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EXECUTIVE SUMMARY

North Carolina faces increasing pressure to identify sustainable transportation funding mechanisms as
motor fuel tax revenues decline with the growth of feféicient and zeremission vehicles. Mileage

Based User Fees (MBUF), also referred to as VeMdles Traveled taxes or road user charges, have
been widely studied as a promising alternative. Nationally and within North Carolina, pilot programs
demonstrate that modest rdiet.5 to 1.8 cents per mecan generate revenue equivalent to the current
gastax, while rates in the range of 2 to 4 cents per mile could meet projectetongpfrastructure

needs. Despite these advantages, challenges remain in assesstagranehavioral impacts, fairness
considerations, and public acceptance. This stuspyorels to those gaps by systematically examining the
impacts of MBUF using statewide planning models, discrete choice modeling, and behavioral surveys.

A comprehensive review of the literature highlighted three themes. First, MBUF provides stable revenues
independent of fuel consumption and can be adapted to support dynamic ordpeilitfyc pricing.

Second, unresolved concerns persist around priyadby}ic buyin, and fairness, particularly for rural

residents and lovincome groups. Third, pilot programs in multiple stdtésn c | udi ng Nor t h Car
participation in Eastern Transportation Coalition studliseow that public perception improves over

time when transparency and context are emphasized. Beyondeshogilots, however, there is limited
understanding of how MBUF may influence letggm travel patterns, congestion, and modal choices.

This report advances that understanding by embedding ibehava | modeling into North
statewide planning context.

To address these gaps, the research team designed and implemented the Survey to Understand the Impact
of MBUF on Travelers6 Choices. Conducted in April
which 881 were complete and valid for analysis. The suceenbined revealed preference (RP)

guestions on demographics, household, and travel behavior with stated preference (SP) scenarios
incorporating cost, time, and service attributes. Seven modes were included: drive alone, carpool, park

and ride, Uber/Lyftaxi, bike, walk, and transit. A{efficient experimental design was used to generate

six SP scenarios per respondent, capturing tradeoffs under fuel taxes, MBUF rates, and combined pricing
structures.

Descriptive statistics showed that the sampl e was
with respondents distributed across income, education, and geography. Cost was the main factor in travel
decisions, with time and convenience also plagimgle. Most respondents relied on personal vehicles,

with 62% driving al most every day and 93% holding
showed little concern about whether costs came from fuel taxes or MBUF, provided total trip costs

remaingl modest. Agreement with MBUF adoption was higher when cost differentials were small,

showing that clear communication about costs matters.

The joint RR SP mode choice models showed wide differences in how people reacted to MBUF rates.
Higher MBUF rates reduced the likelihood of driving alone, carpooling, or usinggpatide, with full-

time workers especially sensitive for work trips andistts more sensitive for recreational trips.

Younger individuals were more responsive than older adults, while higher parking fees, tolls, and transit
fares reduced the attractiveness of both motorized and shared modes. These findings confirm that mode
choice under MBUF is shaped by both sedemographics and trip purpose.

Route choice was also analyzed using machine learning (CatBoost) and regression models. The CatBoost
classifier achieved 87% accuracy, with SHAP analysis identifying toll usage frequency as the strongest
predictor, followed by age, departure time, and meoOlder adults were less likely to choose kight



roads, while early commuters often were willing to choose-bagt routes to save time. When total cost
wasshown clearly, many users switched to cheaper routes, suggesting that transparency in cost
presentation is more influential than the-pele rate itself.

To scale these insights for the state, a synthetic population framework was developed by fusing Public
Use Microdata Sample soettemographics with National Household Travel Survey behavioral data using
Bayesian networks and-Kearest Neighbors. Predictiveodels extended survey findings across all 76
PUMAs in North Carolina. In parallel, the statewide NCSTM TransCAD model was adapted to represent
MBUF as linklevel tolls ranging from $0.05 to $2.00 per mile, with the upper bound set deliberately high
to cgture variations in impacts even at rates well beyond practical implementation. Results showed that
Total System Travel Time increased only slightly, even with very high rates, with variability across time
periods largely driven by rerouting effects. Thigygests that at the network level, MBUF is unlikely to
produce significant shifts in route choice or congestion outcomes under rearited scenarios.

This study offers four key policy insights for North Carolina and other states considering MBUF. First, a
simple, revenuaeutral pemmile fee remains the most practical and publicly acceptable replacement for
the fuel tax. Complex differential rate struits add administrative burden without delivering substantial
behavioral or congestiemanagement benefits. Second, transparency in costs is the primary determinant
of traveler behavioral responses: clearly communicatingevigl costs and maintaining Iplic education

and pilot programs will be essential for leteym acceptance. Third, behavioral differences, especially by
age group, highlight the value of targeted outreach, such as educating younger drivers on howsmall per
mile costs accumulate ovenig. Finally, effective longerm planning must integrate MBUF within

broader models that account for population growth,-laselchange, and technological adoption.
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Chapter 1. Introduction
1.1 Background

Transportation funding has become increasingly difficult to sustain as North Carbkaanany other

states faces shrinking motor fuel tax revenues (McCaleb et al., 2021). The increased adoption of fuel
efficient vehicles and zeremission vehicles (ZEV$)as accelerated this trend, creating a gap between
available revenues and the growing costs of maintaining and improving roadway infrastructure. At the
same time, the maintenance needs of aging infrastructure and the demand for new projects hawé continue
to grow, creating a substantial funding gap (Roumboutsos et al., 2017). While most other developed or
developing nations use general funds for transportation investments, the United States (US) uniquely
funds transportation infrastructure primarily thgbuhe fuel tax (also referred to as gasoline or gas tax)
(The Eno Center for Transportation, 2014). In the US, the pivotal Interstate Highway Act of 1956
cemented this shift to fuel taxes by creating a dedicated highway trust fund (HTF), ensuringtthat gas
revenues were used solely for transportation. While other sources of funds like truck excise taxes and
truck tire tax support the HTF, fuel tax comprises 90% of its current funding. However, fuel taxes, while
an invisibl e c osarekhowntabetegressive nd dispreporbionadety burden-Hower
income households and rural residents who often drive longer distances. The transition from fuel tax
funding has led to arguments favoring charging travelers based on the distance thesthrawtian the
amount of fuel they consume (Hensher and Mulley, 2014; The Eno Center for Transportation, 2014).

Mileagebased user fees (MBUF), also referred to as vehicle miles traveled (VMT) taxes or road user
charges (RUC), have emerged as one of the most widely studied alternatives. Pilot programs across the
United States, including those in North Carolina tigiothe Eastern Transportation Coalition, have

shown that even modest pmile rates can generate revenues comparable to current fuel tax collections
while offering a fairer distribution of costs among travelers with different vehicle types.

At the same time, the literature highlights several unresolved issues that extend beyetednshort

revenue replacement. Concerns about fairness, public acceptance, privacy, and technology
implementation persist, and there is limited understanding of hBWPAwould shape lonterm travel

behavior and congestion patterns. Particularly for statewide planning, there remains a need to integrate
behavioral responses, distributional impacts, and emerging technology considerations into models capable
of evaluatingfuture scenarios. This project responds to that gap by systematically adapting statewide

travel demand tools to assess the feasibility and impacts of MBUF in North Carolina, providing evidence
that can inform both ongoing pilot programs and future pal@gisions.

1.2 Research Objectiveand Scope

This projectds g o arangeywdasning noodels oged irmNorgh Cardliea td assasg the
feasibility and impacts of MBUF as an alternative revenue source. The research objectives included (a)
conducting a stated preference survey for estimgatiodel parameters associated with MBUFs, (b)
developing a methodology for explicitly incorporating MBUF in the lbegn planning process, and (c)
guantifying the impacts of MBUF under different implementation scenarios. Tied to these objectives, the
certral research questions guiding the study were: (1) how will MBUF pricing influence travel behavior
and route choice at the individual and system levels; (2) what are the distributional impacts of MBUF
across different traveler groups, vehicle types, aapphies; and (3) how can statewide planning

models be adapted to incorporate MBUF in a way that is both methodologically rigorous and practical for
policy use?

1.3 Research Approach

To answer these questions, we structured the project around five interrelated tasks: synthesizing the
literature and stakeholder perspectives, conducting a stated preference survey, developing and estimating
discrete choice models, quantifying systlawelimpacts under alternative scenarios, and synthesizing

1
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policy guidance. The following sections summarize the work completed under these tasks and the key
findings that emerged.

1.4 Report Organization

The remainder of this report is organized as follows. Chapter 2 reviews the existing literature on MBUF
and related funding mechanisms. Chapter 3 presents the survey of North Carolina participants along with
descriptive statistics. Chapters 4 and 5 devalapestimate the mode and route choice models used to
assess the loAgrm impacts of MBUF on individual travel behavior. Chapter 6 extends these models to
the statewide scale, and Chapter 7 concludes with a synthesis of findings and accompanying policy
recommendations.

2
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Chapter 2. Literature Review

Portions of this chapter were previously published in Transportation Research Record (Tasnia et al.,
2025) and are reused here with permission

Tasnia, R., Pandey, V., Hridoy, D. N., & Hasnine, M. S. (2025). Review of MBzage User
Fees for Sustainable Transportation Funding: Challenges, Opportunities, and Research
Gaps.Transportation Research Record, 03611981251352761.

2.1 Introduction

Restructuring North Carolinaé6s transportation fun
state since NCDOT has faced revenue shortfalls and there is a constant requirement for funding for
maintenance and improvement of transportation stfuature (ASCE, 2021; TRIP, 2020). North
Carolinads motor fuel tax has been marked unsust a
yield sufficient revenue and its usefulness is expected to fall with the increasing penetration of fuel

efficient tucks and light vehicles. Bert et al. (2020) in their report analyzing sustainable and diversified
revenue streams for the state identified milelagged user fee (MBUF) as a viable alternative for motor

fuel taxes.

MBUF, also referred to as vehicle miles traveled (VMT) tax or road user charge (RUC), charges a
traveler a fixed or variable rate per mile traveled on the road. In the ongoing MBUF pilot program, a rate
of 1.71 cents per mile is shown to generate reveratehimg the current motor fuel tax in the state of

North Carolina. NC Future Investment Resources for SustaiiadfsportatiofFIRST) Commission

(2021), in its recent report to the Secretary of Transportation, has also advised the State to adopt a
permanent MBUF to fully replace the Motor Fuels Tax by 2030. In addition to the sustainable financing
benefits, MBUF has shown the potential to address inequities posed by fuel taxes by distributing the
infrastructure maintenance costs fairly across travetedgffierent geographical areas who own vehicles
with varying fuel efficiencies (EBP US, Inc., 2020). While the different implementations of MBUF are
being practically investigated through pilot programs and through an evaluation of public perception
towards these fees (McCaleb et al., 2021), there is a need for systematic evaluatioat@frfoimypacts

of MBUF rates incorporating behavioral changes, differential impacts across population groups, and
emerging technologies. The focus of this research prigj¢atimprove the longange transportation

planning models for a comprehensive feasibility analysis of MBUFs as an alternative revenue source for
the state of North Carolina.

While the field of MBUF is actively being explored, several recent reviews have provided a detailed dive
into the topic. Table 2.1 shows a summary of other relevant reviews on this subject. This chapter
highlights from these survey articles and build ug@nfindings from such surveys, integrating them with
other recent literature and discoveries.

The rest of the chapter is organized as follows. Section 2.2 defines MBUF and investigates its
comparative performance against the gas tax in terms of performance and efficiency. It explores various
MBUF implementations, discussing the rates charged andgarating insights from recent national and
statewide reports. Section 2.3 reviews the potential criteria for evaluating MBUFs, covering policy,
fairness, administrative, operational, and planning issues, investigating fairness impacts in detail, and
exanining differential effects across various groups. Section 2.4 adopts a modeling perspective,
addressing the necessary components for a detailed assessment of MBUF impacts. This includes the type
of data required and the behavioral models essential forestaduations. Section 2.5 presents lessons
learned from recent MBUF pilot programs conducted in different regions. Finally, Section 2.6 provides a
comprehensive summary of lessons learned, identifies research gaps, and outlines potential approaches
for future investigations.
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Table2.1: Other Recent Reviews for MBUF

Citation Citation Highlights
Aloisi etal. (2023 Reviewsthetradeoffsin replacinggastaxwith otherfees(suchasMBUF).
Shrodestal. (2023 Reviewsthefeasibilityof a_na_tionallevelpilotprogram‘pr MBUF _
alongwith othercharacteristiceelevantor alarge scalemplementation.
Analyzesrural equityandcostconcerngor MBUF in Vermont,
NelsonandRowangould2023 | offersdatadriveninsightsinto how MBUF impactsruralareasand
addresseassociategquityandcostissues.
Reviewsgheregressivaaturef MBUF andgasolingeesusingan

Glaeseetal. (2023 economia@nalysisarguinghigherburderfor topincomeandexpenditure
deciles.
Studieghefeasibility andimplicationsof implementingaVehicleMiles
Sjoquist(2023 TraveledVMT) taxfor fundingtransportation in California.

Reviewsand conducts economic analy$asidentifying
differentialratesandsurchargefor variousMBUF implementations.
Presentsiliteraturereviewof mileagebasedoaduserfees,
Thapaetal. (2020 exploringexistingknowledgeandresearclin thisarea.

Examinegheoptionof implementingafederaMBUF oncommercial
trucksto addresgmbalancesn theHighwayTrustFund, covering

SarmienteandZhao(2021)

BeiderandAustin (2019) considerations such as tax base, rate structure, and implementation
methods.
Kirk andLevinson(2016) Examinesnileagebasedoaduserchargesndoffersinsightsinto the

currentnationalandinternationakffortsregardinghis funding mechanisi
Reviewsshortcomingpf gastaxandMBUF asareplacementor the stateof

Weatherford2012) Michigan
Evaluatesheequityaspect®f feesfor vehiclemilestraveledin Texas,
Larsenetal. (2012) examininghow differentchargingmechanismsnay impact various

population segments.

2.2 Review of MBUFA Preliminaries
2.2.1 What is MBUF?

According to the Federal Highway Administration (FHWA), the United States withessed 3.17 trillion
miles of road usage in 2022, concurrently moving 12.8 billion tons of freight, constituting a 65 percent
share of total freight movements (Federal Highway Audstration, 2022; Bureau of Transportation
Statistics, 2022). The high value of VMT has strained public infrastructure, and the deteriorating
conditions, as highlighted by ASCHEighlightthe need for funding solutions such as milebgsed taxes

to addres the $786 billion backlog (American Society of Civil Engineers, 2021).

MBUF falls within the category of road pricing designed to internalize the burden that a vehicle poses on
highway infrastructure into the costs paid by the road user. MBUF charges vehicles based on their
mileage rather than the gallons of gas bought. Umi¢or fuel taxation fueéfficient vehicles pay less

for using the highway, thus, MBUF is being investigated as a tool that ensures that vehicles pay their fair
share of using the highway infrastructure. Recognizing their potential, state officialsitiaved VMT-

fee pilot programs, with 14 states implementing them as of July 2023. Four of these pilots have
successfully transitioned into fefledged programs including Oregon (voluntary programs), Virginia
(voluntary programs), Hawaii (HI is a mandat@rogram affecting all EV drivers), and Utah (Shrode et

al., 2023) (voluntary programs), while the state of North Carolina is currently in the final stages of its
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pilot program as part of the Eastern Transportation Coalition. Table A.1 shows the varying terminologies
used to refer MBUF across the nation.

A report by Eastern Transportation Coalition (2021) has identified that pilot studies show promise of
MBUFs as an alternate funding mechanism with features such as sustainable revenue stream,
interoperability with current toll facilities, and benefits faral drivers. Current pilot studies and survey
analysis have identified that public perception towards MBUFs becomes more positive with time making
it a feasible option for the long term (Thapa et al., 2020). Figure 2.1 shows the status of ongoirig researc
pilots, and executed programs (beyond the pilot which have limited number of participants) across the
United States.

VMT Fee Status
by State

B (racted Program ©Optional)
B roe
I Poot iComing Scon)

State-Led Resowrch

W Potipated in Regional
Research

N SLate Wide Progress

Figure2.1: Map of State Research, Pilots, and Programs on MBUF (Shrode et al., 2023)

In addition to programs in the United States, nine EU nations, including Austria, Czechia, Germany, and
Switzerland, have implemented Road Usage Charging (RUC) programs, targeting mainly heavy goods
vehicles (HGVs). Another 11 EU countries are considesinglar schemes, employing dioard devices

for RUC administration (Malik, 2022).

2.2.2 MBUF vs Other Fees

Apart from ensuring fair charging for infrastructure impact, another motivation for utilizing MBUF is the
prevailing narrative surrounding the unsustainability of funds. Chapters 2 and 3 in Shrode et al. (2023)
provide an excellent overview of the histarfyfederal excise tax as a substitute for road usage and the
hi ghway trust fund, highlighting the political
revenues.

Glaeser et al. (2023) explore the impact of Pigouvian taxes and user fees, specifically focusing on the
distributional consequences of the gasoline tax, bus and light rail charges/flidtax. While these

policies effectively address environmental externalities and fund transportation infrastructure, there is a
concern about their potential burden on loweome households. The study finds that gas taxes have
become more regressive ovandi, partly due tenvironmentally orientetechnological advancesnts.
Replacing the gasoline tax with a houseHelEl VMT tax could disproportionately affect highecome
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households, especially those using hyafiectric and batterglectric vehicles. Thprogressive shift in

taxation would be more pronounced in the future if such vehicles become more common among wealthier
households. Additionally, an expanded commercial VMT tax could place a larger burden en lower

income households, as bettdf househalls consume more ndradable goods not requiring

transportation. User charges for airports, subways, and commuter rail are identified as progressive, while
bus fees pose significant financial challenge for lowarcome households.

Furthermore, Aloisi et al. (2023) offer different dimensions for comparing the types of fees that can be
considered as replacement for gas tax in the era of electric vehicles. It is argued that the effectiveness of
alternative methods to replace the gashiages on public and political acceptance. Viable options mirror
established revenue models tied to vehicle ownership (imposed abfsale or annually) and the gas

tax, occasionally supplemented by toll charges. These methods, focusing on owtrarspprtation

use, and vehicle impact on infrastructure, address occupancy impacts (traffic congestion, pavement wear)
and public health and safety impacts (vehicle weight and size externalities). Evaluating electric vehicle
use within this framework irolves assessing driving costs, miles driven, time, and traffic conditions. The
report employs a muklilimensional process to identify methods, revenue instruments, implementation
tools, and evaluates each fee structure based on performance metriccardgifigainst vehicular

mobility externalities (viz contributing to traffic congestion, pavement wear and tear, environmental
impacts, and degradation of infrastructure). Table 2.2 illustrates the comparison between gas tax and
MBUF along four dimension#\s observed, MBUF is found to be more stable and offers better
opportunities for fairness. The reader is referred to Tables 5, 6, and 7 in Aloisi et al. (2023) for a detailed
comparison with other fee structures such as standard tolling, fixed ande/éeebfor electric vehicle
ownership, electricity taxes for home or public charging, parking pricing, and irdpeszd fees.

Table2.2: Comparing benefits and tradeoffs between Gas Tax and MBUF (adapted from Aloisi et al.,

2023)
Performance GasTax MBUF
n It involvesusingtechnologyto track
Ease of n Paymentsnadebywholesalers andmanager e h i milbagestis may

based on predetermined calculatior|
of demand

administration need additional complicated backend
system (see Sectidh2.3.

g Needcuttingedgetechnologyto

Resistanceo

easy evasion

n Driverscannotavoidpaymenbf
the tax at the gas pump

guarante@recisemileagetracking,
whichcouldmakeevasion
harder but not impossible.

In thepre-EV era,thegastaxhas
been durable over time, albeit
historicallyvolatile duringan

n Stability depends on VMTs which
are reasonably stable over time.
Variability maybepresentn the

tSir:fl:"'ty OVer | economic slowdown or disruption. early stages, but as the system
X In the postEV era, the gas tax develops, stability should rise.
graduallydiminishesandeventually
reduces to zero.
ﬁ. The gadax Is inherenthand n Chargesanbemademoreequitableby
ighly regressiveHowever,most o : . :
Fairmness drivers accept the gas tax as a fair consideringrariabledike vehicletypeand

wayto chargeor theiruseof public

infrastructure.

distance traveled and basing charges o
actual vehicle usage.

n : strongor effective_

neutral,andX: low or ineffective.
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2.2.3 Technology Considerations for Implementing MBUF

State pilots lack a unanimous preference for a specific data collection method, offering multiple options,
up to five in some cases. These include manual odometer readings through inspections or online photo
submissions, smartphone reporting via apps witwithout GPS, OBBI plug-in devices with or without
GPS, and irvehicle telematics. Manual odometer readings involveeirson reporting or online photo
submissions, while smartphone reporting may or may not include GPS location informatiol. OBD

plug- in devices report miles traveled and other data without or with GR&hiole telematics utilizes
existing integrated vehicle systems for mileage reporting, including the option to specify the locations
traveled. Table A.2 summarizes the pros and obdifferent approaches.

In addition to these commonly used technologies, other methods have also been explored including the
fi p aaythepump" model. In Nevada, a transponder estimates mileage based on fuel efficiency and gas
purchased, transmitting data to the pump and cesffreé. Oregon tested similar GRfe versions due

to privacy concerns. However, it was found that coexisting a mileage charge with motor fuels tax at pay
atthe-pump systems may be complex administratively, requiring new federal collection pointd at reta
gas stations (Kirk and Levinson, 2016).

The Infrastructure Investment and Jobs Act itself outlines tools for VMT collection such ggattird

OoBD Il devices, smartphone apps, automaker tel emetr
vehicle data. It emphasizes the importance of steergay of seHreporting systems, like submitting

odometer readings annually during registration, to mitigate the high risk of evasion.

2.2.4 Differential Rate Implementation

Designing MBUF rates involves various considerations. Rufolo (2011) emphasizes how expensive it is to
collect mileage fees for road usage compared to fuel taxes. Paz et al. (2014) go into greater detail on this,
evaluating the fairness and efficacy of a VYNost in Nevada and concluding that the current gasoline tax
needs to be more equitable and effective than a 3.3 cent per mile fee. A maogindMT charge that
considers pollution, deteriorating infrastructure, and traffic congestion is somethizdpamaf et al.

(2013) and Zhang and Lu (2012) both suggest implementing. In Maryland, Zhang and Lu (2012) compute
the charge based on the marginal cost of travel and internalize several externalities; Zhang et al. (2013)
assesses explicitly the complete giaal cost of auto and truck traffic.

Building off the guidance in the literature, MBUF can be designed to have differential rates that vary with
different characteristics including the following:

9 Vary by vehicle typology (size & weight)
1 Vary by location

1 Vary by time

1 Vary by level of service (congestion level)

1 Vary by scope (limited corridors vs. system wide)

However, introducing variability in MileagBased User Fees (MBUF) raises two key concerns:
Andifficulty in explaining"” and the potential <crea
2022). Atiered rate structure based on vehicle fuelieffay may be challenging to communicate and

could be perceived as arbitrary, simplicity is crucial for public acceptance. Across different pilot

programs, it is recommended that the initial focus should be on a straightforward, flat mileage fee as an
altemative to the current fuel tax, building broad support. Over time, the technology can be adapted to

address specific needs and fairness concerns.

Similarly, a revenuaeutral approach can unintentionally penalize the mos#fiielent vehicles,

creating a policy paradox (fAunfairness" towards Vv
environment). The tiered rate system in the NationalK'Rilot (NewRoad Consulting, 2023) rewarded

less fuelefficient fleets and penalized more fiedficient ones. AlthoughMP® ased ti ered r at e
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penalize fuekfficient vehicles directly, they can lead to unintended winners and losers, potentially
impacting lowefincome households, rural drivers, and small truck fleets. Addressing significant flaws in
a tiered rate structure based on MPG is cruoiavoid penalizing specific vehicles in both passenger and
truck pilot programs.

