviors
and preferences of groups that were insufficiently represented in the 2015 MiCounts survey; and
second, to advance the project’s data fusion goals by generating additional records for
populations that are often missing from conventional household travel surveys.

Collecting both revealed and stated preference observations from the same respondents
allows the strengths of each data type to offset the weaknesses of the other (as noted in Section
2.6). Revealed preference data reflect actual behavior, but they cannot describe responses to
alternatives or service features that do not yet exist, such as app-based ride-hailing in Benton
Harbor at the time of the survey. Observed attributes also tend to vary over narrow ranges and to
be highly correlated (travel time and cost both rise with trip distance), and they are often
measured imprecisely, particularly for alternatives the traveler did not choose. These limitations
were expected to be more pronounced for the travelers this survey targeted, many of whom are
captive to a single mode, so their observed choices reveal less about how they trade off time, cost
and service quality. Stated preference experiments address these gaps by controlling which
alternatives are offered and by varying attribute levels independently, including attributes such as
transit hours of operation that rarely vary in practice. Conversely, stated choices are hypothetical
and can be sensitive to the framing and format of the experiment, so models estimated from them
alone may not accurately predict actual behavior. Anchoring stated choices to revealed choices,
with a scale parameter that accounts for differences in error variance between the two data types,
retains the behavioral realism of the revealed preference data while drawing on the richer trade-
off information of the stated preference experiment.

As illustrated in Figure 1, the survey instrument was organized into three primary
components: (1) individual and household demographic characteristics, (2) revealed travel
behavior, including daily travel patterns and transportation resource availability, and (3) stated
preference questions designed to capture travelers’ mode choice preferences under alternative
transportation scenarios. To maximize participation and reduce barriers to survey completion, the
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survey was offered in both paper and online formats, allowing participants to select their
preferred response mode. Participants received a $15 grocery store gift card upon completion of
the survey as compensation for their time; this modest incentive was intended to encourage
participation while remaining accessible and minimizing the potential for undue influence.
Participants were also invited to take part in an optional two-week GPS travel diary study that
passively recorded their daily travel activity; these GPS data were not used in the modeling
presented in this chapter.

Person-level Household-level

age (#)

gender (category)

race (category)

english first language (Y/N)
internet access options (check list)
employment status (category)
employment status 2

industry (category)
occupation (category)
education level (category)
drivers license (Y/N)

number of jobs (#)

household income (category)
head of household (Y/N)
household size (#)
household workers (#)
number of automobiles (#)
number of bicycles (#)

Travel Behaviors

e  Home, work, school, healthcare, and grocery store locations
e weekly work and school trips (# of times per week)

e weekly use of travel modes to work/school, and grocery store (drive alone, carpool,
bus, dial-a-ride, bike, walk) (# of times per week)

e  usual travel mode to work, school, healthcare, and grocery store locations (category)

e travel mode to access bus stop? (category)

e travel time to work, school, healthcare, and grocery store? (#)

e waiting time for bus and dial-a-ride? (#)

e free parking available at work and school? (Y/N)

e challenges reaching desired grocery store? (Y/N, location)

e  challenges reaching desired work location? (Y/N, location)

e  challenges reaching desired shopping location? (Y/N, location)
e lostajob due to transit unreliability? (Y/N)

Stated Preference (Mode Choice)

Assume you have modes (drive, dial-a-ride, bus, walk) available. You are heading to
work/the grocery store/ health appointment. Based on the following attributes, which
mode would you choose?
®  trip cost/fare
in-vehiclefwalk travel time
gas price per gallon
transit wait time for bus/shuttle
walk travel time to bus stop
number of bus transfers
bus hours of operation

Figure 1. Description of Survey Questions
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Stated Preference Experiment: In the stated preference portion of the survey, each respondent
was asked to complete six hypothetical mode choice tasks covering three trip purposes that are
central to accessibility for transportation-disadvantaged residents: traveling to work, to a grocery
store, and to a doctor’s appointment. Each trip purpose was presented twice. Respondents were
asked to assume that all listed modes were available to them and to choose the one they would
use for the trip given its attributes. An example of a choice task is shown in Table 1, and the
attribute levels are summarized in Table 2.

Table 1. Example stated preference mode choice task (work trip)

Drive Dial-A-Ride Bus Walk
Cost $6.84 $3.00 $1.50 /
Gas price $3.55 / / /
(per gallon)
Wait time None 30 mins 15 mins None
Walking / / 15 mins /
access
Transfers / / 1 /
Travel time 14 mins 33 mins 31 mins 3hr45mins
Transit Aam.
hours of / 6am-6pm oy /
) midnight
operation

Construction of Attribute Values: To keep the hypothetical alternatives realistic, the travel times
and costs of each mode were tied to the trip distance shown in the question, while the remaining
service attributes were varied experimentally. The resulting attribute levels are summarized in
Table 2.

Experimental Design: The service attributes were varied using a randomized design
implemented in Qualtrics (Qualtrics, 2017). For each respondent and each of the six tasks, the
level of every experimental attribute was drawn independently and at random from the levels
shown in Table 2, so that each respondent saw a different combination of attribute levels in every
task. Because levels were drawn independently, the experimental attributes are uncorrelated with
one another by construction, which allows the effects of fares, waiting, access time, transfers,
and service hours to be separated from one another. Travel times and the auto costs, in contrast,
remain correlated with trip distance by design, which preserves the realism of the alternatives
(Gaker & Walker, 2013).
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Table 2. Stated preference attributes and levels

Attribute Alternative(s) Levels Varied by
Trip distance All 0.5.5, 12’. 19, 26, Random draw
33 miles
Gas price per gallon Drive $2.15, $3.55 Random draw
Fare Dial-a-Ride $2, $3, $4, $5 Random draw
$0.50, $1.00, $1.50,

Fare Bus $2.00. $2.50 Random draw

Wait time Dial-a-Ride; Bus 5,15, 39, 40, 60 Random draw (each

mins mode separately)

Walk{[rilfl :CCGSS Bus 5, 15, 30 mins Random draw
Transfers Bus 0,1,2 Random draw

Hours of operation

Dial-a-Ride; Bus

6am-6pm, 4am-
midnight, 24 hours

Random draw (each
mode separately)

Distance and gas

Travel cost Drive $0.25 to $18.81 .
price
In-vehicle time Drive, 1 to 38 mins Distance
In-vehicle time Dial-a-Ride 16 to 65 mins Distance
In-vehicle time Bus 1 to 77 mins Distance and
transfers
Travel time Walk 9 min to 10 hr 19 Distance

mins

Household Characteristics and Revealed Travel Behavior: The remaining survey components
collected person- and household-level characteristics and revealed travel behavior (Figure 1).
Person-level questions covered age, gender, race, whether English is the respondent’s first
language, internet access, employment status, industry and occupation, education, driver’s
license holding, and number of jobs; household questions covered income, head of household,
household size, number of workers, and the number of automobiles and bicycles. The revealed
travel behavior section asked respondents to identify their home, work, school, healthcare and
grocery store locations; their weekly trips and use of each travel mode for work, school and
grocery trips; their usual mode and travel time to each of these destinations; how they access the
bus stop; their usual waiting time for the bus and Dial-a-Ride; and the availability of free
parking. Respondents also reported whether they had difficulty reaching their desired grocery
store, work or shopping locations, and whether they had ever lost a job due to transit
unreliability. The usual-mode responses for work, healthcare and grocery trips provide the
revealed preference observations that complement the stated preference tasks, which were
designed around the same three trip purposes.

3.3.2. Participant Recruitment
The recruitment strategy for this study was intentionally designed to reach vulnerable and
transport-disadvantaged populations in Benton Harbor, with a particular focus on residents who
are transit-dependent, unemployed or underemployed, and low-income. Multiple outreach
channels were used to ensure inclusivity and to reduce barriers to participation.
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Local partnerships were central to targeting vulnerable travelers living in Benton Harbor.
The research team collaborated with Kinexus, a workforce training and career services hub, and
with the Twin Cities Area Transportation Authority (TCATA), Benton Harbor’s public
transportation provider, to reach residents with low incomes, limited employment opportunities,
or high transit dependence. Recruitment efforts included distributing flyers to Dial-a-Ride users
and advertising to the Kinexus client list, which encompasses job seekers and recently employed
residents. Additional outreach was deployed through Facebook ads, local radio announcements,
newspaper postings, and press releases to increase community awareness. Recognizing that
digital divide barriers could limit participation, the research team also organized in-person
workshops at Kinexus. These sessions provided direct assistance to residents completing either
paper or online surveys and offered technical support for installing the smartphone-based
tracking application.

To further strengthen outreach, the team leveraged the partnership with TCATA to
distribute surveys via its Dial-a-Ride and fixed-route systems. Surveys were also made available
at community events, job training centers, healthcare clinics, and food pantries—venues that
were strategically chosen to engage individuals who may otherwise be overlooked in traditional
survey recruitment.

The study protocol and survey instruments were reviewed and approved by the
University of Michigan Institutional Review Board, and all participants provided informed
consent prior to participating.

3.3.3. Community Workshops

Fiure 2. Image of Travel Needs participant fesponding to paper version of the survey.

A central aspect of the recruitment and administration strategies was a series of
community workshops. A total of five community workshops were offered between August 2017
and November 2019. At these workshops, participants heard brief presentations from the study
team on the motivation for the survey, the role it would play in broader transportation planning
efforts in Benton Harbor, and options for participation. In-person participants were offered the
option to complete the survey in paper form or online (using a provided desktop or laptop
computer). The research team also assisted with survey administration when necessary. The
workshops served both practical and relational purposes. They also provided opportunities for
participants to receive technical support, ask questions about the study, and select the method of
participation that best matched their needs and preferences. These sessions enhanced
transparency and trust between the research team and community members, reinforcing the
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legitimacy of the study within a context where vulnerable residents may otherwise feel
disconnected from data collection efforts.

3.4. Mode Choice Modeling Methods

A series of multinomial logit (MNL) and nested logit (NL) mode choice models are estimated
using the two data samples: (1) the travel needs survey (2017-2019) and (2) the 2015 MiCounts
survey. We develop mode choice models from each dataset as well as a joint model estimated
from both datasets, to compare results and interpretations of travel preferences and demonstrate
the potential benefits of estimating travel demand modeling using fused or “enriched” datasets.

In this section, we describe the data used for model estimation and provide a brief
overview of discrete choice model development, with emphasis on the nested logit model (the
form of the final MiCounts and Joint models). We then discuss multi-sample model estimation,
which is necessary for estimating the mode choice model from the fused dataset.

The Travel Needs data include 239 revealed preference (RP) trips reported by 114
respondents and 611 stated preference (SP) choices by 105 respondents (122 respondents in
total), and the MiCounts data include 2,916 trips by 788 adult Benton Harbor respondents
(detailed in Section 4.1). For the RP trips in both datasets, the level-of-service attributes of the
chosen and non-chosen modes were estimated primarily from trip distances, so that the two
datasets are measured consistently. The speeds, costs and fares used to construct these attributes,
and their sources, are summarized in Table 3. For the SP choices, the attributes are those
presented to respondents in the experiment (Tables 1 and 2).

Table 3. Level-of-service attributes for revealed preference trips

reduced fare)

Attribute Mode Assumption Source
In-vehicle time | Drive; Carpool Distance +~ 25 mph (McGuckin & Fucci, 2018)
In-vehicle time Bus Distance + 13 mph (FTA, 2019; (APTA, 2019)
In-vehicle time Dial-a-Ride Distance + 10 mph (FTA, 2019)

Travel time Walk Distance + 3 mph (Fitzpatrick et al., 2006)

Travel cost Drive $0.545 per mile (IRS, 2017)

Travel cost Carpool Drive cost + 2.5 Assumed average vehicle

occupancy of 2.5 persons
Fare Bus $1.00 per trip ($0.50 (TCATA, 2020, 2025)
reduced fare)
Fare Dial-a-Ride $2.00 per trip ($1.00 (Herald-Palladium, 2025;

TCATA, 2025)

Reduced-fare
eligibility

Bus; Dial-a-Ride

Adults 65 and older
and persons with
disabilities

TCATA reduced fare for
adults 60 and older,
children under 12 and
persons with disabilities
(TCATA, 2020); ages 60—
64 cannot be identified in
the survey age groups

Note: Attributes are computed from the trip distance for the chosen and non-chosen modes of the revealed
preference trips in both the Travel Needs and MiCounts data. Stated preference attributes are those presented to

respondents in the experiment (Tables 1 and 2).
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3.4.1. Nested Logit
Nested logit (NL) models are a form of logit discrete choice model often used in travel demand
modeling (Ortazar, 1983; Train, 2009). Discrete choice models are based on random utility
maximization theory (Ben-Akiva & Lerman, 1985). Like other discrete choice models, the NL
model predicts the probability that a decision maker # (e.g., a traveler) will select each
alternative i from a set of mutually exclusive alternatives, the choice set Cy,. The utility of each
alternative is composed of a systematic component, V,;, which depends on observed attributes of
the alternative (such as travel time and cost) and characteristics of the traveler, and a random
component, €, that represents factors unobserved by the analyst:

Uni =Vnit&n = .leni + &ni (1)

where 3 is a vector of parameters to be estimated and x,; is a vector of explanatory variables.
Because part of the utility is unobserved, the alternative with the highest systematic utility is not
chosen with certainty; rather, an alternative with higher systematic utility has a higher probability
of being chosen. When the random components are independently and identically distributed
extreme value, the choice probabilities take the multinomial logit (MNL) form:

exp(Vni)
Y jecy €xXp (Vnj)

The MNL model implies that the unobserved factors are independent across alternatives. The NL
model relaxes this assumption by grouping alternatives that share unobserved characteristics into
nests, m € M, so that alternatives in the same nest are closer substitutes for one another than for
alternatives outside the nest (Koppelman & Wen, 1998; Train, 2009). While the NL structure is
not appropriate in all circumstances (for example, where correlation is present between
alternatives of different nests), it continues to serve as an important model structure for
transportation modeling and decision-making (Hensher & Greene, 2002; Newman et al., 2018).
Following the normalization used in Biogeme (Bierlaire, 2023), the probability that traveler n
chooses alternative i in nest m is:

P =

(2)

exp (/’lmVni) . exp (Inm)
Yiec,, €Xp (UmVnj) Zkem exp (nk)

1
Lym = —1In z exp (.uman) (4)

Hm feo

P =

(3)

where Cy, is the set of alternatives in nest m, I is the inclusive value (logsum) of nest m, and
> 1 is the nest parameter. The first term of equation (3) is the probability of choosing alternative i
conditional on choosing nest m, and the second term is the probability of choosing nest m. Larger
values of wx indicate greater correlation among the unobserved utilities of the alternatives in nest
m, and therefore greater substitution among them; when p,, = 1 for all nests, the NL model
reduces to the MNL model. Alternatives that are not grouped with others form their own nest,
with w, = 1. Readers are referred to Ben-Akiva and Lerman (1985), Koppelman and Bhat (2006)
and Train (2009) for a full treatment.

3.4.2. Use of Multiple Sources in Travel Choice Modeling
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As discussed in Section 2.6, the estimation of choice models using multiple data sources relies
on the recognition that the scale of the unobserved utility may differ across datasets (Ben-Akiva
& Lerman, 1985; Swait & Louviere, 1993). We apply this approach at two levels, as illustrated
in Figure 3. First, the Travel Needs model combines RP and SP choices from the same
respondents. SP-specific constants are added to the utilities of the SP alternatives (dial-a-ride,
bus and walk) to capture systematic differences in mode preferences between the hypothetical SP
tasks and the actual RP trips:

Vil = Vo + 87F (5)

where 87 is the SP-specific constant for alternative i. A separate SP scale parameter is often
used to capture data-specific error variance; in our tests, the SP-specific constants fit the data
better, so the SP scale was not retained in the final specifications.