In addressing the unique nature of trucks, the 2019 Congressional Budget Office report (Beider and
Austin, 2019) discussed three pivotal decisions for a vidbl& fee system: determining the tax base,
selecting implementation methods (excluding RFID readers due to cost constraints), and exploring an
effective rate structure. Despite the challenges in replacing truck excise taxes, the recommendation
emphasizes tesit various rate structures, including those based on gross vehicle weight rating, gross
regidered weight, and vehicle class, with a focus on simplicity and minimal reporting burden for the
trucking industry. Acknowledging the difficulty in full tax replacement, the suggestion is to simulate
revenueneutral rates, while states and regional camgiare encouraged to persist in piloting VMT fees
for commerci al vehicles. The TETC6s I nternational
model, using rates based on registered gross weight, providing guidance about the specific rads structur
and their coding for broader applicability.

Amidst academic literature, the consensus is less clear, for pricing variability does offer the potential to
address social inequities. Thapa et al. (2020) conducted a thorough literature assessment en mileage
based road user fees and highlighted the faresl more sustainable strategy. To overcome the
shortcomings of the current systems, Sana et al. (2010) suggests a transparent drasedgggradigm.

Both Selmoune et al. (2020) and Munir et al. (2021) stress the significance of road network pricing in
creating sustainable cities; Selmoune focuses on the elements impacting the acceptance of congestion
pricing, while Munir identifies important research themes particularly. Road pricing can have favorable
effects on transport and health fairness. Howdtiere may be specific disparities in the distribution of
benefits and liabilities, according to Hosford et al. (2021) deeper exploration of these topics. While in the
early stages of MBUF, more complex structures can meander away from the main pudogs fin
sustainable transportation revenue source (Shrode et al., 2023), more research needs to be dedicated to
creating effective tiered structures for MBUF that combine (a) simplicity, with (b) fair distribution of

costs and benefits of MBUF.

2.3 Investigating Impacts of MBUF
2.3.1 Fairness Impacts

Li ke any novel system with the potential to i mpac
the fairness of MBUF. Surface issues become apparent in how the impacts of this system can vary based

on factors such as geographical location, sociasitlerations, and individual transportation methods.

Therefore, it is crucial to scrutinize each issue and delve into the potential effects of its execution. This
approach allows us to gain insights into the challenges at hand and devise strategigateothatr

occurrence. This subsection reviews the identified fairness issues with MBUF implementation and ways it

can be improved through a dive into several recent and seminal literature on the differential impacts of

MBUF.

It is argued that MBUF systems can alleviate problems with gas tax revenue without improperly affecting
different income groups (Aloisi et al., 2023). Sana et al. (2010) examined the income generation and
social justice effects of a nationwide miledupesel user fee, which might partially or entirely replace the
current gas tax. Combining data from the 2001 National Household Travel Survey with established
elasticity values makes the calculation of changes in the vehicle fleet composition and mileshsaveled
time of day in response to pricing signals possible. These facts provide the foundation for estimating the
effects of a mileagbased user fee scheme. Small milebgsed levies, ranging from 0.5 to 1.3 cents per
mile, can provide income streams to glgment the current petrol tax revenue.

8
Improving Longrange Planning Models for Feasibility Analysis of Miledgesed User Fees as an Alternative Revenue Stream
Last updated ot2/05/2025 Venktesh Pandey



Rising electric vehicles, declining fuel tax, and stricter regulations demand innovative solutions,
highlighting the importance of the vehicle mileage fee were discussed in Zhang and Lu (2012). The
vehicle mileage fee emerges as a potent means to adddelssdge the funding gap in surface
transportation. This study internalizes costs such as traffic, pollution, greenhouse gas emissions, and
deteriorating infrastructure to determine the car mileage tax based on marginal travel costs using data
from the 2@9 National Household Travel Survey. Discrete choice and regression models were used to
explain the significangffectof car ownership, fuel economy, mileage driven, energy use, emissions, and
fairness. The proposed fee, accounting for all costs, ranges from 7.7 to 9.1 cents per mile, more than the
current fuel tax equivalent (about 1.2 cents per mile). Notably, houbsedloicle use is highly responsive

to the fee, resulting in a substantial (27.1%) reduction in miles traveled. The price drasticaigetecre
energy consumption and pollution or greenhouse gas emissions by around a fourth, but fuel efficiency
increases marginally (up to 4.2%). While loviecome households might face more significant

challenges (1.3%), the benefits, especially with risured prices, underscore the sustainability advantages
of the marginaktost vehicle mileage fee.

The report Nelson and Rowangould (2023) argues the necessity of looking into alternatives to the current
fuel excise tax, given the risks that higfficiency and alternative fuel vehicles pose to revenue

generation. By looking at statistics for more ti389,000 registered passenger cars, it primarily focuses

on substitutingamilecaggeas ed user fee for Vermontds shasad e f uel
user charge, Vermont households would pay an additional $23 annually on average, with lower tax

burdens for rural and loimcome households than their urban and highesme counterparts. In

addition, a $180 flat charge analysis showed more significant pricing variations, with most households
having to spend an additional $47 annually. The studyhesizes the equitable benefits of MBUF,

especially for lowincome and rural people, by eliminating cost concerns. Gaining support for this
strategy through public education initiatives 1is
misconceptions anduiids political support for mileagbased user fees, emphasizing the need for fair

charge arrangements.

Yang et al. (2020) bring an international perspective on road pricing and provides the first causal
assessment of the correlations between traffic density and speed, allowing for determining the best
congestion charges in Beijing. The study usessradetraffic data from Beijing to analyze the effects of
road pricing and congestion. Fees vary from 5 to 39 cents per kilometer, which indicates an 11% rise in
traffic velocity in the city center and an expected yearly welfare gain of ¥1.5 billion (retative t

current ¥10.5 billion), indicating an overall societal benefit of such taxation mechanisms. Some
limitations include reliance on observational data, possible confounding variables, restricted
generalizability (especially without considering multipker groups), and the presumption of constant
societal cost.

In another study by Yuan et al. (2021) the researchers used a range of data cleaning and analytical
techniques to estimate the annual expenses for car owners under MBUFs at varying rates, which

l everaged 119 million r ec oleidgspectibns.dmey diseonmered thdtfeea ni a 6 s
would be ¢2.4 to ¢3.2 per mile, the same as the current gasoline tax expenses. According to the study,
automobiles in urban areas consume 10% less fuel annually and tré®@¥d ewer miles annually than

the averge, raising possible equality concerns. The model used to assess VMT involved odometer

readings and webcraped fuel economy data. When moving to MBUFs, it is essential to consider

regional variances and equitable implications through nuanced approaches.

Similarly, Paz et al. (2014) evaluated the equity
lewwf or passenger cars. The influence of the fee on
considered while assessing the feebs effectivenes

ownership of fuekfficient automobiles were all considdria the equity study. The effects of various
VMT fees were calculated using the 2009 National Household Travel Survey data and a linear regression
model. A 3.3 cent per mile VMT cost was shown to be more efficient than the present fuel tax and a 2.91
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cent per mile VMT fee compared to the current fuel tax scheme. Its equitable distribution resulted in a
modest 0.37% average cost increase per household, making it a viable revenue source without
significantly burdening Nevada households.

Weatherford (2012) examined the distributional effects of using MBUF to tax vehicle kilometers traveled
(VMT). The study shows the impacts across demographic groups using probable quantitative
methodologies and econometric models. Econometric models, edgpthre connections between VMT,
demographics, and MBUF impacts, are frequently used in such assessments. Fairness considerations
guarantee an equitable allocation of the tax burden by addressing the fairness and the possible
progressiveness of MBUF.

The switch from a state vehicle fuel tax to a road user charge (RUC) with a flat rate of 2.52 cents per mile
is examined in Speroni et al. (2022). While the urban families suffer negligible cost increases across
income levels, rural households typicallgum slightly lower expenses due to driving longer distances in

less fuelefficient automobiles. They use data from five years ago here. The usage of a single RUC
structure, and the exclusion of zermission cars are some of the limitations. The poss#eftis and
drawbacks of MBUF as an addition to or replacement for fuel taxes are examined by Zupan et al. (2012).
The study finds essential but manageable problems related to MBUF deployment. MBUF might handle
the significant financial obstacles assodatewi t h New Yor k Stateds capital
The main problems here include the move away from fuel taxes, technological barriers, privacy issues,
driver fairness, and higher collection expenses. The study here offers valuable insighiisyioraikers

by highlighting the viability of MBUF while acknowledging the necessity to solve several
implementatiorrelated issues.

The research by Hasnat and Bardaka (2023)- evaluat
sharing for highway infrastructure. This shows that specific trucks underpay by 37% to 92%. On the other
hand, lightweight vehicles generate much more maomay their cost obligations. The influence of

proposed tax hikes, such as the motor fuel or vehicle sales tax, on enhancing revenue and cost parity

among vehicle classes is negligible. An emphasis on US tax laws and possible inefficiency in resolving
fairness concerns are among the limitations.

Discussing ways to reinvest MBUF revenue towards public good, Sjoquist (2023) shows how a VMT tax
might be used to pay for transit in Georgia. The study aims to evaluate the viability and ramifications of

i mposing a VMT Tax on m8iagoTogssesdtie effectsconasvplbTax, the i on f i
study uses guantitative analysis, combining information on travel trends, economic variables, and possible
tax arrangements. The study should highlight the advantages and disadvantages of enacting a VMT tax in
Georgia. Limitations include potential equality issues and the inherent difficulties of implementing a new

tax system. The study by Zhang et al. (2069¢stigatedistributional issues using a $0.012/mi flat

VMT tax. According to the results, the proposed f
significant over the long or short term. The stadncludeghat the future application of VMT fees

shoul dndédt be hampered by these distributional con
equi table i mpact of the $0.012/mi flat VMT cost sh
measures outcomes i ncl udi n-gollectiraageney sevenue, and overallo me r s 6

welfare changes across income and geographical gtoepsluate the distributional impact of the
proposed VMT fee policy withoytarticipantinterventions.

Yang et al. (2016) design and assess fair incbased mileage charges in Maryland. This research
providesinsights into the structure and efficacy of inceb@sed mileage fees with the conclusion that the
adoption of such fees has restrictions that may raise equality difficulties. Similarly, Larsen et al. (2012)
study econometric models, taking demographresiel habits, and income into account for evaluating
equity impacts of MBUF in the state of Texas. The feasibility and sensitivity of replacingshaxgwith

a mileagebased road usage charge (RUC) are also examined in Fitzroy and Schroeckenthaler (2018).
With the diverse structure of statewide vehicle fleets and home driving patterns in mind, the study
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attempts to evaluate the factors impacting the formation of charges. Researchers assessed several aspects
before concentrating on fuel type and efficiency. To stop income erosion, they suggested an annual
updated parameterized RUC. The article performspaoative studies with a flat RUC and the current

fuel excise tax, examining the distributional effect on households in urban, mixed, and rural areas, as well
as on various fuel kinds. Compared to an exbased gas tax, the results showed that urban holalse

paid more on average, whereas mixed and rural households paid less. By adjusting for fuel efficiency,
differences were lessened, highlighting the potential contribution of alternate fuels to future

advancements.

Ver mont 6s | egislative process regarding House Bil
enhancements and associated legal amendments, is progressing, with one final hurdle to clear. There is

i mpetus to i mprove t he ureandtegulatery envirecnmentpas evidentedliyn i nf
the measure, which is ready for adoption pending

getting the required support is noteworthy; the agency believes the bill will meet state transportation
objectives.

This legislative milestone shows that Vermont is committed to tackling transportation issues and
promoting sustainable mobility solutions. The state wants to update transportation programs while
ensuring that laws change to meet changing needs, ancidsrite do so using legislative tools. The
pending approval of House Bill 479 highlights (TrackB025 a collaborative effort between
stakeholders, legislators, and the public to establish practical transportation laws. The Department of
Transportation (DOT) is eager to receive the final legislative sifjremphasizing careful consideration

andstakehaler partici pation throughout the bill bés deve
the goals of legislation and the interests of stakeholders, encouraging the formation of consensus and
efficient government. H o u ¥eemoBXis b primeéexénplsof iown al i z at i

legislative processes are iterative. Policy outcomes are determined by constant cémsktisgsand
improvement. With the bill almost finished, interested parties should expect improved transportation
initiativesand egi sl ati ve structures complementing the st

In another related study, Munnich et al. (2012) employ a comprehensive methodology that integrates
gualitative and quantitative approachisingsurveys, interviews, and the examination of taxes and
transportation models to assess equity impacts. In comparison to fuel taxes, the findings highlight the
technical viability of MBUF implementation and suggest it as a potentially equitable and dstaina
funding source for transport infrastructure. It also offers better revenue stability and also less
environmetal impact. The paper tackles equity problems and suggests ways for a fair distribution of the
financial burden, although it also acknowledges limitations related to data and modeling assumptions. In
their exploration of equity aspects in the appraisaasfsport projects, Thomopoulos et al. (2009) offer a
methodology built on the Mukgriteria Analytic Hierarchy Process. The study emphasizes the renewed
interest in equity in transportation appraisal and presents a stakehiotdgsis paradigm that céelp
decisionmakers.

Jacobs (2022nvestigate®ther options for using mileag®msed user fees to pay for transport

infrastructure. Using quantitative analysis and policy evaluaigussibly with the aid of econometric

modelin@ theprocess most likely entails an extensive assessment. Information about the viability,

efficiency, and difficulties of various mileagmsed user fee schemes is included in the document. It is
unspecified, but maybe economic or transportation modeling imtddel that was utilized. Though they

aredt explicitly mentioned, possible restrictions ¢
political concerns, and ambiguities in forecasting user behavior. A thorough account of the conversations

and discoveries surrounding MBUF may also found Baker , Tayl or, and Steven
National Symposium on Mileag@ased User Fees. The papammarizes he symposi umbés pr e
and debates using a qualitative methodology, providing important insights on the benefits, difficulties,

and possible applications of MBUF (Baker et al., 2014).
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Finally, a study conducted by Douma et al. (2021) delves into how the transportation system serves the
driver that funds the benefits, offering a breakdown of horizontal and vertical equity. Through this
breakdown, we can systematically categorize taxesgaessive or progressive, determining their

efficacy. The study defines taxation based on the ability to pay as progressive, while other forms are
considered regressive. Examples of regressive taxes include motor fuel tax and wheelage tax. The study
useghe abilityto-pay and benefitreceived criteria to assess distabesed fees (DBF) equity.

Differences between rural and urban areas have an impact on DBF equity; potential detrimental effects on
low-income people, those with disabilities, and peogie depend on driving have been suggested.

Variable rates and subsidies are meant to meet equitable social, mode, and geographical considerations.
Shared mobility (SM) providers express apprehensions about increased operational costs and emphasize
the socital benefits of their services. At the same time, modal equity concerns revolve around the
potential hindrance to adopting electric vehicles. There are differences in geographic equity and
recommendations for changes such as congestion charging. Owaeadtibg DBF equity and various
socioeconomic and geographic characteristics is argued to be difficult requiring further research and
investigation.

Results for North Carolina

Primarily for the state of North Carolina, it has been found that the benefits of a reverited MBUF

rate are more prominent for rural and mixexk areas where travelers own fingfficient vehicles and

drive longerdistances anthus pay more under given fuel tax prices (see Figure 2.2). However, there is a
clear mismatch between the concerns about the unfairness of a rhibessgeuser fee to rural residents

and the reality that it would likely cost rural residents slightly feas the current gaax. Recent surveys
have found that the strongest argument against an MBUF is that it unfairly impacts rural residents
(despite the preliminary evidence in Figure 2.2) with 73% of respondents choosing this option (McCaleb
et al., 2021; DHM Research, 2020hese surveys have also found that (a) public support for increased
transportation taxes and fees was greatest among those with higher education levels, those living in urban
areas, and those who were more knowledgeable about how transportation isafushtfeat (b) offering

more context to the residents and making them aware about the state of transportation funding has a
significant impact on their willingness to support MBUF-.

Asheville

Jacksonville

7
L Wilmingt
Percent Change in Payments limington

B >5% Decrease [l >5% Increase

=== Primary Roads 1-5% Decrease 1-5% Increase
+/- 1% Change Not Analyzed

Figure2.2: Percent change in household payments under a reveuil MBUF (EBP US, Inc., 2020)

Summarizing the social and spatial equity under MBUF, it becomes evident that the main concern
revolves around modal equity as how it will be influenced under the transition to MBUF. With the wide
variety of cars along the market there is bound to beajiaticy between taxes paid out to the
government. The main concern is lighity cars vs trucks and doing taxation correctly. The argument
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that can be made is that trucks should have to pay more due to the impact their vehicles have on the
infrastructure. Douma et al. (2021) research explores the idea that ESAL should be used for-a vehicle
dependent surcharge due the impact vehicles havephiala pavement. A breakdown of rates structured
according to specific vehicle type is provided an
each category are assumed to have the same impact on the roadway system regardless of their actual
occupancy/load and vehicle class". Future research should investigate such tiered structures through
simulation or modeling approaches.

2.3.2 Privacy, policy, administrative, and planning issues related to MBUF

Technological costs and privacy concerns impact on public support for road mileage user fees have been
studied and identified across various pilot programs. Duncan et al. (2014) investigate the relationship
between privacy perceptions, technological castd,the support for mileage fees. Some of the key

findings are included below.

Georgia Privacy concerns arise in VMT tax systems collecting location and time data in Sjoquist (2023).
Over half of the survey participants expressed concern about sharing their vacation itinerary details. Some
suggest handling data collected by private comgsardather than the government. Notably, comparable

data is already tracked by popular systems l#&Pss, OnStar, and insurance plans.

California: Policy concerns are also discussed in Speroni et al. (2022). The fuel tax replacement with a
flat rate Road Usage Charge (RUC) could negatively affect the least fortunate urban residents by driving
up expenditures. The change eliminates financial ineemfior fuelefficient cars; however, it goes

against state climate policy. Some policy alternatives are differentiated rates, lifeline ratesifmoloe
households, and RUC adjustments depending on vehicle economy. It also reduces thef Rip@obn
low-income families by encouraging fuefficient, emissiorfree cars or limiting the number of miles

driven.

Minnesota: Privacy and administration concerns are also discussed in Douma et al. (2021). The
definitions of personally Identifiable Location Information (PILI) and Personally Identifiable Information
(PII) are crucial in understanding privacy concerns. Legal gondihave evolved po&014, influenced

by shifting public expectations and landmark court decigidos example, Riley v. California and
Carpenter v. United States. Federal statutes |ike
navigating the complex landscape alongside FTC rules. State privacy laws add a layer of complexity,
often diverging from federal requirements. Concerns escalate when considering disisettéees, with
criteria for consent crucial in personally identifyiimformation collection. Distinctions between public

and private sector data gathering contribute to varying privacy expectations. Voluntary participation in
data collection programs can reduce privacy expectations, prompting the need for stringenteprotect
measures. Oregon and Minnesota provide examples of procedural approaches enhancing privacy in
distancebased fee programs. Measures like encryptionyeemechanisms, and thighrty data
acquisition safeguard anonymity in this evolving realm ofdpantation data privacy.

Louisiana: The public shows concern about the risks to personal privacy posed HyaS&bsystems
that monitor cars and handle sensitive data. Inadequate security for privacy may result in many people
opposing the system. Some identified policy challenges include:

9 Various mileagebased road user fees may result from different state regulations regarding tax
collection.

1 Issues involving intrastate and interstate jurisdiction provide difficulties, particularly regarding

the effect on driving outside of the state.

Local governments may establish charges using asset management, planning, and safety data.

Policy demands to protect the budget, deal with possible double taxation, and consider long

di stance commutersod needs.

il
il
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1 To maintain equity, implementation issues must be considered, particularly for people with low
incomes and those who drive electrified or less-&ffitient cars.

Considering the implementation challenges, the study by Rufolo (2011) evaluated the feasibility and

financial consequences of introducing a VMT fee system using information from Sierfeystems,

and Vodafone, three distinct Dutch providers. The studyrax ned each provider 6s VMT
structure, particularly concerning Onboard Units (OBUs), communication strategies, calculation of

charges, visitor management, and enforcement protocols. OBU, billing and payment, enforcement,
declaration and customer eaand miscellaneous are the five categories of cost data. The investigation

showed that the three suppliers differed in their annual depreciation, annual running costs, and initial

setup costs. Total operational costs were lowest for Siemens and highleSystems. Between $4.72

and $11 was the average yearly operational cost per 1,000 vehicle miles traveled among the providers.

The study used specifications and cost estimates that Siem8gstems, and Vodafone gave for
installing a VMT charge systemn t he Net her|l ands. Due to differenc
operational strategies, and technological choices, the study needed help to compare cost estimates. The
interoperability specifications and privacy rules of the Dutch system alsahiagpact on the cost

calculations. The results highlight how crucial it is to give careful consideration to interoperability,

privacy requirements, and technology selections when developing and executing VMT fee schemes. The
report also emphasizes the nesity of establishing methods to enable affordable implementations.

Broadly, pilot programs across the states have investigated ways to address these issues and their
recommendations are discussed in Section 2.5.

2.4 Understanding MBUF using Behavioral Models

Incorporating new policy variables such as MBUF or tolls into existing travel demand models poses
difficulties. The challenges arise from the necessity of acquiring the most recent data sources for the
updated travel demand model, which is both costlytamelconsuming. Moreover, developing the new
demand modelequires a contemporary traffic assignment model for accuratedegelvice

calculations regarding time and cost. As a result, integrating new policy variables and assessing their
impact within acomprehensive, statewide model is frequently a complex undertaking. A few studies have
incorporated behavioral models in presence of MBUF which are discussed next.

Yang et al. (2016) used the Maryland Statewide Transportation model to evaluate the impact of MBUF.

The statewide demand model used a nested logit model for mode choice. For the destination choice

model, they adopted a multinomial logit model, and forrthge choice model, they used a mulass

user equilibrium trip assignment. The authors estimated consumer surplus as a byproduct of the

econometric model. Using various MBUF structures (flat, Ramsey, fixed interval, and fixed percentage),

they found diferent consumer surpluses for different income groups. Calibratingestimgated model

and using it for forecasting is a standard practice in travel demand models. However, it is recommended

to use a dataset that has already collected some informatoméab i ndi vi dual sd percept
MBUF. Therefore, artificially incorporating MBUF into a pexisting model may not provide accurate

results all the time.

Matteson et al. (2016) adopted a data fusion technique (i.e., statistical matching) for VMT estimation. The
researchers used a wide range of data sources, including NHTS, to approximately calculate VMT. They
calculated MBUF for the different geographicegas (rural versus urban), vehicle types (i.e., cars, SUVs,
Van, or pickup trucks), Vehicle age range, and fuel usage (i.e., MPG). This study did not rely on a
specific crosssectional data; rather, it relied on various approximate data points, whichoingiyenthe

exact VMT estimation.

Burris et al. (2015) used NHTS 2009 data and developed a series of predictions for urban and rural areas.
In addition, they presented various comparisons of the MBUF structure. This research also used Lorenz
curves and Gini coefficients to better underdttre equity implications of MBUF. Similarly,
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Weatherford (2012) used the National Househela| Travel Survey (NHTS) 2001 and 2009 to estimate
individual s6 annual VMTDo u'dilea g s echemadred madelt etdo Ce
i ndividual s6 a n-Dauglas modéllidses th€ logariththonth bdependent and

independent variables. The beauty of the CDblhiglas model is the elasticity values are equal to the

parameter estimates, which makes elasticity comparison easier. As independent variables, the authors

used household price, annualanee, vehicle availability, population density, number of workers in the

household, etc.

Duncan et al. (2020) used a linear regression model and tested whether we could influence people to
participate in the MBUF program by bettertate design. The data came from four separate studies in
four consecutive years. The authors tested threesfiaretures: weighted, fuglconomy, and flat fare.

One observation regarding the model result is the goodness of fit is very close to zero.

To determine whether and how urban form characteristics relate to travel behavior changes that
participants made in response to the mileage tax program, the study by Guo et al. (2011) examined two
fee structure® a variable charge and a flat rdten seven ifferent vehicle miles traveled (VMT)

scenarios. It discovered that charging a notably higher fee for driving in congested areas can effectively
encourage households to drive less during those hours and locations where traffic is most a challenge.
Under acharging scheme that charges a high rate for-peak travel, households in traditional (mixed

use, dense, transiiccessible) and suburban (singke, lowdensity) neighborhoods are likely to reduce
their overall and peakour travel. However, househslh the traditional neighborhoods will likely

reduce more. It also concludes that the underlying influence of urban form on travel behavior will
probably be strengthened by a mileage tax program that charges a high rate during peak hours.

In chaptergl to § we seek to address the modeling gap by designing behavioral models that can be
integrated within the statewide demand models to enable holistidcdomgmpacts of various MBUF
pricing scenarios.

2.5 Lessons Learned from Pilot Programs
Various states are currently evaluating the feasibility of MBUF fees as shown in Figure 2.3.

3I8|ILITIE]IR]E iclzld|2lTI2leIn|=R|2|SlalNIS
AR 58?55:555:50555558
NljlaajlalnjajajalaajsjainjgiansIajnjialslala
Oregon
Minnesota
Colorado
Washington
California
Utah
Hawaii
Virginia
Nevada
E Deleware
§ Pennsylvania
..L" New Jersey
£ INorth Carolina
£ JConnecticut
|TETC-led Research] | State-led Research| | Pilot - Program -

Figure2.3: Timeline for Statded MBUF (Source: Shrode et al. (2023))
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2.5.1 Oregon (Jones et al., 2017)

First, the report offers recommendation for partn
with the private sector for tax administration enhanced the system througtaddie services, choices

for volunteers, and innovation. Vahaelded sevices, facilitated by Senate Bill 810, included offerings

like geafencing, car insurance partnerships, and engine diagnostics from account managers Azuga,
emovis, and Verizon Telematics. The OReGO program
focus groups, empowered volunteers to select account managers, devices, billing options, and more. This
approach makes penile payments more acceptable in a mandatory program. Partnering with the private

sector fostered innovation, expanded revenue pateatid introduced new technology, enhancing the

overall tax experience. Second, the report discussed the importance of tectagplogiyc solutions. The

Road Usage Charge Administration System (RUCAS) is technalgggstic, designed to receive and

mana@ mileage and fuel data from different sources. RUCAS adapts to evolving technologies as long as

the data is in ODO-Epecified format. The road usage charge offers a credit for state fuels tax used on

taxed miles, making it a potential replacement foeshatls tax. This system ensures fair payment based

on actual road use, irrespective of vehicle efficiency.

Next, it was recommended that administrative costs need reduction for a fully mandatory program, with
options like a flat annual usage charge and effective compliance mechanisms. Relying solely on in
vehicle devices was found to pose challenges, leadif@TOD explore alternative technologies like
embedded telematics and cell phone imagery. Public opinion favored rrilaseg charging as fair,
ensuring everyone pays their share for road use, where the concerns about ruraliacohh@xdrivers

were debuked by research showing equitable impacts (Whitty and Imholt, 2005). Oregon plans to make
the program mandatory for new vehicles in 2026, with ongoing improvements and expansion of
technology options through federal grants and participation in RUC West.

2.5.2 Utah (Utah Foundation, 2021)

In the 2021 Utah Gener al Session, a ARoad Usage C
established, allocating revenues from Utahdéds RUC
transportation purposes. However, lawmakers recently rejetiicoeoposing a reduction in the state

RUC to 1.0 cent per mile, along with registration fee increases for electric and alternative fuel vehicles.

Ut ahds program offers similar insights into the f
efficiency. While RUC programs can address funding challenges, their implementation complexity and
potential impact on fairness and privacy mustéefully considered. The report suggests a gradual

approach to full implementation, using government vehicles for experimentation and modification based

on program advancements.

2.5.3 Virginia (Virginia Department of Motor Vehicles, 2021)

Virginia implemented a highway use fee on alternative fuel, electric, anéfficént vehicles starting

July 1, 2020. Fuetfficient vehicles, with a combined fuel economy of 25 mpg or more, incur a fee based
on 85% of the taxes paid by a vehicle witk3a7 mpg average, driven 11,600 miles annually. Electric
vehicles face a similar fee calculation. Additionally, a voluntary mildegped user fee (MBUF) program
was introduced as an alternative to the flat fee, allowing vehicle owners to pay basebmides

driven. The programébés eligibility, fee structure,
Virginia.

The conventional annual fee paid at the time of vehicle registration is replaced by an optioméd per
payment option for highway use fees for qualified
order to encourage cesffectiveness, participgmpay according to the actual miles driven; fewer miles
driven equals cheaper rates. The program makes su

standard annual price even if they drive more than they had planned. The annual mileage average for
Virginians is 11,600 miles. The program is managed by Emovis, the contracted operator, who also
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handles mileage records and client fee collections. This creative method provides flexibility and might
encourage less driving by matching payments to real road usage.

The working group suggests enacting specific statutory safeguards for information gathered in the
MileageBased User Fee (MBUF) program in Virginia. This legislation should address sharing and usage
conditions, increasing customer confidence in data pifoteand encouraging program participation. The
recommendation proposes modeling the information protection laws for MBUF data on existing statutes
safeguarding information collected by toll facility operators in Virginia. Additionally, the working group
advises enhancing information protection in the MBUF program by amending-§48.@f the Code of
Virginia to include explicit statutory safeguards for this data.

2.5.4 Hawaii (Hawaii Department of Transportation, 2022)

In 2018, Hawaii Department of Transportation (HDOT) initiated a thieae research, public outreach,
and demonstration effort to explore peile road usage charging (called Hawaii RUC or HIRUC) as a
fair and sustainable alternative to fuel taxes. Theares aimed to provide recommendations for a
gradual transition toward RUC to maintain usagsed funding for state road and bridge upkeep. Hawaii
had set a target year of 2045 for achieving 100% renewable energy, including ground transportation.

After three years of thorough research, public outreach, and stakeholder engagement, HDOT reported the
public and stakeholders sensitivities around the topic of transportation funding. Considering these
sensitivities, HDOT showed interest in a straightfamdvpathway to implement a minimally disruptive

Road Usage Charge program, aiming for a sustainable, equitable revenue for vital networks. HDOT
suggested introducing RUC as an option for Electric Vehicles (EVs), replacing the $50 annual registration
surchage, withapemi | e rate similar to the average vehicl ef¢
recommendation aligns with Hawaii s changing vehi
revenue system. Federal support covering 70% of RUC implementatisrstresgthened the proposal.

It is suggested that the initial RUC program may start small, allowing for evolution and a smoother

transition. HDOT continues preparing for future policy and program adjustments, emphasizing proactive
planning to meet longerm funding and clean energy goals. They plan to conduct additional work,

including improving data quality, interfaces with county departments, and ongoing public engagement.

2.5.5 Ongoing Lessons from the Eastern Transportation Coalition (Jacobs, 2022)

The TETC coalition pilots and efforts contribute to a richer set of findings. The report makes five key
findings. First, understanding the complexities of users is vital, especially trucks that contribute
substantially to the Highway Trust Fund (HTF). Déspovering greater distances, the recurring costs
exclusively borne by trucks, such as fuel taxes and fees, are significantly higher. Similarly, indicating
potential benefits for rural drivers with the adoption of Mile8gesed User Fees (MBUF) is essalnfor

its wider acceptance. Second, realrld pilots have proven effective in alleviating privacy concerns
associated with MBUF. These programs provide drivers with practical experience, offering choices for
mileage reporting, including neBPS optionsEstablishing robust data privacy and security protections
as integral components of MBUF system requirements further contributes to reducing privacy
apprehensions. Third, leveraging technology has shown to provide solutions, particularly for passenger
vehicle drivers using plugn devices with GPS mileage reporting options. This approach opens
opportunities for synergies between tolling, congestion management, and MBUF collection. Fourth,
implementing a tiered rate based on miles per gallon (MPG) haspreféective (at least for the early
stages), leading to significantly different charges for vehicles with similar MPGs. This approach is also
challenging to explain, creating disparities and winners and losers, as detailed in the report. Finally,
customied outreach efforts are essential for advancing MBUF, considering that it remains a relatively
unknown concept for the general public. Public opinion surveys indicate that a significant portion of the
population is unfamiliar with MBUF, emphasizing theeddor increased outreach to bridge knowledge
gaps and address potential concerns about this funding approach.
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2.6 Summary

This chapter systematically examined the landscape of MBUF as a prospective sustainable source for
transportation agenciesd revenue.

Overall, MBUF holds various promises and opportunities. As a promising substitute for the gas tax,

MBUF is shown to have versatile rate options, such asydercharges or facilitgpecific charges

through a smart system. It can incorporate base feagmiyms tied to factors like time, location, or

traffic levels. It also offers policy flexibility including the concept of a state v e | AVMT budget"
drivers. Compared to fuel taxes, MBUF provides a stable revenue stream unaffecteerdptiee|

factors. Implementing the VMT charge at the federal level will ensure consistent funding for national
transportation infrastructure, while stdé&el implementation allows local customization. There is

exciting hope in the direction of transition towards MBWIEh the current push at national and state

levels. Advanced technologies will enable accurate mileage recording, reducing evasion risks.

Within the realm of investigating MBUF impacts, a key focus on fairness issues, spanning spatial and
social dimensions, is present. These impacts are nuanced and depend on factors such as geographical
location, social considerations, and individual tramsgmn methods. Several studies highlight the

potential benefits and drawbacks of MBUF implementation. Some argue that MBUF systems can address
issues with gas tax revenue without unduly affecting different income groups, while others emphasize
differential rates for creating fair benefits. Studies also stress the importance of considering regional
variances and potential equality concerns when transitioning to MBUFs. However, challenges such as
privacy issues, technological barriers, and concerns ovéablgucharge arrangements need to be
addressed for successful MBUF implementation. MBUF offers the potential to address equity concerns
through means testing and adjustments for unique travel patterns, particularly in rural areas with limited
travel choies. Behavioral models, invoked for comprehensive understanding, will be instrumental in
generalizing lessons from pilot programs conducted in diverse states towatdriongredictions.

Forthcoming research efforts should address critical questions such as the optimal approach to
determining rates for trucks versus lightty vehicles and formulating a system that incentivizes
environmentally friendly cars without inadvertently diminighthe imperative of fuel efficiency. The
implementation of MBUF is expected to bring about behavioral changes in individual travel patterns and
freight routes. Anticipated changes include a potential reduction in individual travel demand as travelers
may @t for alternative modes or shorter routes to mitigate MB&l&ted costs. Carpooling and a shift to
fuel-efficient vehicles are also expected outcomes. For freight routes, MBUF rates may influence logistics
and lead to shifts in transportation modes ttinoige costs. Accurate estimations of these {@rgn

behavioral changes require a mebaked evaluation, incorporating adjustments to existing travel demand
models to assess the impacts of varying MBUF rates on travel patterns and freight movement.
Furthermore, systematic evaluation of the impacts of different MBUF implementation scenarios in North
Carolina are needed, aiming to identify disparities and investigate strategies to mitigate inequities across
travel groups. Additionally, there is a need focarporating the role of emerging technologies, including
connected and autonomous vehicles (CAVs) and-k#38d tracking. The future success of MBUF
implementations is contingent on evaluating the impacts of these technologies, especially regarding
dynamct rate adjustments based on the time of day, warranting carefllestedit assessments.
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Chapter 3. Survey Design and Statistical Analysis of Mode and
Route Choices

Portions ofChapters 3 and were previously published i@ase Studies on Transport Pol{¢iridoy et

al., 2025) and are reused here with permission:

Hridoy, D. N., Tasnia, R., Pandey, V., & Hasnikk S. (2025). Towards vehicle miles traveled
reduction: Impact of mileagbased user fee on travel mode choices. Case Studies on Transport

Policy, 101454
3.1 Study Area

The study focuses on North Carolina, with survey sampling and modeling efforts designed to reflect the

statebs demographic a

nd

economi c

characteri

stics.

million (a 9.5% increase over the past decade), withbtetdiversification driven by growth in Hispanic

and Asian communities

(U. s.
particularly in metropolitan regions such as Charlotte and Raleigh, which serve as technology and

Cens

us Bur eau,

2020) .

financial hubs. ey socioeconomic indicators, including an employment rate of about 59.2%, a median
household income of roughly $67,000, and a college attainment rate of 35.9%, were considered when
respondent sregionalgiveesityélhS.
Census Bureau, 2020). Figure 3.1 illustrates the spatial distribution of home and work locations reported

ensuring that survey

by respondents across the state.
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Figure3.1 Study area (North Carolina) indicating home and work locations for the survey participants

3.2 Survey Development

ASurvey to Understand

t he

Il mpact

o f -badddl dufveyo n

Trave

(included in Appendix B). The survey design for this study considers two significant elements: revealed
preference (RP) and stated preference (SP). The RP soohages questions designed to collect data on
three key categories: personal, household, and tralagkd factors. To collect the data on personal
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attributes, guest

ions are asked about the respond

Hispanic or Latino origin. Moreover, SUMTC asked about their employment, education level, and

driver6s |l icense

st at u,SUMTR asiged abdut thegdwdtilioguypes nurmlderdof at t r

members in the household, number of individuals living in the household over the age of 12, annual
income of the household, bike, and car ownership of the household and their home location. Additionally,
for travelrelated attributes, questions are asked about their primary mode choice for trips in the last week,
departure time, fuel category for the vehicle they use most frequently, and total miles traveled in the past
year. Additionally, they are asked whet they own an EzToll/NC quick pass toll transponder or
smartphonéased public transportation fare apps. Additionally, a question is asked to understand the
usage frequency of different modes and toll roads by the respondents. Figure 3.2 summarizes the

attributes of the RP survey.

Personal Information

Hispanic or Latino

® Education Level l///‘

¢ Less than a high school graduate

* High school graduate or GED

* Some college or associates degree

* Bachelor’s degree

* Graduate degree or professional degree

Mode choice

Departure

Employment Status

* Working full-time

* Working part-time

* Working from home
— - * Temporarily absent from work

Driver’s License .

Unemployed or searching for a job

e Student .

* Retired .

¢ Other .

Member :

Household °Verthe Household °
age of 12

Member "4 Income *

z — = Car and Bike

Single Family House (detached)
Semi-Detached House
Town/Row House

Criteria for mode choice J‘

* Availability of public

Total Miles
Traveled

Cost

Time
Convenience
Environmental Impact |
Health benefits \
Safety

Availability of parking

Travel-
related
| Information

transportation
Personal preference
Other
EzToll or ©
NC Quick
Pass user
Smart Trip
User

Household Information

Apartment/Flat in detached duplex
Apartment/Condo with less than 5 stories
Apartment/Condo with more than 5 stories
Other

*Bubble shape and size are for design purposes only

Figure3.2:

The main focus of

RP attributes summary in SUMTC

this studyés SP survey is to un

route choices. Several travel demand management (TDM) strategies such as fuel cost, parking/toll/admin
cost, additional wait time, and state tax (i.e., tag]l MBUF, combination of both) along with level of
service attributes (i.e., time, cost, distance) are considered in this study to evaluate their influence on

travelersd choi

ces.

The distance valuedortiwer e esti

Carolina statewide demand model. The range for other values were derived by assuming specific values
for the parameters as follows: The NC fuel cost excluding state tax was $3.4 per gallon as of April 2024,
with a fuel cost share for a passengezarpool mode at 60%. The fuel tax base rate was $0.43 per gallon,
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and the maximum MBUF rate, if the fuel tax was replaced by MBUF, was 2 cents per mile (considering

the rates in the ongoing state MBUF pilots). The average speed values for different transportation modes
were: Drive and Uber/Lyft at 40 mph, Auto Passersg&d5 mph, Transit at 25 mph, Bike at 20 mph, and
Walking at 4 mph, which were used to derive the travel times. The base hiring cost for a taxi was $10,

with an additional cost per mile of $2. The bus cost per mile was set at $0.2, and the proporgion of th

park and ride trip involving driving was assumed to be 20%. Finally, other variables such as wait times

for buses and park and ride, were assumed to take a range of reasonable values between 4 to 15 minutes.

A D-efficient experimental design method was then adopted to design the SP choices for this study. A
total of six modechoice scenarios were generated usingedfidient experimental design. More details
about the SP survey design have been discusskhd irekt section. SUMTC considers a total of seven
modes in the SP survey: 1. Drive Alone, 2. Passenger in a Carpool, 3. Park and Ride, 4. Uber/Lyft/Taxi,
5. Bike, 6. Walk, 7. Transit. The modes, along with corresponding attributes and values assotiated wit
the attributes, are presented in Table A.3.

3.3 Experimental Design and Data Collection
3.3.1 Mode Choice Experimental Design

The scenarios of this study ar e d2021). ghisamproactsis ng A N
proven to be providing significantly improved results than the typical orthogonal design (Hensher et al.,

2009; Rose and Bliemer, 2009; Rose et al., 2008). Alterrgpeeific utility equations are written in the

Ngene softwareotdesign the scenarios, and the coefficient values are obtained from previous studies.

Once the RP and SP components are developed, they are added to a survey platform called Qualtrics.

Then, the survey link is shared with the hired market research conmplaici collects the data from a
random set of panel members | iving in North Carol
respondents for taking part in the survey. The data collection is done in two steps: pilot survey and final
survey. Tle pilot survey took place on April 4, 2024. An-8Rly model is estimated based on the

complete and valid 54 responses. The estimated parameter values from the model are then used to re
design the SP scenarios for the final survey. ThaDr and Sestimde were significantly higher in the

initial design. Derror captures the accuracy of an experimental design. A tewdD suggests a better

design. The fstimate indicates the desired sample size to achieve the desired efficiency in an

experimental desig The estimated parameters from the pilot study ensure thatéh®iDs low with a

reasonable sample estimation in the final design. The comparison between the before and after pilot study
design is shown in Table 3.1.

Table3.1: Efficiency Measurement Comparison

Initial Design(Before Pilot) Final Design(After Pilot)
D-error 8.03 131
S-estimates 7436.94 886.21

A total of six SP scenarios are presented to the respondents. After each scenario, the respondents selected
their preferred mode for different activities such as work, grocery/shopping, and recreational. A sample
modechoice SP scenario presented to tlspoadents is provided in Figure33.
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Figure3.3: Example SP Scenario

3.3.2 Route Choice Experimental Design

Similar to the mode choice experiments, the route choice experiments incorporate attributes such as travel
time, distance, fuel costs, tolls, parking fees, and administrative charges.

Participants were presented with two alternative réutase subject to a MBUF and one withéuor

the same origitlestination pair. The routes differed in attributes such as travel time, total travel cost,
vehicle fuel efficiency (set at either 15 or 39emiper gallon), and MBUF rate (set at 2, 8, or 15 cents per
mile). Each participant evaluated twelve scenarios in total, evenly split betweedistante (SD) and
long-distance (LD) trips. For each scenario, participants first made a route choic@®bdesic time and

cost information, then reconsidered their decision after viewing a detailed cost breakdown that included
fuel, MBUF, and toll costs. After making their final selection, they rated their confidence in the decision.
Figure 3.4 shows a safestateepreference question, illustrating how respondents compared route
options under varying pricing and service conditions. Respondents tbgalvated their choice after

cost visibility, followed by a confidence rating.

Table 3.2 presents both shahd longdistance scenarios to evaluate how varying MBUF ratds (2¢
15¢/mile), vehicle efficiency, and toll costs influence total travel expenses and route decisions. For the
same trip, low MPG vehicles incur higher total dssnot due to the MBUF itself, but because they

continue to pay fuel taxes and consume more fuel per mile. We kept fuel tax constant across all scenarios
to isolate the impact of MBUF. Despite consistent time savings on toll routes2@ @ninutes), the

additional cost burden vari@sranging from under $2 to nearly $8 depending on the scenario.

Table3.2: Summary of ShotDistance (SD) and LonBistance (LD) Scenarios

Variable SD1 SD2 SD3 SD4 SD5 SD6 LD1 LD2 LD3 LD4 LD5 LD6
MBUF (¢/mi) 2 8 15 2 8 15 2 8 15 2 8 15
VehicleFuelEfficiency (MPG) 15 15 15 3B 35 35 15 15 15 35 35 35
Timeon Toll Road(min) 10 10 10 10 10 10 50 50 50 50 50 50
TimeonNon-Toll Road(min) 20 20 20 20 20 20 70 70 70 70 70 70
Miles Traveledon Toll Road 5 5 5 5 5 5 50 50 50 50 50 50
FlatToll Cost($) 500 5.00 500 5.00 500 500 10.00 10.00 10.00 10.00 10.00 10.00
GasTax (¢/gal) 43 43 43 43 43 43 43 43 43 43 43 43
Fuel Price($/gal) 3.00 300 300 300 3.00 300 300 300 300 300 300 3.00
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Trip Cost(Non-Toll, $) 249 3.09 379 118 178 248 1492 1852 2272 7.08 10.68 14.88
Trip Cost(Toll, $) 6.24 654 6.89 559 589 6.24 2243 2543 2893 1590 18.90 22.40
Net Additional Cost($) 376 346 311 441 411 376 751 691 621 882 822 752
Time Savedby Toll Road(min) 10 10 10 10 10 10 20 20 20 20 20 20

The final data collection took place on April 17 and April 18, 2024. A total of 1113 invitations were sent,
and 1005 completed the survey. However, among them, there were some missing and invalid responses.
In the complete responses, the respondents answered all the questions asked. After cleaning the data for
incomplete and invalid responses, 881 samples a&cfos the model estimation, which is close to the
sample size mentioned in Table 3.1.

Objective: Select the travel route for the trip based on your personal

preference, as you would in the real world. If the summary values are
not shown, then make you best guess in terms of presented values.

® ‘ '.*.\ You drive a vehicle with mileage: 35 miles/gallon

I State tax (MBUF): 2 cents/mile & Current Fuel
I State tax (Fuel tax): 43 cents/gallon rate: $3/gallon

Conte.

Which route would you choose for your next trip?

$ Toll Route ﬁ Non-Toll Route

'O Time: 50 min| O Time: 70 min
% Distance: 50 miles #% Distance: 60 miles |
$ Toll cost: $10 | $Toll cost: $0.00 |

Objective: If the summary values are shown, select your choice
considering the cost difference and travel time savings.

® oﬁo\ You drive a vehicle with mileage: 35 miles/gallon J

B Current Fuel
rate: $3/gallon

I State tax (MBUF): 2 cents/mile

-~
S
Q Il State tax (Fuel tax): 43 cents/gallon

Which route would you choose for your next trip?

$ 'Toll Route ﬁ Non-Toll Route

© Time: 50 min | © Time: 70 min
#% Distance: 50 miles \ = Distance: 60 miles
$ Toll cost: $10 $ Toll cost: $0.00

E H E & Total cost this

Net cost > & Total cost this

difference and il QLR {taxsiivels trip (tax+ fuel+
: £ toll): $15.90 187,

travel time (TT) » g E ol toll): $7.08

savings ,7, Therefore, if you use the toll road you

summarized will save 20 min and pay $8.82 extra.

Figure3.4: Sample Question for MBUF Route Choice Scenario

3.4 Mode Choice Data Analysis

Figure 3.5 shows the distribution of several attributes of the sample of this study. In this survey, the
number of female respondents is higher than that of male respondents. Regarding race, a significant
portion of the respondents are White or Caucasiérdb%), followed by Black or African American

(18.27%). The observation shows that in terms of education level, 26.11% of the respondents have a
Bachel orés degree, while 15.10% hold a graduate
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proportion (35.87%) have some college or associates degree, and 20.89% have at least a high school

degree. This is a good representation of the education level of the residents of North Carolina state.