Second, the Joint model combines the Travel Needs (satellite) and MiCounts (core)
samples. Because the two surveys differ in design, timing and the precision with which travel
attributes are measured, the variance of the unobserved utility may differ between them. The
utilities of the MiCounts observations are therefore multiplied by a relative scale parameter, A,
estimated jointly with the other parameters, while the scale of the Travel Needs observations is
normalized to one:

Vai¢ =A% (6)

All parameters are estimated simultaneously by maximizing the joint log-likelihood of the two
samples:

LEaD= ) D yultPu@B )+ D D yulnPuGh0 ()

nETNS i€Cy NEMC i€Cy,

where y,; equals 1 if traveler n chose alternative i and 0 otherwise, and P,; is given by equation
(2) or (3). A value of A greater than one indicates that the MiCounts choices contain less
unexplained variation than the Travel Needs choices. Parameters can be shared across the two
samples (such as the travel time parameter) or specified as dataset-specific (such as the
alternative-specific constants and selected demographic parameters), and likelihood ratio tests
are used to determine whether pooling a parameter across samples is supported by the data
(Section 4.2.2). Because the parameters of the three models are estimated on different scales, we
compare them using ratios of parameters, such as values of time, rather than the parameters
themselves (Swait & Louviere, 1993; Louviere et al., 2000).
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Figure 3. Multi-sample satellite-core estimation framework
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4. Survey and Analysis Results

4.1.Descriptive Statistics for Travel Needs and MiCounts Surveys

Table 4. Descriptive Statistics of Person-level Demographics

TNS
TNSRP TNSSP RP+SP MiCounts 2015
Variable Category (n=114) (n=105) (n=122) (n=788) ACS
15 + Younger 0.00%  0.00% 0.00% 0.00% 28.30%
age 16-17 years 1.82%  2.04% 1.74% 0.00% 7.6%*
g 18-64 years 90.00% 88.78% 88.70%  75.83%  58.7%%**
65 + Older 8.18%  9.18% 9.57% 24.17% 8.50%
ender female 69.30% 70.19% 69.42%  56.01%  53.46%
g male 30.70% 29.81% 30.58%  43.99%  46.54%
Black/African American 77.19% 78.10%  77.05% — 83.15%
race and White/European 19.30% 17.14% 18.85% — 7.46%
ethnicit Native American 1.75%  0.95% 1.64% — 0.32%
y Hispanic 1.75%  1.90% 1.64% — 5.13%
Other 2.63% 1.90%  2.46% — 3.94%
Working (full-time) 24.78% 22.12% 23.33%  61.58%
Working (part-time)  22.12% 23.08% 21.67% — 42.99%
Working (self-employed) 0.00%  0.00% 0.00% -
Not working o o o o
employment (temporary layoff) L77% - 1.92% 1.67% 0.13% 13.47%
/status Not working (searching) 9.73% 10.58% 10.83% 1.78%
Not working (retired) 9.73% 10.58% 10.00% 23.41%
Not working (disabled) 20.35% 21.15% 21.67% 6.23% 43,549
Not working (student)  3.54%  2.88% 3.33% 2.29% e
Not working (other) 7.96%  7.69% 7.50% 4.58%
Elementary 6.42%  7.00% 6.90% 3.08% 29.40%
High School / GED 66.06% 69.00% 66.38%  34.87%  37.90%
education ASS"C“(‘::;} zszh“‘cal’ 20.18% 18.00% 19.83%  13.72%  27.60%
Undergraduate 7.34%  6.00% 6.90% 29.49% 2.80%
Graduate 0.00%  0.00% 0.00% 18.85% 2.20%

Notes: Shares are person-level. TNS columns are the respondents in the model dataset (RP =
respondents with revealed-preference trips; SP = respondents who completed the stated-
preference experiment). Race and ethnicity shares use all respondents as the denominator and
can sum to more than 100% because respondents could select more than one category; race and
ethnicity are not available in the MiCounts data. MiCounts employment does not separate full-
time, part-time and self-employed workers, so all MiCounts workers are shown in the full-time
row. MiCounts includes adults (18 and older) only. ACS age categories differ: * ages 15 to 19;
** ages 20 to 74. ACS employment status is from table DP03 (2011-2015 5-year estimates,
population 16 and older): employed (shown across the working rows), unemployed (shown
across the temporary layoff and searching rows) and not in the labor force (shown across the
remaining not working rows).
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Table 5. Descriptive Statistics of Household-level Demographics
TNS  MiCounts
TNS RP TNSSP RP+SP adults 2015

Variable Category (n=114) (n=105) (n=122) (n=788) ACS
1 27.52% 24.75% 26.72% 18.02%  37.70%
4 hh members 2 32.11% 35.64% 34.48% 50.76%  24.30%
3 17.43% 17.82% 17.24% 13.32%  16.40%
4+ 22.94% 21.78%  21.55% 17.89%  21.70%
0 36.36% 39.81% 38.46%  24.87%  19.90%
# hh workers 1 35.45% 32.04% 34.19%  3591%  55.40%
2+ 28.18% 28.16% 27.35%  39.21%  24.70%
0 36.61% 37.50% 36.97% 4.31% 19.10%
# hh 1 38.39% 40.38% 39.50%  22.21%  44.90%
automobiles 2 18.75% 15.38% 17.65%  46.83%  21.50%
3 or more 6.25%  6.73% 5.88% 26.65%  14.50%

Less than $29,999  76.32% 81.90% 77.05%  25.63%  73.90%
$30,000 -$74,999 15.79% 13.33% 14.75%  26.78%  21.70%

hh income $74,999 + 2.63% 1.90%  2.46%  3579%  4.30%
missing 526% 2.86% 574%  11.80% -

Drive 53.14% 5139% 51.88%  85.12%  73.70%

e share Carpool 2050% 576%  1036%  13.30%

(Y% of choters Bus 209% 9.82%  7.65%  199%  2.60%
Dial-a-ride 2134% 32.41% 2929%  0.75% -

Walk 293% 638% 541%  178%  7.10%

# choices 239 611 850 2916 2923

Notes: Household shares are person-level (each respondent counted once). MiCounts income
categories differ from the TNS and ACS: less than $35,000, $35,000-$74,999 and $75,000 or
more. Mode shares are shares of choices: TNS RP = 239 reported trips; TNS SP =611 stated-
preference choice tasks (carpool was not offered); MiCounts = 2,916 trips by adults. ACS mode
shares are commute trips only, for workers 16 and older who do not work at home (table
B08301, 2011-2015 5-year estimates, Benton Harbor city); the ACS has no dial-a-ride category,
and the remaining 3.4% (taxicab, motorcycle, bicycle and other) is not shown.

The Travel Needs (TNS) survey data used in our models include 122 Benton Harbor residents:
114 respondents who reported revealed preference (RP) trips (239 trips) and 105 respondents
who completed the stated preference (SP) experiment (611 choice tasks), while the sample from
MDOT's MiCounts survey includes 788 adult (18 and older) Benton Harbor respondents, who
reported 2,916 trips. Descriptive statistics for these samples are presented in Tables 4 and 5, and
compared with population statistics for Benton Harbor, based on the 2015 American Community
Survey (U.S. Census Bureau, 2016). Because the TNS RP, SP and combined RP+SP samples
have very similar characteristics, we focus on the TNS RP respondents below.

At the person level (Table 4), we find that despite the small sample size, the TNS reflects
the expected population demographics (as indicated by the ACS statistics) well, with the
exception of a few characteristics. The TNS respondents are more likely to be of working age
(18-64), relative to the ACS (90.00% vs. 58.70%), while the share of respondents older than 65
is similar (8.18% vs. 8.50%). This is in part driven by the intentional targeting of working aged
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adults, for the Travel Needs survey respondents. The TNS respondents are also more likely to be
women, with nearly 70% women respondents (69.30%), vs. approximately 53% in the ACS.
Regarding race and ethnicity, the TNS respondents reflect a higher proportion of white
respondents (19.30% vs. 7.46%) and a lower proportion of Black (77.19% vs. 83.15%) and
Hispanic (1.75% vs. 5.13%) respondents, relative to the ACS. Regarding employment status, the
TNS respondents differ notably for each specific employment category. However, the estimates
are comparable when aggregated; for working respondents (24.78% + 22.12% = 46.90% vs.
42.99%), for temporarily unemployed or searching respondents (1.77% + 9.73% = 11.50% vs.
13.47%), and for remaining unemployed respondents (9.73% + 20.35% + 3.54% + 7.96% =
41.58% vs. 43.54%). Regarding education level, TNS respondents are more likely to be at the
high school or GED (66.06% vs. 37.90%), and undergraduate (7.34% vs. 2.80%) levels, relative
to the ACS.