Interestingly, most of the respondents are either ingrfull-time (36.10%) or retired (30.42%), while
9.53% are unemployed or searching for a job.
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Figure3.5: Descriptive statistics of the sample

Regarding income, 28.38% of respondents earn between $25,000 and $49,999, and 23.61% earn between
$50,000 and $79,999. Moreover, only 1.02% of respondents earn more than $250,000 annually. In terms

of members of the household, 39.27% of the respondengsahbdeast two people in their household,
whereas a singlperson household is not far behind at 21.45%. Also, 18.96% and 12.60% of the
respondents have three and four family members, respectively. For car ownership, respondents with at
least one (42.22%3re the highest, followed by two vehicles (36.32%). Furthermore, 93.42% of

respondent s

possess a

dr i

ver 6 s |

icense. Besi

toll transponder. Lastly, 7.38% of respondents use a Smart Trip or otheoippsblic transportation on

their average trip.

des,

As part of SUMTC, respondents are asked about the criteria they typically consider when choosing a

mode of

travel

The
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travel mode, as shown in Figure 3.6a. Moreover, theg dres o
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Regarding daily trips, the survey tries to understand the frequency of modes and toll roads used by the
respondents. The findings indicate that about 62% of the respondents use personal cars everyday/almost

everday, as shown in Figure 3.6b. Moreover, 32.35% rarely use toll roads, and a significant portion

(48.13%) never used them for their trip purposes. Additionally, few respondents rely on public
transportation, ridshare, and vehicle rental services forttlakily trips. The results show that only
3.63% of the respondents use public transportation everyday/almost everyday and 68.90% have never
used it for daily trips. This similar trend is observed for+3tiare and vehicle rental services.
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Criteria considered while choosing a mode for a trip

Cost I mmmmmmmmmmmmmmmmmmmmmmm—— 64.36 %
Time | 300500 %
Convenience I 56.87 %
Environmental Impact [N 7.15 %
Health benefits [N 5.68 %
Safety I 32,12 %
Availability of parking NG 19.07 %
Availability of public transportation I 5.79 %
Personal preference I 34.39 %
Other (please specify) H 1.59 %

Frequency of modes used for daily trips
0% 20% 40% 60% 80% 100%

Personal car driver I

Toll roads

Passenger in personal car
Public Transportation
Ridehailing services (Uber/Lyft) W
|

Vehilce rentals including car-share program

B Everyday/almost everyday Regularly (more than once a week)
Occasionally (a couple of times per month) = Rarely (a couple of times per year)

W Never

Figure3.6: (a) Criteria for mode choidq@ op), (b) Distribution of mode choice frequen{@ottom)

To I earn more about respondentso6é travel behavior,
use most frequently and their average monthly fuel cost. Moreover, they are also asked about the total

miles they traveled in the past year. Itisosbseed from t he result that HAGasoO
category while using fAiElectricdod vehicles is not t
about 47% of the respondents spent $10 to $100, and 31.13% spent $100 to $200 for fuehtilgts m

(Figure 3.7b).

Furthermore, the average miles traveled by the respondents in the past year is about 13,388 miles, and the
median is about 10,361 miles. Furthermore, 75% of the respondents traveled less than about 18,414 miles
in the past year (Figure 3.8).

After the SP mode choice scenarios, to understand the perception of respondents on MBUF, they are

asked to exhibit their agreement and disagreement on a set of statements.-pbifiliert scale is

used tocollect the responses to these statements. Figure 3.9 shows a summary of the responses by the
respondents. The responses to these statements demonstrate that the proportion of respondents agreeing to
shift to MBUF from fuel tax is relatively higher tharsdgreeing. Also, as long as the change ihpes

trip is not that significant, they are not worried whether the tax isbiaséd or MBUF. Moreover, they

prioritize the travel mode with the shortest travel time over the mode with the lowest costs.
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Fuel Category Average monthly fuel cost of the respondents (%)
47.52

Gasoline I 91.26%
Diesel § 1.25% 31.13

Electric Vehicle | 0.91%

Hybrid Vehicle Wl 5.45% 13.09
Other  0.11% 4.48
[ 106 106 p35 035 024 012 059
I donot use a vehicle | 1.02% $10-  $100- $200- $300- $400- $500- $600- 5700 $800- $900- $1000 or

$100 $200 $300 $400 4500 $600 $700 $800 $000  $1000  more
Figure3.7: (a) Fuel category of the most frequently used vehicle. (b) Average monthly fuel cost.

Total miles traveled in the past year

0 10000 20000 30000 40000 50000
Miles Traveled

Figure3.8 Vehicle miles traveled by the responde(iioxplot distribution)

Response to several fuel/MBUF based statements
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
| support shifting from fuel tax to MBUF.

| am indifferent regarding whether the tax is fuel-based or MBUF,
as long as the costs per trip do not change significantly.

| do not anticipate changing my mode of travel if the fuel tax is
replaced by MBUF.

| prioritize the travel mode with shortest time regardless of costs.

| prioritize the travel mode with the lowest cost regardless of
time.

| prefer driving alone, regardless of the costs.

1 will carpool or use public transit if the new tax increases the
costs per trip for driving.

W Strongly Disagree M Disagree Neutral ®Agree M Strongly Agree

Figure3.9 Stacked horizontal bar chart showing the percentage distribution across variousrMBig&
mode choice statements

26
Improving Longrange Planning Models for Feasibility Analysis of Miledigesed User Fees as an Alternative Revenue Stream
Last updated ot2/05/2025 Venktesh Pandey



3.5 Route Choice Data Analysis
Distribution of Route Preferences Across MBUF Levels

Figure 3.10 illustrates Jseltedraute dheicetstatdmerast A majorityd es t o
agree or strongly agree that cost and time influence their decisions, though concern increases under
MBUF for longer trips.

The figure illustrates respondent agreement levels with the statement that a MBUF is a fair way to pay for

road use, across eight different scenarios. Support is generally moderate to high, with the majority
selecting fAAgr eeod oryinfcGtier stengibsye.gA §cenar® 6)pwheres6pl%+c i a | |
express positive sentiment. However,anoa gl i gi bl e share still selects i
highlighting lingering skepticism, possibly tied to income, fuel efficiency, or policy unfamiliarity.

Response to several MBUF route-choice based statements

0% 10% 20% 30% 40% 50r% 60% 0% BO% S 100%

My route choice is not impacted by the amount of tax | pay. - _
I am indifferent regarding whether the tax is fuel-based or MBUF, as long as the - _
costs for my chosen route do not change significantly.

| do not anticipate changing my travel route if the fuel tax is replaced by MBUF. . _

| pricritize routes with the shortest time regardless of costs. - _

| priaritize routes with the lowest cost regardless of time. . _

| will prefer to drive fewer miles if fuel tax is replaced by MBUF. - _

I am more concerned about paying higher cqsls under MBUF for long-distance trips l _
as opposed to paying a fuel tax.

B Strongly Disagree Disagree M MNeutral M Agree M Strongly Agree

Figure3.10: Stacked horizontal bar chart showing the percentage distribution across various MBUF
related route choice statements

MBUF vs NoAMBUF: Route Switching Behavior Under MBUF Policies

Studying whether providing an information summary, as shown in Figure 3.4, impacts route choices in

both SD and LD scenarios (see Figure 3.11), we find limited behavioral change. The majority of users
consistently remained ollorNomTeoi I rl  oYoll)\yeithrstability ratesut e ( T o
averaging 82%. However, r out e-Tdlvincreaseld in higherMBUW-peci al
cases (e.g., SD8D5, SD6, LD6), likely due to rising penile MBUF rates (up to 15¢/mile), which

raised otal trip cost by up to $46 in SD and $79 in LD scenarios. Scenarios where the user had

access to a vehicle with lower fuel efficiency (15 MPG) faced greaterdlatéd expenses ($2i49

$22.72) compared to 35 MPG vehicles, amplifying sensitivity evall/travel cost. This heightened price

sensitivity likely prompted a shift away from toll routes, especially in longer trips where toll, fuel, and

MBUF charges accumulate more substantially.
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Figure3.11: Short and_ong-distanceroute choice transitions under scenadatlined in Table 3.2
Distribution of Toll Preference Confidence level Scores Analysis

Figure 3.12 shows the distribution of Toll Preference Scores, ranging from 1 (strong confidence in
choosing the notoll route) to 10 (strong confidence in choosing the toll route), across all SD and LD
scenarios, both with and without summary informatieross both SD and LD groups, a large share of
respondents fall within low to mid confidence scorédbjlindicating a general leaning toward rtofi
routes. This tendency becomes more prominent in higher MBUF scenaridsSB®3.D5 LD6), where
more respondents report low confidence in selecting toll options.
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Figure3.12 Distribution of Toll Preference Confidence level Scores Across Scenarios (With and Without
Summary Informatiohp
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Scenarios with summary information consistently show a slight upward shift in preference scores,
especially in LD scenarios, suggesting that presentingticosttradeoffs can help improve confidence in
toll routeselection. However, in costlier conditions (e.g., SD6 and LD6), while the summary effect does
lead to a modest increase in high toll preference scor&8)(&he overall distribution still remains
concentrated in lower scores. This suggests that ecotoamden tends to outweigh informationaldges
when toll, fuel, and MBUF costs are high.

Across the shortlistance scenarios, we observe that users generally maintain stable route preferences,
with modest shifts influenced by cost transparency and perceived trip value-iboame and lowMPG

drivers tend to exhibit greater sensitivity to obas in MBUF rates, adjusting their route choices more
frequently when detailed cost information is provided. However, overall route stability remains high,
suggesting that many users perceive toll routes as worthwhile even with addeiteperarges. Geater
distribution across scenarios remains relatively consistent, with small variations indicating that cost
awareness affects both groups similarly. The next two chapters build discrete choice models that quantify
how variables such as income, age, gerata,vehicle characteristics shape individual mode and route
decisions under varying MBUF conditions.
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Chapter 4. Mode Choice Modeling and Insights
4.1 Model Description

In this chapter, the collected F§P data from SUMTC is used to estimate joint&HPdiscrete choice
models: (i) multinomial logit (MNL) model (ii) mixed logit model with error components. The model
estimated using joint RBP data can overcome the dravksaand provide improved results compared to
the standalone RBnly or SPonly model (Hensher, 1994; Hensher et al., 1998; Cherchi and Ortlzar,
2006). The model formulation is briefly described next.

4.1.1 Joint RP-SP discrete model: Multinomial Logit (MNL)

Regarding joint RFSP model, RP and SP data have their own utility equatiemerchi and Ortuzar,
2006). The total utility of an individudi ) of choosing an alternativé® can be described as:

Y T 0 T W T

and

Here:

i individual,Q alternativesY and"Y represent total utility for RP and SP data respectifely,
the parameter vectay,and are the parameter set of alternative specific varialesndw are the
common attributes (available modes), and0 are the alternative moespecific attribute§, and

T represent the random components of RP and SP ufilitieso andw represent the systematic
utility terms for RP and SP data, respectively.

The variance of the RP and SP datasets is different. As a result, the scale parameter in RP and SP is not
the same, and scaling is necessary. The scale parameter for RP is considered 1, and the scale parameter
for SP is scaled based on it (Brownstone e28l00; Cherchi and de Dios Ortuzar, 2006). The
loglikelihood function for the joint RISP multinomial logit model can be expressed as:
T o 11— o 17—

o B0 B Q
where,Yis the sample of individual®)is the options of alternatives, is the number of SP choice tasks,
¢ isone out of the six scenarids, is the scale parameter of the SP datalw p if respondent
chooses mod@otherwise 0. Similarly p if modeQis chosen by respondéantn scenaric, or 0
otherwise.

4.1.2 Joint RP-SP discrete model: mixed logit with error components

A similar approach to the multinomial logit model is taken to model the RP mode choices. The utility and
probability of an individuali() choosing an alternativ&)(is:

Y ot e ,0 W T
3 N
N @ BT g
The mixed logit with error components is employed for the SP mode choice model. The total utility of an
individual (r) choosing an alternative (d) can be expressed as (Train, 2009):
Y @ -
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A - 1 vy o T h
Where—represents vector of parameter valueepresents vector of independent variables associated
with SP scenarios, represents error components associated with'@Qest represents variable that is
normally distributed associated with individuigand nestQ andw p if alternativeQis in the nestQ
otherwise 0.

For RP and SP, the assumption for the distribution of the random component is that it is independent and
identically distributed (iid) type | extreme value (Train, 2009). The probability of an individual (
choosing an alternativé) in the choice scenariog)(can be expressed as:
5 Q -
v Q Q—Q —
B, 0Q

Here,%o0 is the scale parameter of the SP déta, are the SP scenarios choice set for individuyaind
"Q— is the probability density function ef8

In SUMTC, respondents completed a total of six SP choice scenarios, so the probability of individuals
choosing different alternatives in these choice scenarios can be expressed as:

0 QRQ QK 0 Q
The loglikelihood for the joint RSP mixed logit model can be expressed as:

O 0 h-h hhodi hw v Q v Q

The models are estimated using the classical maximum likelihood method and by writing codes in the
A GAUSSO programming | anguage (GAUSS, 2024). For t
simulation, the Halton sequence technique is used.

4.2 Model Results

The detailed results of the estimated multinomial logit (MNL) models are provided in Table A.4, Table
A.5, and Table A.6 and the mixed logit model results are detailed in Table A.7, Table A.8, and Table A.9.
These tables correspond to different trip pugsospecifically work, grocery/shopping, and recreational
trips. The tstatistics of the parameters were computed at a 95% confidence level, with most parameters
demonstrating statistical significance. Although some parameters did not achieve statsifczdsce at

the 95% confidence level, they have been retained in the model results due to their valuable insights into
mode choice modeling.

The” 2 value for the mixed logit model generally exceeds that of the traditional MNL model, as it

captures individuaspecific variations and random preference heterogeneity. This results in a more

precise and accurate representation of choice behavior, l¢adirgignificantly improved model fit. The
findings from this study align with these theoret
effectiveness. Thé2 values obtained from the mixed logit model for work trips (0.48), grocery trips

(0.59), and recreational trips (0.46) indicate an improved model fit compared to the corresponding values
from the MNL model, which are 0.44, 0.57, and 0.38, respectively. It is worth mentioning that the t

statistics for the error components in the mixagitimodels are tested against a value of 1, and they are
statistically significant.

Initially, the level of service attributes such as travel time, trip cost, and travel distance are estimated in
both MNL and mixed logit models. The results from these models exhibit the anticipated negative sign
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for these parameters. In terms of travel time, the findings indicate that for mode choice individuals exhibit
greater sensitivity to work trips compared to grocery or recreational trips. One potential rationale is that
individuals are required to arrive taeir workplace promptly, following a specific schedule. Regarding

travel distance, the findings exhibit that individuals are least sensitive to travel distance for recreational
trips, potentially due to the willingness to travel far for enjoyable aietiviind fewer time constraints. It

is important to note that the travel distance parameter is only considered for bike and walk modes when
estimating the models.

Furthermore, parameters related to motorized vehicles and transit, such as fuel cost, parking/toll/admin
cost/bus fare, and additional wait time, are tested in the models. The model findings indicate that
individuals are less likely to prefer drigdone @ carpool modes with increased fuel costs. Also,
individuals are less likely to prefer drbadone, carpool, and padndride modes for their trip purposes,

with increased parking/toll/admin cost/bus fare. The model result also reveals that increaigtewait
reduces the attractiveness of the panktride and transit modes. This is consistent with the intuitive
understanding that people generally dislike waiting. This trend is observed in both MNL and mixed logit
models.

Lastly, the study examines the interaction between several explanatory variables (e.g., employment, age,
education |l evel) and strategies |i ke MBUF and fue
choices. The results show that ftithe workes are less inclined to opt for drihadone, carpool, and park

andride modes with higher MBUF or fuel tax. For ftilne workers who travel to work every day,

MBUF will impose a visible incremental cost to their travel. This could be the inherent relagduliw

time workers are less inclined to opt for modes where there is an effect of MBUF-.

Similarly, parttime or fulFtime college/university students are less likely to prefer carpool anehpdrk

ride modes with increased MBUF and fuel tax. Furthermore, the result reveals thiatdultorkers are

more sensitive to MBUF for work trips ancbne sensitive to fuel tax for grocery/shoppitedated trips.

Since this analysis did not investigate distaggecific shopping trips and their sensitivity towards the

cost of fuel, it is difficult to comment on this specific finding. However, one pe@ssgalson is that fuel

tax could be very high for londistance shopping trips. Unlike big cities like Chicago and New York

City, some cities in North Carolina do not have a centralized shopping mall where people can do all types
of shopping. For example,any individuals who live in Greensboro (NC) may need to drive to High

Point (NC) for organic poultry and meat. So, this finding regarding fuel tax could be more applicable to
transportation in spreaalt locations.

Conversely, paftime or fulktime students are more sensitive to MBUF for recreational trips and show
higher sensitivity to fuel tax for grocery/shopping trips. As for age, young individuals are less likely to
prefer drive alone, carpool, and padndride options with increased MBUF or fuel tax, and this trend is
also observed for older adults. Additionally, young individuals are more sensitive to MBUF for work and
grocery/shopping trips and also more sensitive to fuel tax for recreational trips. @nvederly

individuals show more sensitivity to MBUF for werklated trips and are more responsive to fuel tax for
grocery/shopping trips. The model results also reveal that young individuals are more sensitive to MBUF
than older adults. The differencan be explained by the fact that younger individuals typically have
lower incomes than older adults. Consequently, the direct cost per mile might be more visible to them
than the relatively less visible cost of fuel taxes. Some other parameters aestaldantthe model but

are not added to the final model as they did not show statistical significance within 95% confidence
interval.

Overall, the mode choice models reveal the following findings:

9 Travelers show higher sensitivity to travel time and cost during work trips than for grocery or
recreational trips, indicating that commuting decisions are less flexible but still responsive to cost
changes.
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1 Higher MBUF or fuel tax rates reduce the likelihood of choosing eil@ae, carpool, and park
and ride modes, with the strongest response observed amottgrfelivorkers and college
students.

1 Sensitivity to MBUF is greater in regions with longer commuting distances or dispersed
destinations, such as areas where shopping or employment opportunities are spread across
multiple cities.

1 While MBUF-related cost coefficients are statistically significant, their magnitudes are small,
indicating that moderate MBUF rates would not cause large shifts in mode choice. This suggests
that traveler behavior is more influenced by cost transparemtpeceived fairness than by the
absolute rate level.

4.3 Conclusion

This chapter presented a mathematical modeling framework to understand the impact of MBUF on
travelersdé6 mode choice behavior. I't investigated
different trip purposes, such as work, grocery, and recreatiops.

The findings from the descriptive analysis indica
the most when choosing a travel mode for daily trips in rural and urban parts of North Carolina. The

results reveal that respondents are most likely @caysersonal car for daily travel, where they rely on
iGasolined as the fuel type for their vehicles an
that, a majority of the respondents are likely to adapt to MBUF if it is implemented. Additicaslbng

as the cost per trip ot significantly high, they are not concerned whether the tax idassd or

MBUF.

The joint RRSP model results reveal that, in general, individuals are less likely to opt for driving, be a
passenger in a carpool, or use park and ride mode if the MBUF rate is high. Additionatigédull

workers are more sensitive to MBUF for work &iipvhereas pattme or fulttime college students are

for recreational trips. The results also reveal that young individuals show more sensitivity towards MBUF
than older adults. Regarding trip purpose, young individuals are more responsive to MBUFkfor wo
grocery shopping trips than recreational trips. Lastly, increased parking, toll costs, bus fares, and delays
make drive alone, carpool, transit, Agleare, and park and ride modes less attractive to individuals.

The results show that individual sd sensitivity to
demographic groups. Based on these results, some policies can be recommended:

1 Adaptable MBUF rates could be applied based on the purpose of the trip. As people are more
sensitive to MBUF for work trips, the rate of MBUF could be higher for work trips than for
grocery or recreational trips to reduce congestion and Greenhouse Gasd@id§on in busy
cities like Greensboro or Raleigh. This might encourage individuals to switch to public transit or
other sustainable modes of transportation (if present). This could help in reducing the dependency
on personal car and MBUF could workaseffective and loveost transportation demand
management (TDM) strategy.

1 Higher MBUF rates for work trips and increased parking or admin costs at workplaces could
discourage individuals from driving and encourage them to switch to carpool, transit, and park
and ride modes. This will help in reducing traffic congestion and eniss

Regarding future work, one suggestion would be to
departure time choice behavior. This could help u
during peak hours. Moreover, it could provide informationttenimpact of timevarying MBUF rates on

travelersé departure time choices. Another extens

MBUF on i nd ibaseddnode cheiée behaviorr specifically whether MBUF will influence the
mode choicemdividuals make sequentially throughout the day.
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Chapter 5. Route Choice Modeling and Insights

A portion of this chapter is based on a manuscript currently under review at the Transportation Research
Record and accepted for presentation at the 2026 Transportation Research Board Annual Meeting:

Gorji-Sefidmazgi, A., Tasnia, R., Pandey, V., Hridoy, D. N., & Hasnine, M. S. (2025). Evaluating
the impact of mileagbased user fees on travel route choices. Manuscript under review,
Transportation Research Record.

This chapter proposes an approach to evaluate how MBUF tax influences driver route choices,
particularly between high cost and laest options. Unlike prior studies, our research integrates (i)
controlled variation in MBUF levels within a statpteferene survey, (i) machine learning techniques

that maintain behavioral monotonicity, and (iii) observatmrel interpretability through model

explainability. While MBUF has been broadly debated from policy and revenue perspectives, its direct
impact on ind¥idual route choice behavior remains underexplored. To address this gap, we designed a
statedpreference experiment involving 881 individuals, each evaluating 12 travel scenarios characterized
by varying MBUF rates and trip features. See Chapter 3 foilsletasurvey design.

We applied CatBoost (Dorogush et al., 2018), a gradieasted decision tree algorithm wellited for
categorical data and complex interactions, to predict toll road usage based on scenario attributes and
individual sociedemographics. To interpret theodel, we used SHAP values, which quantify the

marginal contribution of each variable to each individual prediction. This approach enables observation
level transparency and supports integration of machine learning with behavioral modeling frameworks for
policy analysis.

5.1 Model Development and SHAPBased Interpretation
5.1.1 Feature selection

To improve model efficiency and reduce complexity, we applied feature selection to exclude variables
with low predictive value. This process helps streamline training, improve generalization, and enhance

interpretability by focusing on the mostrelevaqgint s .  We u s e din SHARBsedfeatu@s b u i

selection method to identify key features. Table A.10 presents all input variables and highlights those

retained after selection. Not e 112 bategorywbredpdents he A St

in our dataset fell into this group, as the survey was limited to individuals aged 18 and older.
5.1.2 CatBoost

A key challenge in our dataset was the prevalence ofdagtinality categorical variables, which limited
model choices. Traditional approaches like-bneencoding would have led to a sparse, memory
intensive feature space and increased risk of oveditT o address this, we used CatBoost (Dorogush et
al., 2018), which natively handles categorical features without explicit encoding, makingstited for
our data structure.

To assess model performance, we report the following standard classification metrics:
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Here, TP (true positives) refers to correctly predicted positive cases, FP (false positives) to incorrect
predictions of positive cases, FN (false negatives) to missed positive cases, and TN (true negatives) to
correctly predicted negatives. Precision oags how many predicted positives are actually correct, while
recall measures the proportion of true positives that were successfully identifecbrelbalances these

two, offering a single metric that penalizes imbalanced performance, which is palgiageful in our

case for assessing how well the model handles the uneven distribution of positive and negative outcomes.
Accuracy represents the share of correct predictions overall, but in our dataset, where positive cases are
less frequent, it can oksate performance. To address this, we also compute the macro average, which
treats each class equally, and the weighted average, which adjusts for class imbalance by weighting
metrics by the number of true instances per class.

7 AE CE Mk

5.1.3 Monotonic constraints

To ensure the model reflects realistic behavioral patterns, we imposed monotonic constraints on selected
feat ur es us i nigfunCtiaralByamndhypérmararbeter changes. Monotonicity was applied
where prior literature and domain knowledge ssggé@ectional effects on route choice. Specifically,

time on nortoll roads and time saved were constrained positively, indicating that increased delays or
greater time savings should increase the likelihood of choosing toll routes (Kim and Bansal, 2024).
Conversely, distance on ntoll roads, toll road time, toll cost, and total cost paid were constrained
negatively, reflecting that increases in these variables are expected to reduce toll route preference. These
constraints guide the model to producesistent, interpretable responses aligned with established
behavioral theory.

5.1.4 SHAP analysis for interpretation

SHAP (Lundberg and Lee, 2017) is a medghostic method based on cooperative game theory that
explains individual predictions by assigning each feature a contribution value. When applied to complex
models like CatBoost, SHAP helps interpret both globatiuie importance and the direction of their
influence (positive or negative) on predictions.

5.2 Results and SHAP Analysis

5.2.1 Performance

The CatBoost model demonstrated strong predictive performance on the test set, achieving an overall
accuracy of 87 percent. Class 0 (rioh or lower-cost route) showed high precision at 0.88 and recall at

0.96, resulting in an F1 score of 0.92. Claswll ¢r highercost route), though less frequent, had a

precision of 0.84 and a recall of 0.63, leading to an F1 score of 0.72. These results indicate that the model
performs well in identifying notoll choices, with some underprediction of toll routeesgbns.

The macro average F1 score, which gives equal weight to each class, was 0.82. The weighted average,
which accounts for the distribution of samples across classes, reflected similar performance. Broadly,
these metrics suggest that the model maintains gea@lbaccuracy while reasonably capturing behavior

in both majority and minority classes.

Although predictive metrics were significant, the credibility of route choice models also depends on the
inclusion of behaviorally relevant variables. Results around incorporating key attributes such as travel
time and cost, combined with monotonic constsaand SHAFbased interpretatioarediscussed next.
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5.2.2 SHAP analysis

Figure 5.1 presents a SHA@eswarm plot, which visualizes the contribution of each feature to the

model 6s predictions.

The

vert

i cal

axis |lists feat

horizontal axis shows the magnitude and direction of their impact on the moddl Ragitive SHAP
values indicate a push toward selecting the toll route (coded as 1), while negative values push the
prediction toward the netoll route (coded as 0). Each point represents a single prediction, and its color
reflects the feature valdered for high and blue for low, while categorical variables are marked as gray.

(Categorical) Frequency of use - Toll roads

Age

Miles driven in the past year

(Categorical) Approximate household income
(Categorical) Frequency of use - Personal car (passenger)
(Categorical) Current employment status

(Categorical) Highest grade or level of education
Departure hour for most recent trip

(Categorical) Monthly fuel cost for main vehicle
(Categorical) Frequency of use - Personal car (driver)
Scenario - Vehicle Mileage (MPG)

(Categorical) Sex

Scenario - Summary shown (1 = Yes, 0 = No)
(Categorical) Frequency of use - Vehicle rentals/carshare
Number of individuals in household

Number of individuals over age 12 in household
(Categorical) Race

Number of motor vehicles in household

(Categorical) Uses Smart Trip or similar pass on average trip
(Categorical) Uses EzToll or NC Quick Pass on average trip
(Categorical) Frequency of use - Ridehailing (Uber/Lyft)
Scenario - Cost paid (summary)

(Categorical) Frequency of use - Public transportation
(Categorical) Fuel category

Number of bikes in household

(Categorical) Student or not?

(Categorical) Owns EzToll or NC Quick Pass transponder
(Categorical) Are you Hispanic or Latino origin?
(Categorical) Do you possess a driver's license?

High

Feature value

-1.0

-0.5 0.0

0.5

1.0

Low
1.5

SHAP Value (Left - Lower, Right = Higher Likelihood of High-Cost Route)

Figure5.1 SHAP Beeswarm Plot Showing Feature Importance and Direction (Categorical features are
grayed out; however, the variables are presented in the order of importance from top to bottom)

Interpretation of the plot reveals that toll road usage frequency and age are the most influential predictors
[ O ltot reads, whileccoskelatelu a | s ar
variables tend to reduce the likelittbof toll road selection. Since several influential features are

in travelerds rout e

categorical, we furt
analysis.

choi

her

ces.

exami

ne

how

their specifi

Figure 5.2 presents mean SHAP values indicating the influence of categorical variables on the likelihood
of choosing higkcost (toll) routes. As expected, the most important predictor is the frequency of toll road
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use: individuals who use tollsrery dayor regularly show strong positive SHAP values (+1.19, +1.09),
significantly increasing the probability of selecting higbst routes. In contrast, users who never use toll
roads have a negative SHAR(43), pulling preference toward lesost routes.
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Figure5.2 SHAP values for categorical variables. Positive values indicate the feature increases prediction
toward highcost route (1), while negative values indicate the feature decreases prediction toward low
cost route (0). Box plots show the distribution of SHARues for each category within each variable

Household income shows a nuanced pattern. Mithdieme groups (e.g., $£89k) lean toward usage of
high-cost routes, but the lowest (<$25k) and highest (>$250k) income brackets show negative SHAP
values, suggesting cost sensitivity at the bottom and {@taemoidance at the top. Respondents who did
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not report income also lean against toll use. Mobility behavior further influences preference: Smart Trip
and EzToll users show strong positive SHAP values (+0.43 and +0.27), indicating ease of payment
facilitates toll choice. Frequent vehicle rental aidgailing users also lean toward higbst routes,

while public transit users, especially everyday riders, are less likely to choose tolls {SI2AR

Similarly, remote workers and students lean towarddost routes, while fultime and retired

individuals are more open to higlost options. Gender and race show systematic effects: females lean
toward tolls, while males do not. White and Black respatslbave mild positive SHAPs, while Asian,
Other, and Pacific Islander groups exhibit aversion to tolls (however, due to small sample size for these
groups, the findings may not be generalizable). Fuel cost and fuel type (e.g., diesel, EV) correlate
positively with high-cost preference, indicating travel intensity and vehicle type play roles in toll
adoption.

5.2.3 Comparison with binary logit and probit models

We also trained the model to compare with binary logit and probit models using the selected explanatory
variables for interpretability. As shown in Table A.11, the logit and probit regression models
demonstrated poor overall fit, with pseud® values below 0.15, indicating that the included variables
explain only a small fraction of the variance in toll road choice behavior (worse fit than the Catboost
model discussed earlier).

Notably, variables we expected to be significant predictors, such as fuel tax rates and vehicle fuel
efficiency (MPG), showed weak or naignificant effects, contrary to economic theory suggesting that
fuel costs should influence route choice decisiohe MPG variable was only marginally significant (

a 0.056), implying that fuel economy consideratio
among our sample respondents.

Despite the poor overall model fit, both models converged on similar results, with coefficients
maintaining consistent signs and relative magnitudes across specifications. The key finding was the
strong age effect, with each additional year reducingdali usage odds by 1.3%dds Ratio (OR¥

0.987), suggesting younger drivers place a higher value on time savings relative to toll costs. Income
effects revealed a ndmear pattern, where middigoper income groups ($12@250k range) showed

the strongeaspreference for toll roads (OR= 2.49), indicating an optimal income threshold for toll road
adoption. Interestingly, student status variables produced contradictory effedigaduliniversity

students were nearly three times more likely to use talls¢g@R = 2.86), while individuals identifying
employment status as "student" were significantly less likely to use tolls (OR = 0.36), possibly reflecting
different financial circumstances or travel patterns between these groups.

The consistency between logit and probit models, as well as their alignment with earlier machine learning
approaches, provides confidence in the robustness of these demographic relationships despite the low
explanatory power. The odds ratios reveal econaltyi meaningful effect sizes: highn c ome gr oup s 6
2.5x higher odds of toll usage suggests strong income elasticity of demand for time savings, while the
education level effects (some categories showing 43% lower odds) indicate that educational attainment

may proxy for unmeasured preferences or risk attitudes toward toll roads.

5.3 Discussion and Conclusion

This chapter discussed a predictive modeling fram
route choice behavior. Using a combination of descriptive analysis, machine learning (CatBoost), and
traditional regression models, we examined behaviorabrsgs to MBUF under varying vehicle
efficiencies, t ol | rates, and cost transparency |
MBUF is strongly moderated by how cost information is presented. While MBUF rates alone had limited
impact on rate preferences, clearly communicating the total monetary burden significantly influenced

switching behavior. This suggests that successful MBUF implementation may depend less on the specific
pricing structure and more on transparent cost communicatidmeiRhan centering policy debates on
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MBUF versus fuel tax models, emphasis should be placed on improving user awareness of total travel
costs, which appears to be a stronger driver of behavioral change than the fee mechanism itself.

The CatBoost classifier achieved an overall accuracy of 87%, indicating robust predictive performance.
The Ftscore was 0.92 for netoll users and 0.72 for toll users, reflecting class imbalance. Both logit and
probit regression models corroborathdse machindsarning findings, demonstrating consistent
demographic effects despite poor overall model fit (pseudo R2 < 0.15).

The SHAP analysis revealed that the most influential predictor isegmifted toll road usage frequency,
indicating behavioral consistency. Age emerged as the second most significant variable older individuals
were less likely to choose higiost roadslikely due to fixed incomes or risk aversion. Departure time

was also important early commuters favored toll routes to avoidipmakcongestion, supporting the
economic principle of tim@alue tradeoffs. Other notable factors included:

1 Income, education, and employment showed variable effects, suggesting that demographic
responses to toll pricing acentext dependent
1 Alarger cost difference between toll and ftot options discouraged toll use.

When a cost summary was provided, users often switched to lower cost roads, implying that people
underestimate the impact of MBUF when only shown the rate. Seeing the full financial burden prompted
route reassessment. SmartTrip users and those using sbaessdnded to prefer higlost roads,

possibly because cesharing reduces individual toll burden. In contrast, Uber/Lyft users and transit
riders were more open to toll options. Those with higher education levels were also more inclined to
select tollroads. Importantly, while explicit MBUF rate values showed minimal direct impact on choice
behavior, the total cost implications significantly influenced decigidrighlighting the importance of
perceived financial burden over fee structure.

One limitation of this study is the relatively narrow range of MBUF rates tested (2 to 15 cents per mile as
shown in Table 3.2)hich may not have been sufficient to capture the full spectrum of behavioral
responses, as the next chapter shows that these rates do not raise costs enough to induce major changes in
route choice. Beyond pricing, the stated preference scenarios did nohdoliparate reafime traffic
conditions, which could also influence route preferences under higher cost séeadthiosighsuch

dynamic modeling would only be meaningful if MBUF rates themselves were varied in real time, which
is difficult to implement administratively. Future research should explore multimodal contexts, integrate
reaktime information dynamics, and test higholl scenarios to assess nonlinear responses. Despite these
limitations, the current findings still offer actionable policy insights: even modest MBUF levels influence
route decisions, particularly when supported by summary information, indicatirtgpihearent
communication of costime tradeoffs can enhance user acceptance.
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Chapter 6. Deriving State-Level Insights
6.1 Overview of Explored Methodologies

In order to evaluate the statewide impacts of MileBgsed User Fees, our team explored multiple
methodological directions that connect individielel behavioral insights from Chapter 4 and 5 with
networklevel travel outcomes. At the core, the chalketay in how to meaningfully apply machine
learning and choice models in an already trained statewide framework. Initial efforts discussed in
Chapters 4 and 5 focused on using our collected survey and behavioral data to train ML models, exploring
variatiors such as panel effects and monotonicity constraints. These models provided insights into
variable importance and traveler preferences. However, key limitations emerged, especially in the
restricted scope of applying such models directly to statewidectimt({since commonly an origin
destination pair is connected by more than two routes or the mode set available between-an origin
destination pair may not include transit or paridride as modes). We also recognized gaps in the state
of the art, particdrly the difficulty of scaling detailed behavioral models to the level of a statewide travel
demand model.

We also considered extrapolating Nbased predictions to larger populations through synthetic

population generation. While this offered a pathway to apply attitudinal responses across geographies, it
required careful reconciliation of survey data with pubthtasets like Public Use Microdata Sample

(PUMS) and National Household Travel Survey (NHTS), raising issues of spatial mismatch (PUMAS vs.
TAZs) and error propagation in synthetic estimation. In parallel, we examined direct use of the North
Carolina Satewide Travel Demand Model (NCSTM) in TransCAD. This allowed us to vasnjer

charges by adjusting linkeveltolls buthad limitations: the model does not explicitly incorporate fuel tax
variability by vehicle type, and it does not draw on our observed survey data. Finally, we explored hybrid
backof-the-envelope estimates that attempted to approximate route utilitiesnlyining TransCAD

flows with routing models, though these approaches mimic traffic equilibrium considerations.

From these explorations, we converged on three complementary strategies that balance feasibility with
analytical rigor: (a) analyzing nemverlapping routes between representative dragstination pairs to
evaluate how generalized travel costs changemuvarying MBUF rates implemented as lilgkel tolls,

(b) running the NCSTM/TransCAD model with varying MBUF rates implemented atehek tolls, (c)
extrapolating survey agree/disagree statements to the statewide scale through synthetic population
gengation, and (d) framing policy guidance primarily from the comparative insights across these
analyses. These details are discussed next.

6.2 Route Choice Impact Analysis

Let "Odenote the finite set of all traveler groups between an ediggtination pair, where each gro@

O's characterized by their vehicleds mileage and
income bracket of the traveler. Foreach gréufet denote the travehou)y, 6s val ue
andd denote the vehiclebs mil eagwrie$hbetweem$lO/teand per gal
$50/hr (NCSTM), whil¢ ranges between 15 and 75 miles per gallon (for reasonable mileage values).

Cost structure under fuel tax and MBUF regimes

Under the current fuel tax regime, the effective fiadhted cost per mile depends on both the total

di stance traveled andi t bhnef v e hrépedert thesbade tuel priceeando n o my .
the fuel tax (both in $/gallon), respectively, then the effectivemqecost for a groufXtraveling along

link (‘QQof lengtha (in miles) is given by:

T f 1 t—
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Under a mileagdased user fee (MBUF) regime, the cost per mile is independent of fuel efficiency and
depends only on total distance driven.lLet  denote the MBUF rate (in $/mile). Then:
. ;
T f tr— I ta

Approximate Equilibrium Representation

At equilibrium, the set of used paths between an drégstination (OD) pair have equal and minimal
generalized costs. Formally solving for a full stochastic user equilibrium with heterogeneous travelers and
pathspecific cost functions on a statewidewatk is analytically intractable (Boyles et al., 2020).

Therefore, we employ an approximate procedure to demonstrate the potential magnitude of route cost
changes under a uniform MBUF implementation.

We identify up to four notoverlapping shortest paths between a representative OD pair (from the
Charlotte region to the north of Raleigh) using the ESX algorithm; See Figure 6.1. Recent advancements,
such as those by Chondrogiannis et al. (2020), impupea dissimilar path construction by generating
"Gnonoverlapping shortest paths, moving beyond the limitations of candidate path sets (Liu et al., 2017).

We consider shortest nanverlapping routes with less than 10% spatial similarity to ensure that all routes
are realistically feasible between the OD pair while still allowing for meaningful variation in travel length
and time. If overlapping segments wailwed, path lengths would be even more similar, implying
smaller differences after MBUF implementation. Hence, our analysis represents a conservative upper
bound on potential variation in route costs.

Central_NC — 4 Alternative Routes

Path 1
Path 2
Path 3
Path 4

Winston-Salem

Rirlinatan _ .Mahane
Greenshorg. Path 3: 166.6 mi, 214 min
T

Path 1: 153.0 mi, 157 min
Durham

Chapel Hill

Path 2: 1657.5 mi, 187 min
"\ Path 4: 193.3 mi, 243 min

s Fuquay-Varina wilson's Mills
(C) OpenStreetMap contributors

Figure6.1 Four nonoverlapping shortest routésr a traveler from Charlotte, NC, sonorthwest
location near Wake Forest, NC

Generalized Cost Formulation

We assume that these four paths “ H H H  are the equilibriurused routes prior to MBUF
implementation. Each pathis associated with travel time and lengthx . The generalized cost for a
traveler groupQbefore MBUF is given by:

8 T

[ 1

0 i | O
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After MBUF implementation, the generalized cost becomes:

I
—  fEni®

0 r | o

If travel behavior and route choice remain unchanged immediately after implementation, the only
difference between these two expressions lies in the boldedlt®d terms.

We next adjust travel times across the four paths so that, under the 'before’ scenario, their generalized
costs are equal, reflecting the equilibrium condition that all used paths have equal and minimal
generalized cogthat is,0 is identical for all path$, represented by ). We then recompute

the generalized costs after introducing the MBUF and measure the relative deviation among the four path
costs foreachh K H combination assuming the fuelx and total fuel cost were set at

approximately 43 cents/gallon and $3.04 per gallon, respectively (representative of the state average in
2024).

Specifically, for each combination of VOT, MPG, and MBUF rate, we compute:

o I A@ ; i EDj
3IDGAA p T

5

This metric quantifies how much the generalized cost across the fowvadapping routes diverges
after MBUF implementation relative to the baseline.

Results and Interpretation

Figure 6.2 presents the resulting heatmaps of cost spread (%) across all combinations of VOT and MPG
for six representative MBUF rates ranging from $0.015 to $0.04 per mile. Even for the most vulnerable
traveler groupd those with low value of time and owgj car with high fuel efficiendy the maximum

cost spread across routes is less than 1.5%. Because such groups typically represent a small share of the
total driving population and often do not own the higledfitiency vehicles, the practical impacts are
expected to be even smaller.

These findings suggest that a uniform MBUF rate within the studied range will not significantly alter
route choice behavior, as the differences in generalized cost across feasible paths remain negligible
relative to overall trip cost and time. HowevelMiBUF rates were differentiated by traveler type, vehicle
class, or roadway category, the resulting disparities could be larger. Previous studies, however, note that
such differential rate structures are administratively complex and challenging to impéardenistain

from a policy and publiacceptance standpoint. When combined with the findings from the previous
chapter (showing that cost transparency itself influences behavior more strongly than marginal price
changes), it becomes evident that-tiaglayroute costs for individuals are unlikely to change
meaningfully under MBUF. This is because current fuel expenditures already reflect difiisane
differences, meaning that longer routes naturally incur higher gasoline costs even without an additional
permile fee.
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in generalized cosexpressed as a percentage, computed

across the four routes shown in Figure 6.1. Each cell reports the absolute spread in generalized,cost (in $)
that is, the difference between the maximum and minimugn values divided by the baseline

generalized cosi for the corresponding r o UMP@ @niles per gallon) and VOT (value of time)

6.3 NCSTM Model and Toll-induced Behavioral Change

This section analyzes the second methodological approach, using the North Carolina Statewide Travel
Model (NCSTM Gen4.5) to simulate MBUF as a mileggeportional toll. The NCSTM Gen4.5is a
multimodal,time-of-day-sensitive travel demand model developed in Trans@Af&ssess highway and

freight system performance across the state. The model comprises both person and freight travel modules
and distinguishes between shdistance and londistance trip purposes. It incorporates houselaldl
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sociaeconomic characteristics and land use data to simulate base and future year scenarios (2017 to
2045) under multiple pricing, infrastructure, and policy configurations.

From a network perspective, the NCSTM integrates regionally significant and statewide roadway

networks, including enhancements in urban centers to reflect finer connectivity. The model contains

traffic assignment algorithms, centroid connectors, interandegtpil, and topographic corrections.

Scenariss peci fic networks, housed in the model 6s Scen:
network and include customizable project and toll configurations.

A core feature of Gen4.5 is its implementation of a toll choice model to estimate traveler responses under
alternative pricing regimes. The toll model uses a Mixed Multinomial Logit (MMNL) specification,
calibrated using stated preference (SP) surveystheririangle Expressway, Monroe Connector, and
Metrolina regions. This approach enables simulation of differentiated willingogss/ for time savings

across market segments (e.g., income groups, trip purposesfttag), allowing for behavioral

eladicity in route choice.

6.3.1 Highway assignment and toll modeling in NCSTM Gen4.5

The NCSTM Gen4.5 employs a mutiiass user equilibrium (UE) traffic assignment procedure to allocate
vehicle flows across the statewide highway network. The model utilizes t@oifjiigate FrankWolfe
algorithm implemented in TransCAD, which is optindZer convergence performance and employs
feedback loops to iteratively update impedance skims and travel demand.

During each assignment iteration, vehicle demand generated from the trip distribution and mode choice

steps is assigned to the network using impedance skims representing travel time and generalized cost for
each origirdestination (GD) pair. The highway etwork is segmented by facility type, area type, and

travel direction (AB/BA), with centroid connectors providing access between Traffic Analysis Zones

(TAZs) and the road network. Travel times are dynamically updated using Bureau of Public Roads (BPR)
volume delay functions (VDFs) that have been calibrated to North Carsjigaific traffic conditions.
Assignment iterations proceed unti/l a convergence
achieved.

Toll modeling is embedded within the assignment process through the incorporation of additional cost
components in the generalized cost function. Auto and truck vehicle classes are assigned toll values based
on directionspecific link attributes (such aslamns AB_AUTOTOLL_PK and BA_AUTOTOLL_OP).

These tolls are converted into equivalent time costs using rreegetenspecific Value of Time (VOT)
parameters. The VOTSs vary by income group, trip purpose, anebfiaigy, and are derived from

coefficients esmated via MMNL models using data from multiple Stated Preference (SP) surveys. For
example, peakeriod commuters exhibit higher sensitivity to time savings and are thus more likely to opt

for tolled facilities, whereas cffeak travelers may divert totolled routes.

To simulate behavioral responses to toll changes, modified network scenarios were developed wherein
toll values (e.g., $0.05, $0.70 per mile) were applied to selected highway segments or the entire network.
Each modified scenario was subjected to the ddEhassignment procedure as the base case. This
approach allows for controlled evaluation of the influence of toll visibility on traveler route choice and
systemwide performance metrics.

The model 6s Toll Choice step incorpor-wlipatesstot he ¢ omp
update utility values in both mode choice and route selection stages. These updated utilities influence a
reallocation of trips across the network. Thedieack mechanism ensures consistency between assigned

flows and utility-based route preferences across successive iterations, thereby capturing the dynamic
equilibrium of user route choice under varying pricing scenarios.
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6.3.2 Assignment output metrics

For each toll scenario and time period, TransCAD generates a comprehensive set of network performance
metrics to evaluate changes in traffic conditions under different pricing and demand settings. The primary
flow metrics include directional link flows (ABnd BA), total flow on each link, and flow adjusted by
passenger car equivalents to account for truck impacts. System efficiency is represented by total vehicle
miles traveled (VMT), total vehicle hours traveled (VHT), maximum congested travel timdyeand t

highest volumedelay function (VDF) ratio, which identifies oversaturated links.

Toll and cost metrics are derived from directgpecific toll charges by vehicle class and time of day,

along with the generalized cost combining tolls, travel time (converted using value of time), and operating
costs. Cumulative toll revenue is compusstthe product of assigned flows and toll values across tolled
segments.

The key performance indicator, Total System Travel Time (TSTT), aggregates the time spent by all
vehicles across the network, computed as the sum of flow multiplied by congested travel time on each
link. Higher TSTT reflects greater congestion and delaking it a useful measure to compare the
efficiency of alternative tolling strategies. While tolling can reduce VMT through route or mode shifts, it
may also increase TSTT when traffic diverts to slower, levegracity corridors. Evaluating TSTT across

toll levels helps reveal whether MBUF implementation improves network throughput or creates localized
inefficiencies.

The NCSTM assignment is performed across four distinctdifsaay segments to capture fluctuations in
travel demand and congestion as shown in Table 6.1.

Table6.1: Time period definitions in NCSTM

Time Period Hours Description
AM 6:00AM T 9:00AM | Morning peak(commuteto work/school)
MD 9:00AM 1 3:00PM | Midday (shoppingservicesschooltrips)
PM 3:00PM1 6:00PM | Eveningpeak(commutehome)
NT 6:00PM1 6:00AM | Night (freight, discretionarypvernighttrips)

6.3.3 Base Model: baselines TSTT before MBUF

To compare the baseline and policy scenario outputs, Model A presents the TSTT before implementing
the MBUF. Table 6.2 summarizes the baseline TSTT prior to implementing any MBUF scenarios. As
shown, the midday (MD) period exhibits the largest baselinelttame burden, with over 106,000 hours

of TSTT, compared to approximately 38,000 in the morning peak (AM) and 53,000 in the evening peak
(PM). Interstate contributions are relatively small in magnitude compared to regional roadways, which
account for théulk of systerrwide travel time in every period. The nighttime (NT) period, while lower
than midday, still reflects significant system use with nearly 88,000 hours of travel.

Table6.2 Model A: Baseline TSTT values across time periods and network types before applying MBUF

scenarios
Period | TSTT (Before) Hours | Interstate TSTT Before (Hours) | RegionalRoad TSTT Before (Hours)
AM 38,020.25 46.93 581.80
MD 106,582.52 119.26 1,641.73
PM 53,436.31 59.76 820.63
NT 88,064.17 103.73 1,348.39
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6.3.4 Model with MBUF: changes after MBUF application

Model B applies a fixed MBUF rate by multiplying the length of each road segment with the
corresponding pemile charge, which is represented in the model as a toll. This framework allows us to
evaluate hovsystemwide travel outcomes shift under different jpeite fees.