At the household level (Table 5), TNS respondents are less likely to be in 1-person
households (27.52% vs. 37.70%), and more likely to be in 2-person households (32.11% vs.
24.30%). TNS respondents are also considerably more likely to live in zero-worker households
(36.36% vs. 19.90%) and zero-automobile households (36.61% vs. 19.10%). Regarding
household income, TNS respondents also have a similar distribution of income levels, with
76.32% earning less than $30,000 (vs. 73.90% in the ACS), although 5.26% of respondents did
not report their income.

When compared to the Benton Harbor sample of MDOT's MiCounts survey, respondents'
characteristics differ from the TNS and ACS in notable ways. MiCounts respondents are more
likely to be over the age of 65 (24.17%), relative to the TNS (8.18%) as well as the ACS
(8.50%), and substantially more likely to hold undergraduate and graduate degrees (29.49% and
18.85%, respectively), relative to the TNS (7.34% and 0.00%) as well as the ACS (2.80% and
2.20%). MiCounts respondents are also more likely to live in 2-person households (50.76%), and
slightly less likely to live in households with 3 members or 4+ members (13.32% and 17.89%,
respectively), relative to the TNS (17.43% and 22.94%) as well as the ACS (16.40% and
21.70%). Very few MiCounts respondents live in zero-automobile households (4.31%), relative
to the TNS (36.61%) and the ACS (19.10%). Finally, MiCounts respondents are considerably
less likely to be low income, with 25.63% earning less than $35,000, relative to the 76.32% of
TNS respondents and 73.90% of ACS households earning less than $30,000.

Regarding mode choices, we find that the recorded differences in subgroup representation
for the travel surveys coincide with differences in mode choice behaviors (Table 5 and Figure 4).
For their reported (RP) trips, TNS respondents are much less likely to drive (53.14% vs.
85.12%), and considerably more likely to carpool (20.50% vs. 10.36%) and to use dial-a-ride
(21.34% vs. 0.75%), while bus (2.09% vs. 1.99%) and walk (2.93% vs. 1.78%) shares are low in
both samples. In the SP experiment, where carpool was not offered, TNS respondents chose bus
(9.82%), dial-a-ride (32.41%) and walk (6.38%) more often than in their RP trips. The 2015 ACS
reports commute trips only, for workers 16 and older (U.S. Census Bureau, 2016), and is
therefore not directly comparable to either survey, which include trips for all purposes; however,
Benton Harbor commuters drive alone (73.70%) at a rate between the TNS and MiCounts
samples, carpool at a similar rate to MiCounts respondents (13.30%), and have the highest walk
share (7.10%), while public transit accounts for only 2.60% of commute trips. While we do not
include comparisons of other travel behaviors (e.g. origin-destination patterns, activity patterns,
etc.), this suggests that the travel behaviors and preferences of vulnerable travelers missing from
conventional surveys may differ considerably from those of vulnerable travelers included in such
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surveys. When we sub-sample the MiCounts survey for adult Benton Harbor respondents earning
less than $35,000 annually (n = 202 respondents, 739 trips; shown in Figure 4), we find that
these mode choice differences are persistent, with low-income MiCounts respondents being
much more likely to drive (79.57%), relative to TNS respondents, and much less likely to use
dial-a-ride (2.98%). This further motivates investigation of potential differences in travel
behavior, for TNS respondents relative to MiCounts respondents.

Overall, we find important differences in TNS vs. MiCounts respondents, for some key
demographic subgroups. Specifically, MiCounts respondents are much more likely to hold
undergraduate and graduate degrees, considerably more likely to live in smaller households (with
2 members or less), have access to at least one household automobile, and earn $35,000 or more
annually. This suggests that respondents to the MiCounts survey are less likely to be subject to
barriers that pose constraints on travel accessibility.

100 -
B TNS RP trips (n = 239)
— B TNS SP choices (n = 611)
& © B MiCounts (n = 2,916)
80 - g - - MiCounts <$35k (n = 739)
g ##. 2015 ACS, commute only (n = 2,923)
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g 7
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: .
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Z
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20 - é 2
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N 2 7
Drive Carpool Bus Dial-a-ride Walk
Note: "-" = mode not available (carpool was not offered in the SP experiment; the ACS has no

dial-a-ride category). ACS shares are commute trips by workers 16 and older (table B08301);
the remaining 3.4% (taxicab, motorcycle, bicycle and other) is not shown.

Figure 4. Comparison of Mode Shares for Travel Needs and MiCounts Survey
Respondents
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4.2.Mode Choice Model Estimation Results

In this section, we discuss the results of two sets of mode choice models; (1) attributes-only
models for income- and education-based subgroups, and (2) full model specifications with all
relevant characteristics. The attributes-only models are used to explore the implications of
demographic over- or under-representation on choice model results, while the full models reflect
the specifications offering the best statistical fit, for each of the three datasets. The Travel Needs
model is based on responses from the Travel Needs Survey, the MiCounts model is based on
responses from the MiCounts survey (restricted to Benton Harbor residents), and the Joint model
is estimated using both datasets. The models are estimated using Python Biogeme (Bierlaire,
2023), and the final specifications for each model reflect utility and nesting structures that
provide the best balance of statistical fit and behavioral interpretability. Each model is the result
of multiple iterations, incorporating both formal and informal statistical testing to arrive at the
presented results.

4.2.1. Subgroup Model Results

Table 6. Subgroup Definitions

Group Definition
Low Inc TNS: household income < $45,000. MiCounts: household
: income < $50,000
TNS: household income > $45,000. MiCounts: household
Higher Inc. income $50,000-$99,999 (households at $100,000+ have

no cost term)

Education = High School/GED, Associate's, or Technical
HS, Tech. (level 1) Certificate/Degree (MiCounts: High School/GED, Some
College, or Associate's)

Education = Undergraduate, Master's, or
PhD/Professional Degree

UG, Grad. (level 2)

Here we examine whether the model sensitivity to travel time and cost differs across income, and
the degree to which the two datasets capture these differences. The model utilities include
alternative-specific constants and travel time and cost, with the time and cost coefficients
estimated separately for each subgroup. Further, the mode utilities are intentionally specified
such that differences between subgroups can be distinguished as differences in travel behavior
preferences rather than artifacts of how each sample was collected.

The TNS model combines revealed preference (RP) with stated preference (SP) choices
and includes separate SP constants for dial-a-ride, bus and walk. These constants capture
systematic differences in mode preferences between the hypothetical SP tasks and the actual RP
trips (for example, due to the framing of the experiment). In this way, the time and cost
coefficients are identified from trade-offs that respondents make in both settings rather than
reflecting differences between the two survey formats. Further, the two models are compared
using values-of-time (VOT) rather than direct comparisons of the model parameters, given that
the scale cancels out when the ratio of the time and cost coefficients is calculated. The results for
the income subgroup models are shown in Table 7.
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Table 7. Estimation Results for Income Subgroups

Parameter Name Travel Needs MiCounts
Utility Estimate (t-stat) Utility Estimate (t-stat)
Drive - Drive -
Carpool -1.88 (-9.44) Carpool -2.64 (-26.93)
Dial-a-ride RP-1.70 (-8.30); Dial-a-ride -5.24 (-18.23)
Constants SP -1.12 (-9.16)
RP -4.09 (-8.68);
Bus SP -2.33 (-13.50) Bus -3.14 (-16.76)
RP -3.50 (-8.08);
Walk SP -2.08 (-8.46) Walk -2.84 (-18.29)
Time All — Drive, Carpool, Bus -0.2128 (-6.24)
Time (Low Inc.) -0.0039 (-3.62) | Dial-a-ride, Walk  -0.0610 (-8.12)
Time . .