This section analyzes how TSTT and VMT respond to varying MBUF rates across four time periods:
AM, MD, PM, and NT. TSTT and VMT are evaluated both before and after the application of tolls

ranging from $0.05 to $2.00 per mile. We deliberately tested vakibiggh as $2.00 per milewell
beyond practical implementation lev@lén order to assess the thresholds at which MBUF rates begin to

produce significant impacts on route choice and travel outcomes. A summary of these results is presented

in Table 6.3 andliscussed next.

Table6.3 Model B: TSTT percentagehangedor full, interstateandnoninterstatenetworksundervarying

MBUF toll levels (units are dollars per mile)

Full Network TSTT Full | Interstate TSTT Non-Interstate %

_ (Hours) Network (Hours) % Change|  TsTT Change

Time | MBUF TSTT % (Interstate | (Hours) (Non-

Change TSTT) Interstate

Before After Before | After Before |  After TSTT)

$0.05 38,041.68 | 0.01% 46.63 -0.65% 582.1443| 0.06%

$0.08 Q 38,041.68 | 0.06% - 46.52 | -0.87% © 582.4916| 0.12%

am |_$0.15 = 38,104.52 | 0.11% % 46.3 -1.34% = 582.9448| 0.20%
$0.30 ot 38,104.52 | 0.22% ~ 45.79 | -2.43% | © | 584.0765 0.39%

$0.70 @ 38,212.24 | 0.50% 44.7 -4.75% 586.7685| 0.85%

$2 38,556.98 | 1.41% 41.56 | -11.44% 594.6808| 2.21%

$0.05 106,664.81 | 0.08% 118.87| -0.33% 1643.325| 0.10%

$0.08 D 106,691.66 | 0.10% © 118.6 | -0.55% ® 1643.935| 0.13%

MD $0.15 % 106,783.06 | 0.19% S 117.97 | -1.08% g 1646.104| 0.27%
$0.30 < 107,015.00| 0.41% d 116.91| -1.98% © 1650.453| 0.53%

$0.70 = 107,587.52 | 0.94% 114 -4.42% 1662.2 | 1.25%

$2 109,430.04 | 2.67% 106.29 | -10.88% 1698.117| 3.43%

$0.05 53,472.74 | 0.07% 59.56 | -0.34% 821.2928| 0.08%

$0.08 o 53,479.19 | 0.08% © 59.46 | -051% | | 821.5183] 0.11%

pv |_$0.15 2 53,521.35 | 0.16% ™ 59.15 | -1.03% | & |822.3426| 0.21%
$0.30 - 53,591.01 | 0.29% 0 58.6 -1.95% | & | 824.0391| 0.42%

$0.70 0 53,795.00 | 0.67% 57.18 | -4.32% 828.3395| 0.94%

$2 54,456.63 | 1.91% 53.26 | -10.87% 841.5299| 2.55%

$0.05 88,114.54 | 0.06% 103.42 | -0.30% 1349.472| 0.08%

$0.08 g 88,137.49 | 0.08% o 103.17| -054% | o | 1349.952| 0.12%

NT | $0.15 e 88,260.93 | 0.22% 5 102.71| -0.98% | o | 1352193 0.28%
$0.30 = 88,429.91 | 0.41% = 101.96 | -1.71% | © | 1355.823) 0.55%

$0.70 ® 88,896.62 | 0.95% 99.62 | -3.96% 1364.892| 1.22%

$2 90,406.56 | 2.66% 92.91 | -10.43% 1394.258| 3.40%
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Across all time periods, the riseTiSTT with increasing MBUF rates is minimal, even at very high toll
levels. For instance, TSTT increases only alo#fo during the AM, 2.7% during midday, 1.9% during
PM, and 2.7% during nighttimehen the toll reaches an extreme rat8200 per milefar exceeding any
realistic policy scenario. These marginal changes indicate that MBUF has limited influence on-network
wide congestion. Most travelers maintain their original routes, especially during peak hours when
alternatives are constrained, while-pfak increases stem from minor rerouting to avoid tolled links.
Overall, the results imply that even large MBUF rates are unlikely to trigger significant behavioral or
systemlevel changes, underscoring that route ohaigpacts remain negligible under realistic, revenue
neutral implementations.

Figure6.3showsthe percentagehangan TSTT acrosdifferenttoll levelsandtime periods.A consistent

upward trend is visible as toll rates increase, with more substantial changes occurring at higher toll levels.
The night and midday periods show the highest TSTT increases, reaching 2.66% and 2.67% respectively
underthe$2.00scenario.The AM andPM periodsshowrelativelysmallerincreasesf 1.41%and1.91%,

which mayreflectlimited reroutingoptionsor morestablecommutingbehavior. Thelower TSTT growth
duringpeakperiodampliesthatmanyuserscontinueto travelon preferredoutesdespiteheminorchanges

in costs, whereas midday and nighttime travelers show greater sensitivity.

TSTT % Change by Toll Level and Time Period
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Figure6.3 Percentage change I8 TT by MBUF level ($/mile) and time period
6.3.5 Model with MBUF: VMT Analysis across time-periods

As shown in Table 6.4, the implementation of MBUF scenarios reveals a consistent downward trend in
VMT across all time periods as toll rates increase. This pattern reflects the sensitivity of travel demand to
cost increments, especially in discretionaryyon-commute trips. A comparative analysis was conducted

for AM, MD, PM, and NT periods across six toll levels ($0.05, $0.08, $0.15, $0.30, $0.70, and $2.00 per
mile).

VMT is consistently lower under MBUF scenarios, indicating that longer routes become less attractive as
drivers adjust toward shorter or more direct paths. Across all time periods, VMT declines modestly with
increasing MBUF rates, confirming that overadiiel behavior is only mildly sensitive to peiile cost

changes.
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During the AM period, VMT decreases by about 0.79% (from 108.76 to 107.90 million miles),
suggesting minor route optimization or trip consolidation among commuters. The midday (MD) period
shows the highest sensitivity, with VMT dropping by 0.87% (from @780 276.55 million miles), likely
due to the more discretionary nature of fday trips such as errands, deliveries, and appointments. The
PM period exhibits slightly smaller reductions of around 0.81%, reflecting a blend of inelastic work
related travelnd elastic discretionary movement. During the night (NT) period, VMT declines by about
0.87% (from 233.48 to 231.45 million miles), suggesting that even idemand periods often

involving freight or flexible logisticd adjust modestly in response toqgimg.

Table6.4 Summary of Vehicle Miles Traveled (VMT) by Period and MBUF Rate

Period and MBUF rate VMT (Before) VMT (After) Abs. Reduction VMT % Change
($/mile) (miles) (miles) (miles)
$0.05 108,758,027 108,721,896 36,131 -0.03%
$0.08 108,699,861 58,166 -0.05%
AM $0.15 108,661,018 97,009 -0.09%
$0.30 108,559,695 198,332 -0.18%
$0.70 108,332,678 425,349 -0.39%
$2.00 107,897,354 860,673 -0.79%
$0.05 278,973,947 278,893,885 80,062 -0.03%
$0.08 278,838,863 135,085 -0.05%
D $0.15 278,729,489 244,458 -0.09%
$0.30 278,448,068 525,879 -0.19%
$0.70 277,848,492 1,125,455 -0.40%
$2.00 276,549,633 2,424,314 -0.87%
$0.05 142,581,225 142,535,836 45,389 -0.03%
$0.08 142,511,174 70,051 -0.05%
o $0.15 142,456,641 124,584 -0.09%
$0.30 142,330,595 250,630 -0.18%
$0.70 142,030,918 550,308 -0.39%
$2.00 141,420,654 1,160,571 -0.81%
$0.05 233,482,841 233,407,340 75,501 -0.03%
$0.08 233,366,481 116,360 -0.05%
NT $0.15 233,260,537 222,304 -0.10%
$0.30 233,028,328 454,513 -0.19%
$0.70 232,528,676 954,165 -0.41%
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$2.00 231,448,352 2,034,489 -0.87%

Overall, reductions remain below 1% even at the extreme $2.0Qifgerate, implying that MBUF has

limited impact on aggregate travel demand. These consistent yet small decreases across all time periods
suggest that travelers are optimizing routes andjimally reducing mileage, but largeale shifts in total

travel behavior are unlikely under realistic or revenaatral MBUF implementations.

6.3.6 Model with MBUF: analysis of links with greater than 10% flow change across time periods

The percentage of network links experiencing greater than 10% change in flow is a key indicator of how
toll pricing affects route choice behavior and system stability. A high percentage signals significant route
switching, while lower percentages suggestarstable travel patterns. This section presents a time

period wise evaluation based on observed simulation results under MBUF toll scenarios.

Across theAM period, the proportion of roadway links experiencing more than 10% flow change

provides insight into how tolls disrupt usual travel patterns (See Figure 6.4). At a $0.05 toll, only 0.51%
of links undergo significant change, showing minimal network disturbancéeAslt increases to $0.08

and $0.15, the proportion rises to 1.84% and 3.12%, respectively. At $0.30, over 6.49% of links exhibit
large flow deviations, indicating mowidespread behavioral adjustment. The impact becomes more
pronaunced at $0.70, with 12.78% of links affected. The $2.00 toll results in a substantial 26.42% of links
experiencing over 10% flow charyémplying systerrwide rerouting, likely from higftost avoidance.

These valueshowa nonlinear response, where meditoahigh tolls significantly alter route choices and

load distribution across the network.
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Figure6.4 All periodsi Percentage of Links with >10% Flow Change

Across all periods, the share of roadway links experiencing more than 10% flow change rises sharply as
MBUF rates increase. During the midday period, affected links grow from just 0.5% at a $0.05 toll to
24.4% at $2.00, reflecting substantial reroutingigher rates. The evening period shows a similar

pattern, with affected links increasing from 0.9% to 23.8%, while nighttime flows shift from 1.5% to
25.2% across the same toll range. These results indicate thabrhighlevel MBUF rates can trigger
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widespread rerouting across the network, with notable shifts concentrated on alternative corridors as
travelers seek to avoid tolled segments.

6.3.7 Flow Change Visualization

Figure 6.5 highlights links with over 20% increase in traffic flow. Analysis reveals that major increases in
flow are concentrated near urban centers and along interstate corridors in central and eastern North
Carolina. These whithued links indicate potgial congestion or rerouting impacts and may represent
critical infrastructure under increased demand. The interactive tooltips further aid interpretation by
displaying before and after volumes and percent change for each segment. This aligns witthidime int

that MBUF can encourage preference for shorter distance routes over shortest time routes; however, we
note that these differences are fairly minor and only show up at very high MBUF rates ($2 per mile).

+ Huntngtor

Louisville

Figure6.5 Flow changevisualizatiorfor links with >20%flow increase

6.3.8 Model with MBUF on interstatesonly

A comparative case was tested applying MBUF exclusively to interstate facilities at $0.70/mi. In this
scenario, TSTT on interstate segments decreased by up to 6% due to traffic diversion, whikerstate
routes experienced up to 5% higher travel tiared localized congestion. Flow changes concentrated on
parallel arterials near urban centers, demonstrating that paetigbrk pricing can shift congestion
spatially rather than reducing it systevide.

Table 6.5 highlights the top 10 links with the highest relative increase in traffic flow under the non
interstate tolling scenario during the MD period. Notably, links such as 65390 and 65403 experienced
dramatic increases due to extremely low baselinesfiinear zero), which amplify percentage changes.
This pattern suggests previously underutilized links are now absorbing significant rerouted traffic. Mid
tier links like 55184 and 50442 also saw major shifts, indicating redistribution from tolled ir@etsia
alternative local routes.
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Table6.5 Top 10 Links with Highest Flow Changes (MD, Nbrterstate Scenario)

Link ID | Flow Before(veh) | Flow After (veh) Change
65390 0.000040 35.156183 35.156143
65403 0.000040 35.156183 35.156143
55184 0.012030 4523.043986 | 4523.031956
50442 0.012030 4523.043986 | 4523.031956
55136 0.012030 4046.356633 | 4046.344603
15269 0.002678 374.854691 374.852013
15283 0.002678 374.854691 374.852013
15401 0.002678 374.854691 374.852013
15258 0.002678 374.854691 374.852013
15399 0.002678 374.854691 374.852013

6.3.9 Limitations of NCSTM Analysis

While the NCSTM framework provides a useful statewide view of netteséd impacts under varying

MBUF rates, several limitations constrain the precision of behavioral inference. (a) The model does not
explicitly incorporate fuel tax parameters in its dosinulation, meaning that MBUF is applied as an
additional toll rather than as a replacement for existing fuel taxes. (b) The simulation relies on embedded
statewide calibration parameters and does not directly integrate our observed survey dataptunech ca

user perceptions and preferences. (¢) The model treats travelers as homogeneous with respect to vehicle
fuel economy and income, omitting heterogeneity in utility and sensitivity to pricing. Moreover, the

current version of NCSTM does not dynamicatipdel freight route changes under tolling scenarios,

limiting insights into commercial vehicle behavior.

Despite these limitations, the analysis remains valuable for understanding how systemwide VMT and
TSTT respond across different MBUF levels. The marginal variations observed suggest that while
statewide impacts are modest, localized effects could emedge differential rate structurédssuch as
higher rates on interstates or incosansitive pricing schemes.

6.4 Synthetic Population Analysis

To overcome the limitations of TransCAD modeling, we developed a synthetic population framework to
estimate individualevel travel behavior across North Carolina where the choice model can be applied.

As shown in Figure 6.6, we began with the Public Userddlata Sample (PUMS) to generate secio
demographic profiles for each Public Use Microdata Area (PUMA), and the National Household Travel
Survey (NHTS) to capture travel behavior variables. Because census data does not provide conditional
distributions, oth datasets were expanded using Bayesian networks to approximate dependencies across
attributes.

Survev Dat CatBoost & Logit o SHAF Analysis &
Lrvey Lata Modeling Performance Metrics
—

KHH E Prediction for
HEtan any FUMA im NC

PUMS B MHTS Bayesian Hetwork Synthetic Data

P +* -
Data Generation Generation

Figure6.6 Syntheticpopulationgeneratousedfor extendinghemodelto statewideanalysis
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A Bayesian network (Barbroekohnson and Penn, 2022) is a model that learns probabilistic relationships
between variables in a dataset and generates synthetic data consistent with those relationships. A
Bayesian network is represented as a directed agygelph (DAG), where each node corresponds to a
variable and each edge represents a conditional dependency. In other words, the network encodes how
each variable probabilistically depends on its parent nodes.

These synthetic datasets were then statistically matched threNgiatest Neighbors (KNN) on common
variables, producing a fused dataset that realistically combinesdmmiographic and travel behavior
information.

With this fused synthetic survey dataset, we trained predictive ndodpkcifically CatBoost and logit

model® to estimate responses to seven attitudinal survey questions. Performance metrics were compared
across models, and SHAP (SHapley Additive exPlanagjianalysis was used to explain prediction

drivers. The final framework allows us to generate behavioral predictions for any PUMA in North

Carolina, effectively extending survey insights to regions where direct data collection is infeasible. The
flowchat illustrates the entb-end process: from raw data, Bayesian expansion, and fusion, to modeling,
prediction, and interpretability.

Figures 6.7 shosa sample analysis for key questions on a scale of 1 to 5 (1 = strongly disagree and 5 =
strongly agree). Overall, responses to the statem
tax | pay" were fairly neutral across the state, with many retgrds neither agreeing nor disagreeing;

however, regression modeling revealed slightly higher agreement levels in some eastern counties. For the
guestion Al wil!/l prefer to drive fewer miles if t
observe, with slightly higher agreement in the western region of North Carolina. It is important to note

that these differences are relatively minor, suggesting that impacts may not be highhspegifin. We

refer the reader to EBP US, Inc. (2020) for addiil analysis on regiewide impacts of MBUF.

While the model provides a useful framework for statel extrapolation, some limitations remain,

particularly the scarcity of detailed datasets (e.g., type of vehicle ownership). The trained machine
learning models primarily rely on age and-tadle frequency as key predictors, which reduces variability
across counties or PUMA regions since people of all ages reside in each area. Consequently, regional
differences should be interpreted as indicative rather than statistically significant. Additionally, a

Bayesian network assumes conditional independence of variables given their parents, which may not hold
for complex or nonlinear relationships. It can also converge to local optima when datasets are small or
noisy.

My route choice is not impacted by I will prefer to drive fewer miles if
the amount of tax | pay fuel taxis replaced by MBUF

w w w w w w w
° o ° ° o ° °
= < d 3 o] & <

Increasing agreement with the statement Increasing agreement with the statement

Figure6.7 Statewideextrapolatiorof theagreementvith the statemen(left) i M youtechoiceis not
impacted by the amount of tax | pay", and (rigittyill prefer to drive fewer miles if fuel tax is replaced
by MBUFO
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An additional limitation throughout this chapter lies in the assumption that only mode and route choices
are affected by the transition from a fuel tax to an MBUF system. In practice, broader economic,
demographic, and political factors are likely to iefice longterm travel behavior and VMT in North

Carolina. Several urban centers in the state rank among the fastest growing in the nation, driven by shifts
in land use, real estate development, and demographic change. As such, future VMT patternawdill depe
not only on pricing mechanisms but also on the evolving spatial and economic structure of the state.
While this study provides reasonable analytical andJo&tke-envelope numerical estimates, a more
detailed, adaptive modeling framework, integratangd-use, demographic, and econorf@edback will

be necessary for robust lotgrm MBUF planning and implementation.
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Chapter 7. Findings, Recommendations, and Implementation Plan
7.1 Summary of Findings

This study evaluated the lontgrm feasibility and impacts of MBUF as an alternative revenue mechanism

for North Carolinads transpor t atocumentedlyngatioasof The m
the fuel tax, especially as vehicles become moieigfit and zereemission models grow in number. The

literature review showed that while MBUF offers the potential for a more sustainable and equitable

funding model, its adoption faces hurdles related to fairness, privacy, technology implementation, and

public acceptance. Importantly, previous pilot programs have shown that even srmaillepeates can

match or exceed current fuel tax revenue streams, but there is limited understanding of behavioral and
distributional effects at the statewide scale.

Building on this foundation, we developed and deployed the Survey to Understand the Impact of MBUF

on Travelersd Choices (SUMTC) across North Caroli
(RP) and stated preference (SP) components, collectindededemographic, household, and travel

behavior information. More than 800 valid responses were analyzed to evaluate how people balance time,
cost, and convenience when faced with MBUF scenarios. The descriptive statistics showed that cost, time,
and conenience are the dominant criteria shaping mode and route choice, with the majority of

respondents continuing to rely on personal cars powered by gasoline. Many respondents expressed
willingness to shift from fuel taxes to MBUF provided that the cost fjerémained reasonable,

indicating that user acceptance may depend more on perceived burden than on the fee mechanism itself.

The analysis of joint RSP discrete choice models offered insights into the factors that influence mode
choice. Results showed that higher MBUF rates lowered the likelihood of choosing to drive alone,

carpool, or use paréindride facilities, with sensiities varying across socidemographic groups and

trip purposes. Fullime workers reacted more to MBUF for work trips, while students exhibited greater
sensitivity for recreational travel. Younger individuals reacted more strongly to MBUF changessin term

of their mode choice compared to older adults. In addition, higher parking fees, tolls, and transit fares
further reduced the attractiveness of both motorized and shared modes. These findings showed that mode
choice is shaped both by travel costs anddayjographic and tripurpose characteristics, emphasizing

the need to consider differences across groups in policy design.

In contrast, the route choice analysis highlighted different behavioral factors. Using machine learning
models and regression approaches, we found thategalfted toll road usage frequency was the

strongest predictor of route preference, reflecting Wehal consistency. Age again emerged as a key

factor, with older individuals less likely to select higbst or toll routes, while early commuters showed a
greater likelihood of paying for toll roads to save time. Cost differences between tolled aodatbn
alternatives discouraged the use of higher cost routes, and providing a total trip cost summary often
prompted travelers to switch away from tolled routes. Together, these results indicate that route choice is
primarily influenced by habitual toll es cost transparency, and thofeday considerations, while mode

choice decisions are more strongly tied to demographic attributes, trip purposes, and generalized travel
costs.

Building on these findings, we developed a synthetic population framework combining the Public Use
Microdata Sample (PUMS) with the National Household Travel Survey (NHTS). Using Bayesian
networks and KNearest Neighbors (KNN) matching, we generated awtdé synthetic dataset with
socicdemographic and behavioral attributes. Predictive models, including CatBoost classifiers and logit
regressiond were trained on this dataset to extrapolate attitudinal survey responses across all Public Use
Microdata AreagPUMAS) in North Carolina. The models performed well overall, with CatBoost

achieving 87% accuracy. SHAP analysis revealed that toll usage frequency, age, departure time, and
income were the most influential predictors of route choice under MBUF. Tla¢ewisle extensions
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confirmed that while direct MBUF rates showed limited impact on route choice, the perception of total
trip cost strongly influenced decisions, highlighting the importance of transparent cost communication.

At the statewide scale, we also adapted the North Carolina Statewide Travel Demand Model (NCSTM) to
simulate traffic assignment under varying-pg@te charges. Model A established baseline travel times
across periods and network types, while Model B intoedl MBUF rates represented as Jiakel tolls

ranging from $0.05 to $2.00 per mile. Results showed modest increases in Total System Travel Time
(TSTT), primarily driven by rerouting effects as drivers avoided tolled links. Even under extreme MBUF
rates vell beyond practical implementation, overall increases in TSTT remained small, suggesting that
significant networKevel route shifts are unlikely under realistic MBUF scenarios. The variability was
observed across time periods, with midday and nightthoerisig the highest sensitivity, although the
magnitudes were still minor.

Together, these analyses converge on several core findings. First, MBUF is financially viable and can be
calibrated to replace or exceed fuel tax revenues, but behavioral responses are nuanced and uneven across
groups. Second, public acceptance depend®areived fairness and transparency of costs rather than the
technical mechanism, which the pilot studies have achieved in many ways. Thiregidaleyeerouting

effects are unlikely, meaning that network performance will remain stable under plausible MBU

scenarios. Finally, while advanced modeling can improve estimates, pilot programs and surveys remain
essential to grounttuth behavioral assumptions.

7.2 Policy Guidance and Recommendations

The findings of this study support several policy directions for North Carolina and other states
considering MBUF adoption. Foremost, the modest impact of MBUF on netexekperformance
suggests that policymakers should prioritize simple, uniforrmpler rates rather than complex tiroé

day or tripspecific tolling structures. In our analysis, a constanhfitse MBUF produced minimal
behavioral or systedevel changes, suggesting that differential rate structures (e.g., by time of day,
roadway type, ovehicle class) may be needed to elicit stronger mode and route choice changes.
However, such complexity runs counter to earlier policy guidance favoring simplicity, transparency, and
administrative ease. Prior studies, includ8igode et al. (2023have emphasized that tiroé-day or
trip-specific differentiation offers limited congestion benefits while introducing operational and fairness
challenges. A more pragmatic outlook is that simpler, uniform MBUF struétuhesigh unlikely to

induce majoibehavoral shift® are still preferable for ensuring public trust, policy stability, and4ong
term feasibility.

A second key policy direction concerns the importance of cost transparency. Our findings indicate that it
is not the mechanism of parile charging but the perceived cost that drives behavioral response. When
MBUF is implemented in a revernneutral mannér designed to replace rather than add to existing fuel
taxe® it does not substantially change travel costs and, therefore, is unlikely to alter behavior. Clear
communication of how MBUF translates into ttgvel costs can enhance user understanding astofairu

more effectively than rate design alone. Continued pilot programs and public education initiatives are
essential for demonstrating fairness, clarifying misconceptions, and maintaining public confidence during
transition.

Age also emerged as an important behavioral factor: younger travelers and students showed greater
sensitivity to MBUFrelated cost changes, particularly for recreational andwahk trips, whereas older
individuals tended to be more stable in their rartd mode preferences, preferring lower cost modes or
routes. Targeted outreach, such as educational campaigns helping younger drivers recognize how small
permile chargesggregate into meaningful costs, can help improve acceptance while reinforcing the
value of transparent, fair pricing.

Finally, future planning efforts should integrate MBUF into statewide and regional models to evaluate
long- term impacts alongside emerging technologies such as connected and autonomous vehicles (CAVS),
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land-use change, and evolving demographics. Investments in data collection, behavioral modeling, and
technology pilots are warranted to ensure that North Carolina remains at the forefront of sustainable
transportation finance.

The study has a few limitatienthe statewide analysis, in particular, proved challenging to scale due to
constraints in data resolution and the difficulty of aligning suhased behavioral insights with netwerk
level assignment models. While the synthetic population approach dlextapolation of attitudinal
responses across PUMAS, the results remain approximate and may not fully capture local or regional
variability. A more refined extrapolation stratégpotentially leveraging Census trdevel integration or
regionwide surveyd would improve the robustness of statewide forecasts. Furthermore, the survey
sample, though representative of North Carolina demographics, cannot capture the full heterogeneity of
travel behavior across all user groups eesglly freight operators. Future research should aim to address
these limitations through largscale data collection, finer spatial resolution, and more detailed

integration of freight and emerging mobility technologies into {rg planning models.

7.3 Implementation Plan and Technology Transfer

The results of this study are i mmediately i mpl eme
planning framework. NCSTM already includes the necessary functionality to simulatevaikolling.

Since the MBUF does not induce larggale changes in routhoice at revenureutral rates, its

implementation can be modeled by adding an additional toll attribute on selected roadway segments
proportional to the MBUF rate. This capability allows future MBUF policy analyses to be integrated

di rectl y wsasthblished staielvi@eladd regional models without additional software

investments (especially as part of the current strategic prioritization process).

The mode choice models developed under this project can also be used to support planning decisions by
guantifying sensitivity to cost, time, and convenience. These results highlight that traveler behavior is

more responsive to perceived total trip coséatto the rate structure itself, emphasizing that transparency

and communication are more critical than complex pricing strategies. Accordingly, we recommend that

any future deployment of MBUF or related pricing mechanisms prioritize cost transpareralgaand

reporting tools to enhance public acceptance and trust. To facilitate adoption, the research team will
conduct a closeout and i mplementation meeting wit
recorded and will demonstrate how MBUF rates lba embedded into the NCSTM framework, provide
documentation of the Pythdrased data fusion and behavioral modeling tools, and ensure that model

updates can be replicated by agency analysts and MPO partners.

Beyond the immediate application, the research findings provide a foundation for continued collaboration
with NCDOT6és Research and Devel opment Unit and th
synthetic population framework and statewide mappirtgehavioral tendencies can be extended for

other applications such as dynamic tolling, fairness analysis, or environmental impact evaluation. These

tools can also serve as templates for regional adaptation in metropolitan models. Finally, the gnoject te

wi || provide a detailed documentation package and
Research Library and shared with other DOTs throu
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Appendix A. Supplementary Tables and Figures

TableA.1 presents the terminologies for MBUF used in the literature.
Table Al: Terminologies for MBUF Used in the Literature

State MBUF Terminology Used
California RoadChargeMileageFee
Oregon OReGO

Utah RoadUsageChargeg(RUC)
WashingtonHawaii,

MileageBasedJserFee,

TexasColorado

Minnesota Road Usage Charge
N RoadUsageCharge,

Virginia MileageFee

Arizona RoadUsageCharge

New York, Florida,
lllinois, Michigan
North Carolina MileageBasedJserFee,
GeorgiaMassachusetts| Road Usage Charge
Ohio, Pennsylvania,
Wisconsin

TableA2s hows t he technol ogies for reporting and moni

mean different things in different situations. O6L
moderate complexity, and Odourcgimensivd maksodisaissedimor e ¢ h all
National Highway Traffic Safety Administration (2019) and Shrode et al. (2023). Regarding costs,

numerical figures can be more precise than qualit

such costsra not always available. One can estimate costs by considering many elements, including
purchasing, installing, maintaining, and operating equipment. These values are usually given in ranges to
allow for fluctuation.

Table A2: Technologies for Reporting and Monitoring MBUF (Adapted frdmo8e et al., 2023)

Reporting Easeof Administrative Evasion
Method Administration Cost

Manual Odometer Reading (Medium): (Low to Medium):

) . . . Costs may range
Pros:. -Costeffective-No expensivaechnology | Online odometer from $100t0$300, | (Low): Vehicle
neededAllow GPS tracking-Accessible for photo submissions | . . ' ' o

- . o . includingexpenses| o wner s 0
participants without smartphondsower easedministration, related to direct odometer
privacy concerns but in-person .

. - . . . . A workforce for readingsreduce
Cons -Requiregparticipantintentionality inspections inspections or evasion risk
-Lackof GPScapabilitymakes need state P '
. o - online data entry
interoperability difficult. coordination.
systems.
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Smart phoneReporting via Mobile App
Pros: - Registered smartphone must be
in the vehicle- Low maintenance after

installation-High potentialfor privacybreaches.

Cons -Limiting flexibility if multiple drivers
share the same vehicle
-Challengingnitial installationfor drivers

(Low to Medium):
Relativelyeasy
for usergo submit
odometer photos.
Administrative

resourcesieeded
for backend.

(Low to Medium):
App development,
maintenance, and
backend data
processing may
cost between
$200 andb500.

(Medium):
Without GPS
verification,
users may
manipulateheir
records.

OBD-Il Plug-in Device(No GPS)

Pros: -High expense; may require
replacement and upgrades

-Low maintenancefterinstallation.

Cons -Challenging initial installation for
drivers-Limited successvith OEMsin state
pilot programs

(Mediumto High):
Plugandplay
device installation
is relatively easy,
but backend data
processing may

require resources.

(Medium):
Costanayrange
from $250 to
$600, including
devicepurchase,
installation, and
backend data

(Low to
Medium):
Possibility of
devicetampering
exists

processing.
OBD. Il Plug-in Deylce(GPSEnabled) (High): (Low to
Pros. -Mostexpensivdechnology . . L
. . ] (Medium toHigh): | Costs may range | Medium):
-Low maintenancafterinstallation o
o Similar to the from $350to $800, | GPS
-Data generated by the vehicle is ) : . .
o non-GPSoption, including verification
historically routed through OEMs . "
. but with added additional reduces
leading to complex data access. . : . ,
ST . GPS data GPS integration manipulation
Cons -Challenging initialinstallation .
. . : processing. and data but does not
for drivers-Privacyconcernslueto detailed . L .
L ; processingosts. eliminate it.
location information
In-Vehicle Telematics (High): (Low):
Pros: Advancedechnologyfor automation s The costs, :
. . (High): : o Integrated
Cons -Thecurrentcostis not substantially including initial
. . Integratedsystem system
cheaper than using devices for VMT . T setup and
. requires minimal . . reduces the
feecollection. . . integrationcosts, )
o . . user interaction. risk of
-Limited successvith OEMsin the state may range from ) :
manipulation

pilot programs.

$500 t0$1000.

Table A3 Overview of Modes and Attributes of the SP Scenarios

Attributes Modes Levels
Trip Distancgmiles) All modes 3,10,40
TravelTime(mins.) Drive Alone 4.5,15,60
Carpool 5.2,17.2,68.6
ParkandRide 6.7,22.2,89
Uber/Lyft/Taxi 45,15,60
Bike 9,30,120
Walk 45,150,600
Transit 7.2,24,96
FuelCost($) Drive Alone 0.41,0.68,0.97,2.27,3.89,5.44
Carpool 0.24,0.41,0.58,1.36,2.33,3.26
ParkandRide 0.14,0.14,0.19,0.45,0.78,1.09
*Parking/toll/admin/bugare ($) Drive Alone 0,3,6
Carpool 0,1.8,3.6
ParkandRide 0.48,1.6,6.4
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Total Travel Cost($)

Additional Waiting Time (min)

StateTax: Fuel($)

MBUF ($)

Combination of both (Fuel +

MBUF) ($)

Drive Alone 1.14,3.46,3.77,4.69,8.47,12.13
Carpool 0.68,2.08,2.26,2.81,5.08,7.28
ParkandRide 0.63,0.63,1.83,2.09,7.34,7.63
Uber/Lyft/Taxi 16,30,90

Transit 0.6,2,8

ParkandRide 4 8,12

Uber/Lyft/Taxi 5,10,15

Transit 5,10,15

Drive Alone 0.09,0.69

Carpool 0.05,0.41

ParkandRide 0.02,0.14

Drive Alone 0.20,0.8

Carpool 0.12,0.48

ParkandRide 0.04,0.16

Drive Alone 0.06,0.16

Carpool 0.03,0.10

ParkandRide 0.02,0.03

*Note: Parking/toll/admincostis associateavith Drive AloneandCarpoolandbusfareis associatedvith ParkandRide.

Table A4 JointRP-SPMNL ModelResultfor Work Trip

Joint RP-SP MNL (Work)

Loglikelihood of full

-6581.4

model

Loglikelihood of null 116415

model

rho”2 against null model 0.44

Observations 881

Variable Mode RP Coefficient SP Coefficient
Estimate t-stat Estimate t-stat

Drive Alone 1.745 16.47 2.325 18.848
Carpool 0 0 0 0
Park and Ride -2.984 -5.722 -2.216 -13.641

ASC Uber/Lyft/Taxi -1.702 -3.263 -5.496 -23.405
Bike -1.015 -2.937 -3.674 -16.163
Walk -0.688 -1.086 -6.211 -17.507
Transit -2.545 -7.345 -2.629 -7.776
Drive Alone,
Carpool, Park and

Travel Time Ride, -0.019 -6.495 -0.019 -6.495
Uber/Lyft/Taxi,
Transit
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Drive Alone,
Carpool, Park and
Travel Cost Ride, -0.141 -4.077 -0.141 -4.077
Uber/Lyft/Taxi,
Transit
Travel Distance Bike, Walk -0.163 -11.307 -0.163 -11.307
Fuel Cost Drive Alone, 0172 | -2.903
Carpool
Parking/toll/admin Carpool, Park and -0.053 1171
cost/Bus fare Ride
Additional Wait Time Transit -0.075 -2.404
State Tax: Drive Alone
MBUF*Working Full C ’ -0.387 -0.83
: arpool
Time
State Tax: Fuel*Working | Carpool, Park and 1575 2185
Full Time Ride
State Tax: MBUF*Age Drive Alone, ) )
(20-24) Carpool 1.334 2.159
. * 1
State Tax: Fuel*Age (20 | Drive Alone, 1132 -1.945
24) Carpool
State Tax: MBUF*Age Drive Alone, ) )
(60-74) Carpool 0.531 2.103
State Tax: Fuel*Age (60 Cfirpool, Park and -0.354 1737
74) Ride
State Tax: MBUF*Part or
Full Time Carpool, Park and
College/University Ride -0.669 -1.557
Student
State Tax: Fuel*Part or
Full Time Carpool, Park and ) )
College/University Ride 0.749 1.454
Student
Scale Parameter:
RP 1
(Gender: Male) -0.179 -4.675

Table A5 JointRP-SPMNL ModelResultfor Grocery/Shoppingrip

Joint RP-SP MNL (Grocery/Shopping)

Loglikelihood of full

-5041.04
model
Loglikelihood of null -11641.5
model
rho”2 against null 0.57
model
Observations 881
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Variable Mode RP Coefficient SP Coefficient
Estimate t-stat Estimate t-stat
Drive Alone 1.78 16.259 4.349 32.137
Carpool 0 0 0 0
Park and Ride -3.063 -5.947 -2.441 -9.61
ASC Uber/Lyft/Taxi -2.479 -4.492 -4.754 -18.559
Bike -1.218 -3.585 -3.838 -13.09
Walk -0.759 -1.181 -4.712 -15.909
Transit -2.622 -7.539 -2.558 -6.092
Drive Alone,
Carpool, Park and
Travel Time Ride, -0.009 -2.176 -0.009 -2.176
Uber/Lyft/Taxi,
Transit
Drive Alone,
Carpool, Park and
Travel Cost Ride, -0.056 -1.469 -0.056 -1.469
Uber/Lyft/Taxi,
Transit
Travel Distance Bike, Walk -0.096 -6.481 -0.096 -6.481
Fuel Cost Drive Alone -0.289 -4.743
. . Drive Alone,
Parking/toll/admin Carpool, Park and -0.094 -2.041
cost/Bus fare :
Ride
Additional Wait Time Transit -0.126 -3.312
State Tax: Drive alone,
MBUF*Working Full Carpool, Park and -1.279 -1.469
Time Ride
State Tax:
Fuel*Working Full Carpool -2.243 -2.367
Time
State Tax: MBUF*Age | Drive alone, Park i )
(20-24) and Ride 1.688 2.696
State Tax: Fuel*Age (20 | Drive alone, Park
24) and Ride -1.089 -1.824
State Tax: MBUF*Age | Carpool, Park and i i
(60-74) Ride 1.049 3.145
State Tax: Fuel*Age (60 Carpool, Park and -1.406 -3.832
74) Ride
State Tax: MBUF*Part
or Full Time Carpool, Park and
College/University Ride 0813 -1.304
Student
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State Tax: Fuel*Part or
Full Time
College/University
Student

Carpool, Park and
Ride

-1.303 -1.784

Scale Parameter:

RP

(Employment Status:
Working Full Time)

0.084 1.977

Table A6 JointRP-SPMNL ModelResultfor Recreationalrip

Joint RP-SP MNL (Recreational)

Loglikelihood of full

-7196.2

model

Loglikelihood of null

model -11641.5

~ -

rho”2 against null 0.38

model

Observations 881

Variable Mode RP Coefficient SP Coefficient
Estimate t-stat Estimate t-stat

Drive Alone 1.889 17.673 1.208 14.142
Carpool 0 0 0 0
Park and Ride -3.039 -5.923 -1.793 -6.591

ASC Uber/Lyft/Taxi -2.197 -4.153 -4.589 -29.531
Bike -1.278 -3.678 -4.055 -21.407
Walk -0.786 -1.223 -5.177 -24.717
Transit -2.729 -8.187 -2.649 -11.522
Drive Alone, Carpool,

Travel Time Park and Ride, -0.015 -4.164 -0.015 -4.164
Uber/Lyft/Taxi
Drive Alone, Carpool,

Travel Cost Park and Ride, -0.074 -2.189 -0.074 -2.189
Uber/Lyft/Taxi, Transit

Travel Distance Bike, Walk -0.082 -7.543 -0.082 -7.543

Additional Wait Time | Park and Ride, Transit --- --- -0.114 -4.305

State Tax:

MBUF*Working Full Drive Alone, Carpool --- --- -1.5417 -3.171

Time

State Tax:

Fuel*Working Full Drive Alone, Carpool --- --- -0.816 -1.43

Time
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State Tax:
MBUF*Age (20-24)

Drive alone, Park and
Ride

-0.994

-2.488

State Tax: Fuel*Age
(20-24)

Drive alone, Carpool

-1.097

-2.491

State Tax:
MBUF*Age (60-74)

Carpool, Park and Ride

-0.768

-2.723

State Tax: Fuel*Age
(60-74)

Carpool, Park and Ride

-0.729

-2.582

State Tax:
MBUF*Part or Full
Time
College/University
Student

Carpool, Park and Ride

-0.99

-2.133

State Tax: Fuel*Part
or Full Time
College/University
Student

Carpool, Park and Ride

-0.962

-1.956

Scale Parameter:

RP

RP

(Gender: Male)

-0.189

-5.183

Table A7 JointRP-SPMixed Logit Model Resultfor Work Trip

Joint RP-SP Mixed Logit (Work)

Ir_noogollleliellhood of full -6090.48
Lmoc?cllleljellhood of null 116415
~ .
mgdilagamst null 0.48
Observations 881
Variable Mode RP Coefficient SP Coefficient
Estimate t-stat Estimate t-stat

Drive Alone 1.7185 16.353 1.974 17.947
Carpool 0 0 0 0
Park and Ride -2.946 -5.663 -10.278 -15.726

ASC Uber/Lyft/Taxi -1.337 -2.748 -14.355 -16.096
Bike -1.025 -2.952 -14.771 -13.285
Walk -0.694 -1.102 -16.814 -15.273
Transit -2.517 -7.307 -10.739 -15.36
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Drive Alone, Carpool,
Park and Ride,

Travel Time Uber/Lyft/Taxi, -0.017 -6.376 -0.017 -6.376
Transit
Drive Alone, Carpool,
Park and Ride,
Travel Cost Uber/Lyft/Taxi, -0.186 -6.328 -0.186 -6.328
Transit
Travel Distance Bike, Walk -0.169 -12.95 -0.169 -12.95
Fuel Cost Drive Alone, Carpool -0.15 -3.05
Parking/toll/admin Cgrpool, Park and 0.122 3038
cost/Bus fare Ride
Additional Wait Time Transit -0.064 -2.314
State Tax:
MBUF*Working Full Carpool -1.657 -2.951
Time
State Tax:
Fuel*Working Full Carpool -1.516 -2.249
Time
State Tax: MBUF*Age .
(60-74) Drive Alone, Carpool -1.171 -2.932
State Tax: Fuel*Age Carpool, Park and
(60-74) Ride -0.394 -2.277
State Tax: MBUF*Part
or Full Time
College/University Carpool 0512 1124
Student
State Tax: Fuel*Part or
Full Time Carpool, Park and
College/University Ride 0.787 -1.632
Student
Scale Parameter:
RP RP 1
(Gender: Male) -1.404 -7.457
Mode Estimate t-stat
Drive Alone, Carpool 8.748 12.462
Error Components . -
Park and Ride, Transi| 5.957 15.548
Bike, Walk 6.366 7.981
Uber/Lyft/Taxi 1
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Table A8 JointRP-SPmixedlogit ModelResultfor Grocery/Shoppindrip

Joint RP-SP mixed logit (Grocery/Shopping)

Loglikelihood of full

model -4663.06
Loglikelihood of null 116415
model
rho”2 against null
model 0.59
Observations 881
Variable Mode RP Coefficient SP Coefficient
Estimate t-stat Estimate t-stat
Drive Alone 1.775 16.246 4.232 33.619
Carpool 0 0 0 0
Park and Ride -3.039 -5.903 -11.458 -14.34
ASC Uber/Lyft/Taxi -2.186 -3.936 -12.968 -15.805
Bike -1.163 -3.415 -11.832 -14.876
Walk -0.748 -1.165 -12.632 -15.053
Transit -2.601 -7.504 -11.607 -13.809
Drive Alone,
Carpool, Park and
Travel Time Ride, -0.015 -4.378 -0.015 -4.378
Uber/Lyft/Taxi,
Transit
Drive Alone,
Carpool, Park and
Travel Cost Ride, -0.089 -2.317 -0.089 -2.317
Uber/Lyft/Taxi,
Transit
Travel Distance Bike, Walk -0.115 -7.961 -0.115 -7.961
Drive Alone,
Fuel Cost Carpool -0.379 -5.129
. . Drive Alone,
Parking/toll/admin Carpool, Park and -0.164 -3.503
cost/Bus fare ;
Ride
Additional Wait Time Transit --- --- -0.123 -3.32
State Tax: Drive Alone,
MBUF*Working Full Carpool, Park and --- --- -1.561 -2.063
Time Ride
State Tax:
Fuel*Working Full Cgrpool, Park and --- --- -1.726 -1.843
) Ride
Time
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State Tax: MBUF*Age | Drvie Alone, Park
(20-24) and Ride -1.605 2674
State Tax: Fuel*Age Drive Alone, Park
(20-24) and Ride -0.941 -1.554
State Tax: MBUF*Age | Carpool, Park and i )
(60-74) Ride 1.073 3.295
State Tax: Fuel*Age Carpool, Park and i i
(60-74) Ride 1.431 4.011
State Tax: MBUF*Part
or Full Time Carpool, Park and
College/University Ride -0.768 -1.296
Student
State Tax: Fuel*Part or
Full Time Carpool, Park and
College/University Ride -1.112 -1.609
Student
Scale Parameter:
RP RP 1
(Gender: Male) -0.167 -2.997
Mode Estimate t-stat
Drive Alone, 783 12.011
Error Components Carpool
Park and Ride, 6.83 11.911
Transit
Bike, Walk, 1
Uber/Lyft/Taxi

Table A9 JointRP-SPmixedlogit ModelResultfor Recreationalrip

Joint RP-SP mixed logit (Recreational)

Loglikelihood of -6335.96
full model
Loglikelihood of 116415
null model
rho”2 against null
model 0.46
Observations 881
Variable Mode RP Coefficient SP Coefficient
Estimate | t-stat ES,:;ma t-stat
Drive Alone 1.713 | 16.102| 1.307 16.33
ASC Carpool 0 0 0 0
Park and Ride -2.947 | -5.703 | -11.682| -15.668
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Uber/Lyft/Taxi -3.177 | -8.555| -15.419| -16.351
Bike -1.267 | -3.657 | -17.027| -16.89
Walk -0.827 | -1.295| -17.882| -17.681
Transit -2.511 | -7.561 | -12.729| -17.79
Travel Time ?f‘;rﬁ’;?" Park and Ride, Uber/Lyft/Tax, -0.021 | -6.419| -0.021 | -6.419
Drive Alone, Carpool, Park and Ride,
Travel Cost Uber/Lyft/Taxi, Transit -0.194 | -6.628 | -0.194 | -6.628
Travel Distance Bike, Walk -0.104 11,521 -0.104 | -11.521
Additional Wat | 5 it — | -0.061 | -2.236
Time
State Tax:
MBUF*Working Drive Alone, Carpool -1.156 | -2.892
Full Time
State Tax:
MBUF*Age (20- Drvie Alone, Park and Ride -0.721 | -1.656
24)
State Tax: .
FuelAge (20-24) Drive Alone -1.123 | -2.332
State Tax:
MBUF*Age (60- Carpool, Park and Ride -0.75 | -3.312
74)
State Tax: .
Fuel*Age (60.74) Carpool, Park and Ride -0.763 | -3.303
State Tax:
MBUF*Part or
Full Time Carpool, Park and Ride -0.852 | -2.284
College/University
Student
State Tax:
Fuel*Part or Full
Time Carpool, Park and Ride -1.066 | -2.608
College/University
Student
Scale Parameter:
RP RP 1
(Gender: Male) -2.097 | -5.562
Mode ES,:;ma t-stat
c Error Drive Alone, Carpool 10.906 | 13.409
Omponents "o\ and Ride, Transit — | 6915 | 17.776
Bike, Walk 6.866 | 15.596
Uber/Lyft/Taxi 1
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Table A10 Summaryof featuresusedn the CatBoostnalysis

FeaturdName Type Categories/Range

Approximatehouseholdncome Categorical| 1: <25Q2 :2549k; 3: 50« 79Q4 :80-119k; 5:
120 25006 :>250k;7: No Answer

Sex Categorical| 0: Male; 1: Female

Age Continuous| Range:15to 94

Racecategory Categorical| 1: White; 2: Black; 3: Asian; 4: Native Am.; 5:
Pac.lIslander;6: Other

Are you Hispanicor Latino origin? Categorical| 0: No;1: Yes

Currentemploymenstatus Categorical| 1: Full Time; 2: PartTime; 3: Remote;4: Temp
Absent; 5:Unemployed; 6:Student; 7:Retired; 8:
Other

Highestgradeor level of education Categorical| 1: <HS;2: HSGrad;3: SomeCollege;4: Bachelor;
5: Graduate

Student Categorical| 1: K-12; 2: Voc/Tech;3: Parttime Univ; 4: Full-
time Univ; 5: Other;6: No

Numberof individualsin household Continuous| Range:1.000to 9.000

Numberof individualsoveragel2in household Continuous| Range:1.000to 8.000

Doyoupossesad r i Miensd?s Categorical| 0: No;1: Yes

Numberof motorvehiclesin household Continuous| Range:0.000to 8.000

Numberof bikesin household Continuous| Range:0.000to 9.000

Departurehourfor mostrecenttrip Continuous| Range:0.000to 2300.000

Fuelcategory Categorical| 1: Gas;2: Diesel;3: EV; 4: Hybrid; 5: Other;6:
No Vehicle