(Higher Inc.) -0.0503 (-2.68) | Dial-a-ride, Walk  -0.0884 (-6.67)
Cost (Low Inc.) -0.0322 (-2.08) All (exc. Walk) 0.0459 (0.37)
Cost (Higher Inc.) -0.1050 (-1.95) All (exc. Walk) -0.3212 (-3.82)

N 850 2916
Rho-bar-squared 0.33 0.71
LL(0) -1128.78 -4405.79
LL(p) -740.65 -1255.91
Low Inc. VOT
($/hour) $7.29 B
Higher Inc. VOT $28.74 $39.76 (Drive, Carpool, Bus);
($/hour) ' $16.52 (Dial-a-ride, Walk)

In the Travel Needs income model, the RP and SP constants differ significantly, with the RP
constants roughly 1.5 to 1.8 times the magnitude of the corresponding SP constants. If the
underlying mode preferences were the same in both settings, this pattern would be consistent
with an SP scale of about 0.6 relative to the RP scale; that is, a standard deviation of the SP error
about 1/0.6 = 1.7 times that of the RP error. This is consistent with the literature, suggesting that
hypothetical choice data may carry more unexplained variation than actual trips (Ben-Akiva et
al., 1994).

Regarding the travel time and cost parameters, the TNS model shows that higher-income
travelers are about 13 times more sensitive to travel time than low-income travelers (-0.0503 vs.
-0.0039 per minute) and about three times more sensitive to cost (-0.105 vs. -0.032 per dollar).
This results in an estimated $7.29 value-of-time (VOT) for low-income travelers, relative to a
$28.74 VOT for higher-income travelers.

The MiCounts income model results show a distinct pattern of preferences relative to the
TNS income model. First, a time parameter for motorized modes (drive, carpool and bus) is
significant (generic across income classes), while the travel time parameter for dial-a-ride and
walk is income specific. This suggests that the time spent walking or riding dial-a-ride is
perceived differently from in-vehicle time on faster modes. The cost parameter is specified as
income specific on all motorized modes. While higher-income travelers are highly cost sensitive,
the low-income cost parameter is positive and insignificant. No alternative cost specification was
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found to be significant, so a low-income VOT cannot be estimated from MiCounts. The higher-
income cost parameter and generic travel time parameters imply VOTs of $39.76 per hour for
drive, carpool and bus and $16.52 for dial-a-ride and walk. It is important to note, however, that
no higher-income MiCounts travelers made bus or dial-a-ride trips, so part of their cost
parameter likely reflects avoidance of those modes, rather than cost sensitivity to bus or dial-a-

ride fares.

Overall, the two models, as expected, show that higher-income travelers are significantly
more time sensitive than low-income travelers. Yet the models differ in their reflection of
travelers’ cost sensitivity: although approximately 40% of MiCounts trips are made by low-
income travelers, the MiCounts model cannot identify a low-income cost effect. The TNS
sample, which targeted lower-income travelers, does find a significant cost effect for low-income

travelers.

Table 8. Estimation Results for Education Subgroups

Parameter Name Travel Needs MiCounts
Utility Estimate (t-stat) Utility Estimate (t-stat)
Drive - Drive -
Carpool -1.86 (-9.38) Carpool -2.58 (-28.44)
Dial-a-ride b THCENN palaride 437 (19.55)
Constants 1%1: -ill f ((_g §23))
Bus SP -2.34 (-13.80) Bus -3.62 (-24.99)
RP -3.56 (-8.22);
Walk SP 2.20 (:9.31) Walk -2.18 (-10.67)
Time (HS or Tech.) All -0.0035 (-3.30) All -0.0653 (-6.87)
Time (UG or
Graduate) All -0.0296 (-1.93) All -0.0814 (-6.15)
All
Cost (HS or Tech.) (exc. Walk) -0.0252 (-1.62) - —
Cost All
(UG or Graduate) | (exc. Walk) -0.1659 (-2.39) B a
Cost
(Income < $50k) - - All (exc. Walk) 0.0588 (0.50)
Cost
(Income $50-100K) - - All (exc. Walk)  -0.2449 (-3.04)
N 850 2916
Rho-bar-squared 0.33 0.71
LL(0) -1128.78 -4405.79
LL(p) -744.40 -1257.41
HS or Tech. VOT Income:
($/hour) $8.35 $50-100k $15.99
UG or Graduate Income:
VOT ($/hour) $10.70 $50-100k $19.93
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The education models in Table 8 follow the same approach as the income subgroup models. The
models for both datasets are specified to capture differences in travel time and cost sensitivity
across education: high school and technical degree holders (level 1) compared to bachelor's and
graduate degree holders (level 2). The TNS education model uses the same structure as the TNS
income model, with RP and SP specific constants, and education specific time and cost
parameters. The model identifies significant travel time parameters for both education levels,
with level 2 travelers being more sensitive to travel time (approximately eight times larger than
that of level 1 travelers). Cost parameters are also identified for both groups, yet the level 1 cost
parameter is only weakly significant (t = -1.62; an 89.5% confidence level), while the level 2
cost parameter is significant (t = -2.39) and the level 2 time parameter is marginally significant (t
=-1.93; a 94.6% confidence level). Despite their weak significance levels, a likelihood ratio test
of whether the level 1 and 2 cost parameters equal one another (i.e., whether cost should be
specified as generic across education groups) motivates our education-specific specification (p =
0.036). As a result, the implied VOTSs are $8.35 per hour for level 1 and $10.70 for level 2
travelers.

In the MiCounts education model, travel time is split by education, but no significant
education-specific, nor generic cost parameter is identified. Instead, cost is specified by income
rather than education, and similar to the MiCounts income subgroup results, no low-income cost
parameter is identified. For this reason, the level 1 and 2 VOTs reflect travelers with incomes of
$50,000 to $100,000 only. The MiCounts results show level 2 travelers to be somewhat more
sensitive to travel time than level 1 travelers (-0.0814 vs. -0.0653 per minute), with VOTs of
$19.93 and $15.99 per hour respectively, using the $50,000 to $100,000 cost coefficient.

Because education does not explain cost sensitivity in the MiCounts model beyond
income, MiCounts education-specific VOTs reflect only differences in time sensitivity
and are not directly comparable to the TNS education-specific VOTs. However, the TNS and
MiCounts level 2 VOTs (for travelers with a bachelor’s degree or higher) are $10.70 and
$19.93, respectively. This suggests that the MiCounts data captures level 2 travelers with a
relatively higher willingness to trade off higher costs for shorter travel times. Overall , the
education results point in a similar direction as the income subgroup model results where
the differences in education-specific time and cost sensitivity between the two models
reflect apparent differences in travel behavior among the two data samples. Further, these results

reinforce that the MiCounts sample, which underrepresents low-income and less-
educated travelers, is limited in reflecting their travel behaviors, most clearly their sensitivity to
travel cost. This motivates combining the targeted TNS data with the MiCounts data, which is
examined in the next section.
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4.2.2. Full Model Comparison Results

Table 9. Mode Choice Model Results

Travel Needs MiCounts Joint
Parameter Name - Estimate - Estimate - .
Utility (t-stat) Utility (t-stat) Utility Estimate (t-stat)
Drive - Drive - Drive -
TNS -2.33 (-5.70);
Carpool -2.54 (-5.08) Carpool -3.46 (-21.40) Carpool MiCounts -0.132 (-3.40)
. TNS RP -1.68 (-8.32),
Dial-a-ride I;g __11711 ((__8933))’ Dial-a-ride  -5.14 (-18.00) Dial-a-ride SP -1.05 (-8.62);
Constants ’ ’ MiCounts -0.174 (-3.19)
RP -4.32 (-9.08): TNS RP -3.47 (-7.60),
Bus P2 '64 (_13' 003 Bus -3.37 (-20.50) Bus SP -2.07 (-7.84);
’ ’ MiCounts -0.155 (-3.22)
) TNS RP -3.31 (-6.28),
Walk 1;1; '_‘;'gi ((251?) Walk  -1.79 (-4.66) Walk SP -2.01 (-4.79);
’ ' MiCounts -0.051 (-2.18)
Travel Time All -0.0051 (-4.27) All -0.0885 (-5.48) | All (shared) -0.0037 (-3.78)
Travel Cost All
(generic) (exc. Walk) -0.033(-2.16) h B B
Travel Cost - - Drive, =500 (-236) | Al (exe. Walk) -0.032 (-2.05)
(Low income) Carpool ’ ’ : ’ ’
Travel Cost All
(Higher income) - - (exc. Walk) -0.433 (-6.42) | All (exc. Walk) -0.012 (-2.62)
. MiCounts:
Commute travel - - Drive, Walk 1.16 (5.04) Drive, Walk 0.039 (2.69)
TNS: Drive,
Carpool Bus, Dial-a-
Drive, Bus, e ride; TNS 0.91 (4.19);
Women Dial-a-ride 1.10(4.24) | Bus, Dial-a- 139 (8.22) MiCounts:  MiCounts 0.052 (3.21)
ride
Carpool, Bus,
Dial-a-ride
TNS: Carpool,
Carpool, Bus; TNS 0.83 (3.25);
Job seeker Bus 1.23 (4.52) Carpool 0.79 (2.89) MiCounts: MiCounts 0.035 (2.07)
Carpool
. Carpool, TNS: Carpool,
Low education Walk 1.41 (2.82) - Walk 1.10 (2.65)
Carpool, Walk, Bus,
1 (nest) - - Bus 4.51(2.97) Dial-a-ride 1.45 (6.89)
Scale (MiCounts) - - - - MiCounts 26.6
N 850 2916 3766
Rho-bar-squared 0.35 0.731 0.653
LL(0) -1128.78 -4405.79 -5534.57
LL(B) -721.98 -1172.99 -1897.64
VOT ($/hour) $9.15 - -
Low Income Drive,
VOT ($/hour) B Carpool $26.55 $6.92
Higher Income
VOT ($/hour) $12.26 $18.31

Table 9 presents the estimation results for the full mode choice models for each of the three
datasets: the Travel Needs (TNS) model, the MiCounts model (restricted to Benton Harbor
adults), and the Joint model, which is estimated using both datasets. Unlike the attributes-only
subgroup models, the full models include demographic and trip characteristics to examine more
heterogeneity across groups, improve statistical fit, and explore how these vary across the data
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samples. These models are developed to reflect the utility and nesting structures that provide the
best balance of statistical fit and behavioral interpretability for each dataset. As with the
subgroup models, the full models are compared using values-of-time (VOT) rather than direct
comparisons of the model parameters, given that each dataset has a different scale.

The TNS model is a multinomial logit (MNL) model that follows a similar structure as
the TNS subgroup models, with separate SP constants for dial-a-ride, bus and walk. The travel
time and cost parameters are identified as generic across groups, and we find notable
heterogeneity across gender, employment status and education level. In particular, women are
more likely to drive, take the bus, or use dial-a-ride, while unemployed travelers searching for a
job are more likely to carpool or take the bus. Travelers with less education are more likely to
carpool or walk. The resulting parameter estimates here imply an overall VOT of $9.15 per hour.

The MiCounts model is a nested logit model, where carpool and bus share a nest (n =
4.51). This suggests that the two modes share unobserved characteristics, such as relying on
someone else to drive, and are closer substitutes for one another than for driving alone, dial-a-
ride or walking. Consistent with the MiCounts subgroup models, travel cost is specified as
income specific, though the low-income cost parameter is identified for the drive and carpool
modes only.

The travel behaviors of MiCounts travelers vary in terms of preferences among
commuters, women, and unemployed job seekers. Commuters are more likely to travel by
driving and walking, women prefer carpool, bus, or dial-a-ride, and unemployed job seekers are
more likely to carpool. The low-income MiCounts travelers show virtually no significant
sensitivity to transit fares. As a result, the low-income VOT ($26.55 per hour) reflects
automobile travel only. Interestingly, the higher-income VOT is $12.26 per hour. It is important
to note that the low-income VOT is larger than the higher-income VOT, which runs counter to
expectations; however, they are not directly comparable, given that low income VOT reflects
their behavior for auto modes, whereas the higher-income VOT reflects their behavior (cost
sensitivity) across all modes. This further reflects the limited ability of the MiCounts data to
capture the cost sensitivity of low-income travelers.

Table 10. Likelihood Ratio Tests: Separate vs. Pooled parameters

LL LL . .. Degrees of
Parameters tested (separate)  (pooled) LR statistic freedom p-value
Women (drive, carpool, | 00, se 190513 21.1 4 0.0003
bus, dial-a-ride)
Job seeker (carpool) -1895.94 -1900.85 9.82 1 0.0017
Women and job seeker [ 003 40 190811 2927 5 <0.0001
(jointly)

Note: LL = log-likelihood. Each test compares a version of the final Joint model with dataset-
specific parameters to one with the parameters pooled across the two datasets. Because the
parameters for women are specified for drive, carpool, bus and dial-a-ride in both datasets in the
test models, the log-likelihoods differ slightly from that of the Joint model reported in Table 9.

The Joint model combines both datasets, with a scale parameter estimated for the
MiCounts data (26.6). The large MiCounts scale indicates that the MiCounts choices reflect
considerably less unexplained variation than the TNS (RP and SP) choices. The Joint model
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includes dataset-specific constants and demographic parameters, a jointly estimated travel time
parameter, income-specific cost parameters, and a car-free nest for walk, bus and dial-a-ride (pn =
1.45).

Regarding travel costs, the low-income cost parameter is identified from the TNS data
only, while the higher-income cost parameter is jointly estimated across both datasets. The
implied VOTs are $6.92 per hour for low-income travelers and $18.31 per hour for higher-
income travelers. In this way, the Joint model draws on the strengths of each dataset: the TNS
data identifies low-income cost sensitivity, while the larger MiCounts sample strengthens the
identification of higher-income cost sensitivity.

Mode choice preferences also vary by traveler and trip characteristics. Both the TNS- and
MiCounts-specific parameters for women indicate that they are more likely to use bus and dial-a-
ride, and less likely to walk, relative to men. However, in the TNS women are also more likely to
drive (relative to carpool and walk), and MiCounts women are more likely to carpool (relative to
driving alone and walk). Job seekers (unemployed and looking for work) are more likely to
carpool in both models, yet in the TNS model, job seekers also have a preference for bus. These
behavioral differences for women and job seekers (for the TNS and MiCounts samples) are
confirmed by using likelihood ratio tests to determine whether pooled parameters (across data
samples) in the joint model offer greater explanatory power, compared to the data-specific
parameters. As shown in Table 10, we reject the null hypothesis that these parameters are equal
across the two datasets, indicating that the parameters for women and job seekers should be data
specific.

Similar to the subgroup model results, the full model results reinforce the presence of
heterogeneity in travel behavior that is data specific. The TNS and MiCounts models reflect
different travel preferences, both in how travelers trade off time and cost and in how traveler
characteristics describe their mode choices. The MiCounts model, despite its larger sample size
and better statistical fit, is unable to represent critical behaviors for low-income travelers, such as
cost sensitivity, while the TNS model, based on a sample targeting lower-income travelers,
provides a more reliable estimate of low-income travel behavior. By combining the targeted TNS
data with the MiCounts data, the Joint model produces parameters and VOT estimates that more
clearly reflect differences across income groups, with higher-income travelers valuing travel time
at roughly 2.6 times the rate of low-income travelers ($18.31 vs. $6.92 per hour).

4.3. Elasticities and Comparison of Model Sensitivities

Direct elasticities are useful because they reflect the percentage change in demand (the choice
probability) that results from a 1% increase in an attribute (Train, 2009). In this case, we
calculate elasticities of travel time and travel cost for the three models to compare the implied
sensitivities across the models. The standard formula for calculating direct elasticities for
multinomial logit models is given in formula (8):

EiCm- = BcCri(1 — Py) (8)

where Ej¢, ; is the elasticity of the probability of travel mode i with respect to cost attribute C for
individual n, . is the utility parameter for cost and P,,; is the probability of travel mode i for
individual n. For modes within a nest (the MiCounts and Joint models), the elasticity includes an

additional term reflecting substitution within the nest (Ben-Akiva & Lerman, 1985; Koppelman
& Bhat, 20006):
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Eic,, = BeCuil 1 =P+ (u—1(1 - Pni|m)] 9)

where u is the nest parameter and Py, is the probability of mode i given nest m (for modes
outside a nest, formula (9) reduces to formula (8)). Travel time elasticities are calculated in the
same way, using the travel time parameter S and travel time Ty,;.