Miles drivenin thepastyear Continuous| Range:0.000to 50000.000

OwnsEzToll or NC Quick Pasgransponder Categorical| 0: No;1: Yes

UsesEzTollor NC Quick Pasonaveragerip Categorical| 0: No;1: Yes

UsesSmartTrip or similar passonaveragerip Categorical| 0: No;1: Yes

Frequencyf usei Personatar(driver)or Personal| Categorical| 1: Everyday;2: Regularly; 3: Occasionally;4:

car(passengenr Publictransportatioror Ridehait Rarely;5: Never

ing (Uber/Lyft) or Vehicle rentals/carshare or Ty

Roads

Monthly fuel costfor mainvehicle Categorical| 1: $10-100; 2: $106200; 3: $200-300; 4: $3006
400; 5: $400500; 6: $500600; 7: $600700; 8:
$700:800;9: $800:90010: $9001000;11: $1000+;
12; Do notknow

Scenarid MPG of vehicle Continuous| Range:15.000to 35.000

Scenarid Timeontoll or nor-toll road(min) Continuous| Range:10.000to 20.000

Scenarid Distanceontoll or nornttoll road(miles) | Continuous| Range:5.000to 10.000

Scenarid Costontoll road Continuous| Range:5.000to 5.000

Scenarid Stategastax (¢/gallon) Continuous| Range:43.000to 43.000

Scenarid Fuelrate($/gallon) Continuous| Range:3.000to 3.000

Scenarid Costpaid(summary) Continuous| Range:3.000to 4.000

Scenarid Timesavedsummarymin) Continuous| Range:10.000to 10.000

Scenarid Summaryshown(1 = Yes,0=No) Continuous| Range:0.000to 1.000
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Table A.11 Logit andProbitRegressiomResultavith Model Comparison

Variable Logit Coef. Std.Error OddsRatio ProbitCoef. Std. Error
Male 0.074 (0.060) 1.076 0.046 (0.035)
Age -0.013*** (0.002) 0.987 -0.008*** (0.001)
VehicleMPG -0.007. (0.004) 0.993 -0.004. (0.002)
Total Cost -0.067 (0.080) 0.935 -0.038 (0.047)
Time Saved 0.026 (0.043) 1.026 0.010 (0.025)
SummaryShown -0.097. (0.053) 0.907 -0.060* (0.031)
Approximate_household_income_-28k 0.317*%* (0.087) 1.373 0.188*** (0.050)
Approximate_household_income_-30k 0.039 (0.095) 1.039 0.031 (0.054)
Approximate_household_income -8Q9k 0.092 (0.1112) 1.096 0.049 (0.064)
Approximate_household_income_ 1280k 0.913*** (0.106) 2.493 0.548*** (0.063)
Approximate_household_income_250k -0.061 (0.288) 0.941 -0.056 (0.171)
Approximate_household_income_Mmswer 0.096 (0.172) 1.101 0.069 (0.098)
EmploymentStatus:PartTime -0.261* (0.102) 0.770 -0.144* (0.059)
EmploymentStatus:Remote 0.264* (0.131) 1.302 0.150. (0.079)
EmploymentStatus:Temporarilyabsenfrom work -0.305 (0.271) 0.737 -0.168 (0.153)
EmploymentStatus:Unemployedor searchindor job 0.030 (0.099) 1.031 0.014 (0.058)
EmploymentStatus:Student -1.026*** (0.196) 0.358 -0.597*+* (0.114)
EmploymentStatus:Retired -0.044 (0.090) 0.957 -0.025 (0.052)
EmploymentStatus:Other -0.067 (0.120) 0.935 -0.036 (0.069)
Education:HS Grad -0.319 (0.197) 0.727 -0.186 (0.118)
Education:Somecollegeor associatedegree -0.567** (0.197) 0.567 -0.327** (0.118)
Education:B a ¢ h eDegreed s -0.220 (0.201) 0.803 -0.124 (0.121)
Education:Graduatelegreeor professionatiegree -0.066 (0.206) 0.936 -0.040 (0.124)
Student_PafTime college/University 0.347 (0.326) 1.415 0.228 (0.189)
Student_FulTime college/University 1.050*** (0.315) 2.858 0.658*** (0.184)
Student_Other 0.880* (0.442) 2.410 0.549* (0.267)
Student_No -0.291 (0.298) 0.748 -0.159 (0.172)
Model Comparison Statistics

Log-Likelihood ~ 4412.39 ~ 4414.26

AlC 8878.77 8882.52

BIC 9068.62 9072.37

Pseuddr2 0.0600 0.0596

Accuracy 0.7451 0.7441

N 881 881

Notes:Standarcerrorsin parentheses.

Significancdevels: *** p<0.001**
p<0.01,* p<0.05,. p<0.10dds ratios
shown for logit model only.

Modelcomparisorstatistics:Logit modelin column2, Probitmodelin column5.
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Appendix B.

Survey

The survey was conducted online using Qualtrics. The JPG format of the asked questions is included
below. The PDF survey can found on this permanent link for easier access (33.9 MB):
https://drive.google.com/file/d/109DU1MVON|jX1xebFN63gPJzDy8NNygG6/view?usp=drive link

NORTH CAROLINA A&T

FE2 D S I s st B ) R

Consent Form

Dear Survey Respondent,

You've been randomly selected to take partin a cutting-edge
research study that aims to explore transportation choices in the
era of mileage-based user fees (MBUF}. This page contains all the
information you need to make an informed decision about joining
the study. Additionally, you'll get a chance to learn about mileage-
based user fees before we dive into the questions on next pages.

Mileage-based user fee (MBUF), also referred to as vehicle miles
traveled tax or road user charge, charges a traveler a fixed or
wvariable rate per mile traveled on the road and isbeing considered
by the state of North Carolina to serve as areplacement for the fuel
tax, The purpose of this study is to understand the impact of
MBUF on travelers choices and develop models predicting long-
term travel patterns accountingfor those choices. We wish to
study whether shift to mileage-based user fees may trigger changes
in the ways travelers behave in their choices of modes and routes to
their destination. For example, it may be possible that travelers like
you will switch to other modes (such as transit, biking, etc.) or other

Benefits

This research will effectively develop more accurate and robust
transportation planning models, which will provide us accurate
forecasting and better plan the infrastructure management across
the state of North Carolina. Bventually, we will be able perform
better short-term and long-term transportation planning, which will
have a substantial sodetal impact in terms of reduced travel times,
travel costs, and efficient operations of traffic.

Lompensation

There isno direct compensation to participants in this study apart
from the benefits obtained from completing the survey with the
market research company.

Confidentiali
Your privacy is important to us. This survey is anonymous, and no
personal identifying information, such as your name, address,
phone number, or email address, will be collected. All other
information collected in this study will be kept strictly confidential to
the extent permitted by law. Only authorized research staff will have
access to the data, which will be stored securely in alocked file
cabinet or on a password-protected cormputer,

To protect your confidentiality, personal identifiers will be remowved
from all data collected, and the data will be coded andfor
aggregated prior to analysis. This means that your individual
responses will be combined with those of other participantsto

76

routes with a shorter distance to circumvent the new costs posed by
MBUFs. Carpoolingand a shift towards fuel-effident vehides are
also expected.

You have been asked to participate in this study because you are an
active transp ortation user; however, your particip ation is voluntany.
If you choose to participate, you will be asked to complete an online
survey based on your best understanding of transportation systems
under the presence of mileage-based user fees, This will take
approximately 20 minutes of time.

Brocedurg

You will be asked simple questions based on the choices you make
in aday-to-day transportation system under various scenarios, Each
scenario isindependent, and you may choose to participate in any,
all, or none of them at any time without penalty.

¥oluntary Participation

Yourparticpation in this research study is voluntary and you may
end your participation at any time. You may choose not to
participate in any survey activity or choose not to be a part of the
survey program overall at any time for any reason. Refusing to
participate or leavingthe study will not resultin any penalty or loss
of benefits to which you are entitled,

Bisks
We do not anticipate any risks from your particpation in this
research study.

produce group averages, and no one will be able to link your
responses to you personally,

Identifiable data will be disposed of upon completion of the study or
after 5 years, whichever occurs later. Thiswill be done by securely
shredding any paper documents or deleting any electronicfiles
containing personal identifiers, The research team will be
responsible for ensuringthat all identifiable data is disposed of

properly,

Questions About the Study

If you have questions or concerns aboutthis research later, please
contact Dr. Venktesh Pandey at (336) 285-3687 or
vpandey@ncat.edu,

If you have any study-related concems or any questions about your
rights as a research subject, you may call the Office of Research
Compliance and Ethics at North Carolina ART State University at
(336) 285-3179 or email irb@ncat.edu, (Study Protocol #HS$23-0145)

Yol Participation/Withd 1
Yourparticipation is voluntary, and you may end your participation
at any timne, Refusing to participate or leavingthe study at a later
time will not result in any penalty or loss of benefits to which you
are entitled.

Statement of Consent
| have read the above information and have received answersto all
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my questions. | am at least 18 years old and voluntaril consentto
take partinthis research study.

Ye

ha

Screening Questions

What is your approximate household income?{considering annual
income from all sources)

Lexs than 325000
$25.000- $43 939
$50,000- $79.939
$30,000- $119993
$120000 - 250,000
Higher than $250000

Piefer nat g ansve

Which state do you reside in?

Texz
Califainia
Hann Caraling
Flaida

Geaigia

Mileoge Based User Fees:
Whot They Are & Why We Core

nrwame
PrtaaRieinm
oaariy

Ravacdi s bow v gaton . Wher i 1 ac waib,
We naed Rhor, greesii, w o 40203 % sk save day we o 3
our roads, madsty nas Ricgs ToppsT.

g Vgl tres londng usie b ircinkain o reads comms
frananxpokd on fucl o 170 pup. B as ca ge Sorhze
anhoss fud and ane dag 433 wd 3 o, axcwilieed 2
difer) fusdivg apaooch b a.r rcads

From this... To this.—.
ﬁ I‘
TOW RULHT Lo 1G4 o ANV WL
YO Jst MOULSIvE

1k 3gr @ AE: Tha Facrem Trarepamarand allkar]

Mileage-based user fee (MBUF), referred to as vehicle miles traveled
{VMT} tax or road user charge, charges a traveler a fixed or variable
rate per mile traveled on the road. The investigation of MEUF shows
thatit can ensure vehicle users pay for using the highway
infrastructure. Through the pilot program, analyses have shown that
1.8 cents per mile will generate enough revenue to match the
current motor fuel 3= in North Carolina. With a higher range of
cents per mile, the state would make a higher revenue to maintain
and improve transportation infrastructure.

New Yart

Haneal the abave

Werify that you are nota
robot

~

oo aeber

Introduction to MBUF

Are you already familiar with the Mileage-based User Fees?Ifyes,
proceed tothe nextpage; else, read below.

You may also watch this short 3-minute video.

Milzage-Bazed User kee bxplarer Viceo

Puer the next few pages, you will be presented with options on
ransportation choices for mode and routes under different
ccenarios of implementation. Proce ed to the next page to beginthe
unvey.

it T O
.0 e

i

Revised Mode Choice

Mode Choice Experiments {1/2}
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First set of experiments will focus on mode choice. Here you will be
presented with option on available modes for a typical trip.

Mode options include:

Drive alone Automobile TNC (Uber/Lyft) Transit
Passenger
C f& M
Bike Welk Park and Ride (P&R)

(J
Ky ok
Your goal is to choose your preferred mode for a specific trip
after reviewing the mode attributes (travel time and costs) in the trip
scenarios provided for each sequence. Following figure shows a

schematic for how the options will be presented.
]

| &% Distance: 10 miles III o -
& B

Which mode would you choose for your next trip?

| Park and ride: Park near a
bus stop and take the bus

T & BeaPassengerina
# Drive Alone Carpool

O Time: 15 min = + O Time: 22.2 min
Pt P | Additonal Waittime: 12 min

B Fuel cost: $0.97+ W Fuel cost: $0.58+ ¥ Fuel cost: 50.19+
M State tax ( ): $0.16+ L ( ): $0.10+ T State tax (Feel= Meur Combe): $0.03+
{3 Parking/toll/admin cost: $0.00+ | Parking/toll/admin cost: $0.00+ & Bus Fare: $1.60+

& Total Travel cost = 51.14 & Total Travel cost = 0.68 & Total Travel cost = $1.83

"a Take Uber/Lyft/Taxi é%) Bike ﬁ | walk [o==9) | Take the bus

O Time: 15 min O Time: 30 min. [Otime: 150min] | [OTime:24min] & Travel |
I Additional Wait time: 15 min —_— —v o | costiS2|

|/ Distance: 10 miles | | Distance: 10 miles ‘ I additional
| & Travelcost:s30| | Wait time: 15 min

* Your vehicle mileage, travel distance, and tax rates will be
sampled at random so your costs may change.

Your primary goal is to choose your preferred mode for a specific
trip after reviewing the mode attributes.

| understand the instructions

Consider the attributes shown below for a short-distance 3-mile trip.

ol o

Which mode would you choose for your next trip?

A e Distance: 3 miles

2 BeaPassengerina Park and ride: Park near a

# | Drive Alone | Carpool bus stop and take the bus
O Time: 45 min Oreesing |+ 9 S
S Tbon; J (O ime: 52 X Additional Wait time: & i
W Fuel cost: $0.65+ W Fuel cost: 50.41+ W Fuel cost: 50.1
w It ): 50.05+ ‘ W State tax (Fuel tax): 50.02+
3 parking/toll/admin cost: G parking/toll/admin cost: $1. 891 | Bus Fare: 50,45+

& Total Travelcost=53.77 | | ™ & Total Travelcost=52.25 | | | & Total Travel cost= 5003 |

Take Uber/Lyft/Taxi | Bike walk | Take the bus
- o o)

(O iz 8 min) Otimetsmin] | [Omimer?

% Distance: 3 mite: | | " Distance: 3 miles I additional

While some of the modes are self-explanatory, please note the
following:

e Drive alone: This mode indicates that you choose to drive alone
using your vehicle.
* Be a Passenger in a Carpool: This mode signifies that you opt
to be a passenger in a vehicle driven by someone in your
household. If you select 'Carpool’, please ensure that
someone in your household holds a valid driver's license
and is available to pick you up as a passenger for your
desired trip and time.
Park and Ride: This mode involves driving to a transit station
stop, parking your vehicle, and primarily using public transit for
the remainder of the journey.

Also note that:

e The "Total Travel Cost" is the total out-of-pocket cost
associated with traveling including fares, tolls, fuel costs, and
tax/fees. A detailed split of the cost is provided in rows for
driving or automobile passenger modes, which includes:

o Fuel cost excluding the state tax

o State tax can be charged as a Fuel Tax, mileage-based user
fees (MBUF), or a combination of both (Fuel tax + MBUF
combo).

o Parking/toll/admin costs

o bus fare (if applicable).

Park
Drive and
Alone Carpool Ride Taxi/Uber/Lyft Bike Walk

Which mode
will you pick
for a work O O O O O O

trip?

Which mode
will you pick
fora ©) @) @) @) O] O
shopping or
grocery trip?

Which mode
will you pick
fora @) @) @) @) 0| O
recreational
trip?

How confident are you in your response?

Very low Low Medium High
confidence confidence confidence confidence
For work trip O O O O
For
shopping/grocery O O (@) O
trip
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Very low Low Medium High
confidence confidence confidence confidence
For recreational
e o o o o

Consider the attributes shown below for the same 3-mile trip,
though the tax structure and costs have changed.

® Wlm oy

Which mode would you choose for your next trip?

% Distance: 3 miles |

Park and ride: Park near a
bus stop and take the bus

- & BeaPassengerina
# Drive Alone Carpool

Ormeidsmin e | T © Time: 6.7 min

[+  Additional Wait time: & min

( ¥ Fuel cost: 5041+ | ¥ Fuel cost: 50.24+ | B Fuel cost: 50,14+
L . ‘ $0.03+ L $0.02¢+
G parking/toll/admin cost: $3 00+ Parking/toll/admin cost: 5180+ & Bus Fare: 50,45

| Total Travel cost = 536 | 3 Total Travel cost = £2.00 & Total Travel cost = 50,63

{& Take Uber/tyr/Taxi || £, Bike A wak | | GER | Take the bus

Time: 4.5 min O Time: 3 min O Time: 45 min Otime: 72 min| | & Travel

o
=
X additional Wait time: 10 min 0.6
mi § oSt 6

(5 Distance: 3 mles | | [ Distance: 3 miles z
Wait time: 10 min

& Travel cost: 516

Park
Drive and
Alone Carpool Ride Taxi/Uber/Lyft Bike Walk
Which mode
will you pick
or.a weadk (@) (@) (@) (@) o | O
trip?
Very low Low Medium High
confidence confidence confidence confidence
For recreational
sk O @) @) O

Now consider the attributes shown below for a slightly longer 10-

mile trip.

®

% Distance: 10 miles|

Mena

Which mode would you choose for your next trip?

w Be a Passengerina Park and ride: Park near a

d Drive Alone Carpool bus stop and take the bus
: 15 min © Time: 22.2 min

Otime: O] [ 22| pssmensveoramr 3

W Fuel cost: $0.97+ ¥ Fuel cost: 50,56+ ¥ Fuel cost: 50.19+

soa0r ||| W $0.03

"
G parking/toll/admin cost: 50,00

& Bus Fare: 160+
& Total Travel cost = 51.53

{@ Take Uber/iyft/Taxi || 45 Bike £ walk [ | Take the bus

= O Time: 15 min O Time: 30 min © Time: 150 min Ofime:24min| | & Travel
Z additional Wait time: 15 min - cost: $2
= Distance: 10 miles | | Distance: 10 miles |

Total Travel cost = $1.14

Wait time: 15 min

& Travel cost: 530
Park

Drive and

Alone Carpool Ride Taxi/Uber/Lyft Bike Walk
Which mode
will you pick
Mk lo | © | © o) o|o
trip?
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Park

Drive and

Alone Carpool Ride Taxi/Uber/Lyft Bike Walk
Which mode
will you pick
fora o|l oo 0 o] o
shopping or
grocery trip?
Which mode
will you pick
fora (@) (@) ©) (@) 0| O
recreational
trip?

How confident are you in your response?

Very low Low Medium High
confidence confidence confidence confidence
For work trip O O O O
For
shopping/grocery O O O O
trip
Park
Drive and
Alone Carpool Ride Taxi/Uber/Lyft Bike Walk
Which mode
will you pick
fora o| o|o o Oo|oO
shopping or
grocery trip?
Which mode
will you pick
fora (@) @) (©) @) o| O
recreational
trip?

How confident are you in your response?

Very low Low Medium High
confidence confidence confidence confidence
For work trip O O O O
For
shopping/grocery O O O O
trip
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Very low Low Medium High
confidence confidence confidence confidence
For recreational
trip O O O O

Consider the attributes shown below for the same 10-mile trip,
though the tax structure and costs have changed.

@&

Distance: 10 miles|

Mengy

Which mode would you choose for your next trip?

& BeaPassengerina

Park and ride: Park near a

# Drive Alone Carpool bus stop and take the bus.
O Time: 15 min Otmeizmn) (oo |2 B
¥ Fuel cost: $2 27+ ¥ Fuel cost: 5136+
T State tax (MBUF): $0.20¢ W State tax (MBUF): 50.12+
@ Parking/toll/admin cost: 56,00+ a fadmin cost: 3 60+ "
& Total Travel cost = $5.47 & Total Travel cost = 55.0¢ & Total Travel cost = 52,09
{@ Toke Uber/uyf/Taxi | &5 Bike | [ & [ waik | | GGER) | Tokethe bus
© Time: 15 min O Time: 30 min O Time: 150 min Otime: 24 min . & Travel
2 Additional Wt time: 5 min. Y = cost: 52
| = istance: 10 miles | | Distance: 10 mites  Additional
& Travel cost: 530 Wait time: 5 imin
Park
Drive and
Alone Carpool Ride Taxi/Uber/Lyft Bike Walk
Which mode
will you pick
mask |l 0l 0 | © o) o|o
trip?
Very low Low Medium High
confidence confidence confidence confidence
1 T
For recreational o) e) O O

trip

Finally, consider the attributes shown below for a 40-mile-long trip.

% Distance: 40 miles |

Mo

# Drive Alone

O Time: 60 min

W Fuel cost: 5 44+

a

Which mode would you choose for your next trip?

Be a Passenger ina
Carpool
Ormeisssmn] |+
)
W Fuel cost: $3.26+

Park and ride: Park near a
bus stop and take the bus

© Time: 89 min
T Additional Wait time: 4 min

¥ Fuel cost: §1.09+

L 69+
B parking/toll/adrmin cost: 5,00+ |

& Total Travel cost = $12.13

L
G parking/toll/admin cost: 53 60+
IWVMW-W 28

T E ToulTavelcost= 1700

& Bus Fare: 56,40+

fg Take Uber/Lyft/Taxi

O Time: 60 min
=

& sike

O Time: 120 min

£ walk

© Time: 500 min

& Travel cost: 590

% Distance: 40 miles

# Distance: 40 miles |

B | Take the bus

Otime: 96 min | & Travel
2 addtonal | <
Wait ime: 5 e
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Park

Drive and

Alone Carpool Ride Taxi/Uber/Lyft Bike Walk
Which mode
will you pick
fora o| o |o o o|oO
shopping or
grocery trip?
Which mode
will you pick
fora (@) (@) ©) (@) 0| O
recreational
trip?

How confident are you in your response?

Very low
confidence

Low
confidence

Medium
confidence

High
confidence

(@)

For work trip

@)

©) ©)

For
shopping/grocery
trip

@)

Drive

Alone Carpool

Park
and
Ride

Taxi/Uber/Lyft Bike Walk

Which mode
will you pick
for a work
trip if the
40-mile trip
is part of
your daily
commute?

Which mode
will you pick
foran

occasional
work trip?

Which mode
will you pick
foran
occasional
shopping or
grocery trip?
(occasional)

Which mode
will you pick
foran
occasional
recreational
trip?
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How confident are you in your response? Consider the revised attributes for the same 40-mile trip.

. & % Distance: 40 miles ﬁl E ﬂi’-&

Very low Low Medium High Which mode would you choose for your next trip?
confidence confidence confidence confidence
2 | BeaPassengerina Park and ride: Park near a
P~ Drive Alone Carpool bus stop and take the bus
For daily work ( z | O Time: 89 min
e O O O O BT Otime i) | 22 psaont e
B Fuel cost: 53,99+ ¥ Fuel cost: 5235+ W Fuel cost: 078+
F o] | Bnm.ggw[mm s:m» a fadmin cost: 50,00+ & Bus Fare: 56,40+
or occasiona cost= 54,69 A vredeaaat) | & Total Travel cost = 7.1
work trip O O O O -
{&@ Toke Uber/tyf/Taxi | 4% Bike £ walk R | Take the bus
Orime:comin| | [Ovime:120min] | [Omime:soomin) | (Oime:s6min] [ & raver
For = asnme Do) | e jes ] | = Distance: 40 mil Additional ‘ .
mies) | nce: 40 mile: 2 ——
shopping/grocery (@) (®) O © & Travel cost: $50 . SRR watttime: 15 min
trip
For recreational Park
P O (@) O O Drive and
trip Alone | Carpool | Ride | TaxiUber/Lyft | Bike | Walk
Which mode
will you pick
for a work
trip if the
40-mile trip o O O O o O
is part of
your daily
commute?
Which mode
will you pick
for an @) @) O @) o| O
occasional
work trip?
Park Very low Low Medium High
Drive and confidence confidence confidence confidence
Alone Carpool Ride Taxi/Uber/Lyft Bike Walk
For
Which mode shopping/grocery O O O O
will you pick trip
foran
occasional O O O O O O
shopping or For recreational
grocery trip? trip & o O o
(occasional)
Which mode
will you pick
:"c'c::ional @) @) @) @) O (®) Based on your responses to the mode choice questions, please
indicate the extent to which you agree or disagree with the
trip? "
ki following statements:

Strongly Strongly
Disagree Disagree Neutral Agree Agree
How confident are you in your response?
| support
shifting from O O O O O
Very low Low Medium High fuel tax to
confidence confidence confidence confidence MBUF.

For daily work
;o 0 [ 0 [
For occasional
work trip O O O O
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