Given the differences in scale and model structure between the TNS and MiCounts
models, it is necessary to adjust calculation of elasticities for consistency. Recall that each
model’s parameters are scaled by the variance of its unobserved utility. As a result, elasticities
calculated directly from the MiCounts model are inflated relative to those of the Travel Needs
model. To account for data-specific scale differences, we evaluate the model elasticities using
two scale adjusted approaches: (1) within-mode elasticity ratios, and (2) standard direct
elasticities rescaled, using the relative scale estimated from a joint (pooled) model (Swait &
Louviere, 1993; Louviere et al., 2000). Further, because the travel cost parameters are income
specific in the MiCounts and Joint models, all elasticities are summarized by income group, as
the mean of the individual elasticities over the observations for which the mode is available:

Nl

_ 1

Eic = ﬁlz Eic,; (10)
n=1

where N; is the number of observations in the income group for which mode i is available.
Travel Cost-to-Time Elasticity Ratios

The first scale-adjusted comparison (Table 11) is the ratio of the mean cost elasticity to the mean
travel time elasticity for the same mode, within each model:

Ri _ i _ Zn ﬁC CniAni (11)
Eqr  XnPBr TniAni
where Ap; = (1 —Ppy) + (U — 1)(1 — Pn”m) is the probability term shared by the cost and time
elasticities (with u = 1 for the Travel Needs model and for modes outside a nest). Since the scale
enters the numerator and denominator in the same way, it cancels out, and the ratio can be
calculated from each model’s estimated parameters. For an individual trip, the ratio reduces to

.BC Cni _ Cni

= 12
PrTni  VOT X Ty, (12)

where VOT = S/ is the value of time (in dollars per minute when travel time is measured in
minutes). The ratio is therefore the money cost of the trip divided by the dollar value of its travel
time.

32



Table 11. Ratio of cost elasticity to travel time elasticity, by mode

Model Income group Drive  Carpool Bus Dial-a-ride
All 2.65 0.60 0.29 0.59
Travel Needs Low income (<$45k) 2.67 0.60 0.29 0.60
Higher income ($45k+) 2.43 0.60 0.26 0.52
All 0.62 0.20 0.09 0.12
MiCounts Low income (<$50k) 0.51 0.20 - -
Higher income ($50k—$100k) 1.11 0.44 0.27 0.39
$100k+ or missing — — — -
N Low income (<$45k) 3.54 0.79 0.39 0.81
Joint: TNS Higher income ($45k+) 122 030 0.3 0.27
Low income (<$50k) - - - -
Joint: MiCounts Higher income ($50k—$100k) 0.74 0.30 0.20 0.26
$100k+ or missing — — — —
Notes: Walk has no cost. “—" indicates that the group has no cost parameter for that mode: the

MiCounts low-income cost parameter applies to drive and carpool only, there is no cost
parameter for MiCounts households earning $100,000 or more, and in the Joint model, the low-
income cost parameter is identified from the TNS data only.

A ratio of 1 indicates that the money cost and the monetized travel time carry equal weight in the
trip’s generalized cost, while a ratio above 1 indicates that cost dominates, so that a 10% increase
in cost reduces the mode’s demand more than a 10% increase in travel time. A ratio below 1
indicates that travel time dominates.

The cost-to-time ratios in Table 11 show that TNS travelers respond more strongly to
travel costs relative to travel times than MiCounts travelers, for every mode. For example, the
Travel Needs ratio for driving is 2.65, compared with 0.62 for MiCounts travelers (1.11 for the
MiCounts higher-income group), and the Travel Needs ratios for bus (0.29) and dial-a-ride (0.59)
are roughly two to five times those of the MiCounts model. In the Joint model, the ratios for TNS
low-income travelers (0.39 to 3.54) are about three times those of higher-income travelers in
either dataset, consistent with the lower values of time for low-income travelers.

Scale-Adjusted Elasticities

The second scale-adjusted comparison (Table 12) calculates the MiCounts elasticities with all
MiCounts utility parameters divided by the relative MiCounts scale estimated in the Joint model
(1 = 26.6), so that the MiCounts and Travel Needs elasticities reflect the same amount of
unexplained variation:

Ei, = %Cni[(l —Py) + (u—1)(1 = Py | (13)

where P,; and Isn”m are the choice probabilities calculated with the rescaled utilities (V,,; /1), and

u is unchanged. For the Joint model, the MiCounts observations are calculated with the Joint
model parameters without the MiCounts scale ( 4 is set to 1), which places them on the TNS
scale. The TNS and Joint (TNS) elasticities are calculated with formulas (8) and (9), since they
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are already on the TNS scale. The scale-adjusted elasticities are then averaged by income group
using formula (10).
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Table 12. Scale-normalized elasticities (MiCounts parameters on the TNS scale)

Model Income group N Time: Time: Time: gil:ll_:_ Time: Cost: Cost: Cost: D(ij;)ls-tzi-
Drive Carpool Bus . Walk Drive Carpool Bus .
ride ride
Travel ‘ All 850 | —0.024 -0.047 —0.136 —0.118 —1.031 | —0.065 —0.028 —0.039 —-0.069
Needs Low income (<$45k) 758 | —0.024 —0.045 —0.134 -0.117 -1.021 | —0.065 -0.027 —0.039 —0.070
Higher income ($45k+) 67 -0.026 —0.064 —-0.157 —0.132 —-1.063 | —0.064 —0.038 —0.040 —0.069
All 2916 | —0.017 -0.059 -0.128 —0.050 —0.159 | —0.009 —0.012 -0.011 —0.006

Low income (<$50k) 1,105 | —0.016 —0.051 —-0.116 —0.043 —0.145 | —0.008 —0.010 - -
MiCounts Higher income ($50k- 836 | —0.019 —0.064 -0.138 -0.055 —0.171 | —0.021 —0.029 —0.038 —0.022

$100Kk)
$100k+ or missing 975 | —-0.018 —0.062 —0.132 —0.053 —0.165 — — — —
Joint: TNS Low iqcome (<$45k) 758 | —0.018 -0.033 —0.136 —0.099 —1.055 | —0.063 —0.026 —0.052 —0.080
Higher income ($45k+) 67 -0.017 —0.048 -0.160 —0.113 -1.105 | —0.021 -0.014 —0.020 —0.030
Low income (<$50k) 1,105 | —0.018 -0.017 —0.052 -0.068 —0.237 — — — —
Joint: Higher income ($50k—
MiCounts & $100K) ( 836 | —0.021 -0.022 —0.061 -0.088 —0.280 | —0.016 —0.006 —0.011 —0.023

$100k+ or missing 975 | —0.020 —0.021 —0.058 —0.086 —0.269 — — — —

Note: Mean of individual elasticities over observations for which the mode is available, formulas (10) and (13). MiCounts elasticities are calculated
with the MiCounts utility parameters divided by the MiCounts scale estimated in the Joint model (26.6); Joint (MiCounts) elasticities are calculated
without the MiCounts scale. Travel Needs and Joint (TNS) elasticities are unadjusted, since they are on the TNS scale. Walk has no cost. The Travel
Needs model has a single (generic) cost parameter; its income groups exclude 25 observations with missing income. “— indicates that the group has
no cost parameter for that mode (see Table 11 note).
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Regarding the scale-adjusted travel time elasticities (Table 12), all three models exhibit higher
sensitivity to walk and transit travel times, relative to auto modes (drive and carpool), which is
expected (Wardman, 2004). While the MiCounts time elasticities are similar to the Travel Needs
elasticities for drive, carpool and bus (-0.13 vs. -0.14 for bus), the elasticities are considerably
smaller for dial-a-ride (-0.05 vs. -0.12) and walk (-0.16 vs. -1.03), relative to the TNS model.
These patterns are similar for low- and higher-income travelers within each model. The Joint
model produces time elasticities for the TNS sample that are close to those of the Travel Needs
model, while the elasticities for the MiCounts sample are smaller than those for the TNS sample
for every mode except driving, particularly for walking (-0.24 to -0.28 vs. -1.06 to -1.11).

Regarding travel cost elasticities, the Travel Needs travelers are relatively more elastic to
increases in drive and dial-a-ride costs, relative to carpool and bus. While the elasticities are
small (for example, a 1% increase in the bus fare would decrease the bus choice probability of
Travel Needs travelers by only about 0.04%), the MiCounts cost elasticities are considerably
smaller. Low-income travelers in the MiCounts sample are approximately 8 times less elastic to
drive costs, while higher-income MiCounts travelers are 3 times less elastic, compared to TNS
travelers. Cost elasticities for bus and dial-a-ride are not available, given that no significant low-
income transit cost parameter was identified in the MiCounts model. In the Joint model, TNS
low-income travelers have cost elasticities comparable to the Travel Needs model (-0.03 to -
0.08), and roughly three times larger than those of TNS higher-income travelers (-0.01 to -0.03)
and MiCounts higher-income travelers (-0.006 to -0.023). It is important to note, however, that
the Joint model does not identify a cost parameter for MiCounts low-income travelers, given that
the low-income cost parameter is identified from the TNS data only.

Summary of Results on Elasticities

Overall, the scale-adjusted elasticity comparisons suggest that TNS travelers are at least as
sensitive to travel time, and more sensitive to travel cost, than MiCounts travelers. This implies
that the MiCounts model alone would not capture low-income and transit sensitivities well. In
absence of jointly estimating with TNS data, travel models based on standard data collection
practices (like the MiCounts data) may understate how strongly travelers, and low-income
travelers in particular, respond to transportation changes.

5. Implications for representativeness of vulnerable travelers in Mode Choice Models

This study integrated two complementary efforts: (1) the collection of a targeted travel survey
designed to capture the behaviors of vulnerable travelers who are less likely to participate in
conventional household travel surveys, and (2) the assessment of the technical benefits of jointly
estimating travel demand models using multiple datasets, to enrich the representation of travel
behaviors across subgroups. Together, these efforts were motivated by the goal of extending the
capacity of travel demand models to support meaningful equity analyses of regional
transportation plans.

The Travel Needs survey conducted in Benton Harbor, although a small sample, provided
valuable insights into the travel behaviors of vulnerable populations. The mixed-methods data
collection approach resulted in a final sample of 122 respondents and 850 revealed- and stated-
preference mode choices (239 reported trips and 611 stated-preference choice tasks), with much
higher shares of low-income households, zero-vehicle households, and individuals with high
school or technical certification education levels, compared to the adult Benton Harbor
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respondents of MDOT’s 2015 MiCounts survey. Importantly, comparisons of mode shares
between the two surveys suggest that the travel behaviors of groups often missing from
conventional surveys can differ significantly from those of similar groups that are recorded in
such surveys. Even among low-income MiCounts respondents, nearly 80% of trips were made
by driving alone and 3% by dial-a-ride, compared with 53% and 21% of the trips reported by
Travel Needs respondents. This raises important concerns about the adequacy of conventional
data collection methods for informing transportation equity outcomes.

To evaluate these issues in practice, we estimated a series of mode choice models using
(1) the Travel Needs survey (2017-2019), (2) the MiCounts survey (2015), and (3) a joint model
estimated from both datasets. This approach reflects a rare demonstration of the core—satellite
data fusion framework for multi-sample model estimation (Goulias et al., 2013; Li et al., 2025).
We compared the results of these models with respect to heterogeneity across income-based and
education-based subgroups, as well as for the full models that include a range of traveler and trip
characteristics. The results highlight clear differences in mode choice preferences. The MiCounts
data could not identify a significant cost sensitivity for low-income travelers in either the
subgroup or the full models, and the resulting low-income value of time in the full MiCounts
model ($26.55/hour, for auto modes only) was larger than the higher-income value of time
($12.26/hour). In contrast, the Travel Needs model, based on a sample targeting lower-income
travelers, identified a significant cost sensitivity, with a value of time of $9.15/hour. By
combining the two datasets, the Joint model identified low-income cost sensitivity from the
Travel Needs data and higher-income cost sensitivity from both datasets, resulting in values of
time of $6.92/hour for low-income travelers and $18.3 1/hour for higher-income travelers.
Likelihood ratio tests also rejected pooling the low-income cost, women, and job seeker
parameters across the two datasets, indicating that the preferences of these groups differ
significantly across the two samples. The nesting structures also varied, with carpool and bus
sharing a nest in the MiCounts model and walk, bus and dial-a-ride forming a car-free nest in the
Joint model, suggesting that certain modes play distinctly different roles across traveler groups.

An analysis of the model elasticities further showed that, in the absence of the targeted
sample of Travel Needs respondents, a model estimated on the MiCounts survey alone may
understate travelers’ responses to transportation changes. Once differences in scale are taken into
account, Travel Needs respondents weigh travel costs more heavily relative to travel times than
MiCounts respondents for every mode and are more sensitive to travel costs and to dial-a-ride
and walk travel times. Moreover, the MiCounts model provides no estimate of how low-income
travelers respond to transit and dial-a-ride fares. These findings suggest that the
underrepresentation of vulnerable travelers in survey data can produce models that
mischaracterize behavioral responses, potentially constraining or skewing equity assessments of
transportation plans and misguiding investment decisions.

While further research is needed to assess the broader policy implications of travel
demand models with improved representation of vulnerable communities, this study underscores
the value of targeted data collection and data fusion methods for advancing equity-focused
transportation planning. Building models on datasets that more accurately reflect the travel
behaviors of vulnerable populations offers the potential to produce more reliable forecasts and
estimates of equity-related transportation outcomes.
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S5.1.Implications for Equity Analysis and Planning Practice

The results from this study imply critical ramifications for equity analysis. This is
because the measures of transportation equity outcomes often rely on transportation attributes
such as travel times and costs. Further, utility-based accessibility and consumer surplus measures
are computed from similar choice utilities and parameters as estimated in this study (Bills &
Walker, 2017; Bills, 2024). Models that underrepresent vulnerable travelers and understate their
cost and time sensitivities may conclude that a fare change has negligible equity impacts, when it
would in fact impose a meaningful burden on the travelers, which equity analyses are intended to
detect. Similar concerns apply to the evaluation of transit service changes and to accessibility
and consumer surplus (logsum) measures, which inherit any misrepresentation of the time and
cost sensitivities of vulnerable travelers from the models used to calculate them. Importantly,
decisions may be wrongly guided to make transportation changes inconsistent with critical
transportation needs — or worse — invest in transportation projects that cause more harm to
already vulnerable communities.

For this reason, it is recommended that transportation agencies consider the use of data
collection techniques that specifically target the collection of underrepresented subgroups, as a
supplemental data source. The approach can be integrated into regional modeling practice with
modest changes to existing workflows. As agencies periodically conduct household travel
surveys to update their models, a targeted satellite survey can be fielded alongside the core
survey, focusing on groups found to be underrepresented when the core survey is compared with
census benchmarks (as in Tables 4 and 5).

5.2.Limitations and Future Research

Several limitations of this work should be noted. First, while the Travel Needs Survey
offers important information on the travel behaviors of underrepresented subgroups, it is
certainly desirable to have a larger sample size, as smaller samples can limit the precision of
model estimates and the number of subgroup effects that can be identified. In this case, the 122
respondents to the Travel Needs survey and their combined 850 RP and SP choices were
adequate for estimating the main time, cost and demographic effects that were targeted in the
sample. Yet, the sample size is admittedly too small for further subgroup segmentation or
offering precise population estimates on its own. Second, most of the Travel Needs observations
are stated preference choices, which may be subject to a degree of hypothetical bias, although
they are anchored to revealed choices through SP-specific constants. Third, the level-of-service
attributes of revealed preference trips were constructed from trip distances and average mode
speeds and costs rather than from network skims, which can introduce a degree of measurement
error, making the time and cost attributes less precise. Fourth, the MiCounts survey does not
include race or ethnicity, preventing comparisons along this important dimension that is often a
focus of transportation equity analyses in the United States. Finally, Benton Harbor is a small
city with a distinctive socioeconomic profile and transit system, and the magnitude of the
differences found here may not generalize to other regions. However, the underlying mechanism,
in which conventional surveys under-sample the travelers who face the greatest mobility
constraints, has been documented across many U.S. household travel surveys (Lubitow et al.,
2021; Esekhaigbe et al., 2026), suggesting that the approach is expected to have relevance
elsewhere. Future research should test the approach in larger regions and with larger satellite
samples, examine how satellite samples can best be designed and integrated with core survey
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samples, and evaluate how improved representation changes the equity conclusions drawn from
complete travel demand model systems.
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