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Executive Summary

Traffic-related air pollution is an environmental and public health concern that disproportionately impacts
populations in disadvantaged communities (DACs). Accelerating the adoption of zero (tailpipe) emissions vehicles
(ZEV) has great potential to reduce these harmful emissions and improve health outcomes. This study evaluated
whether electric vehicle (EV) adoption in DACs will result in significant emission and exposure reductions along
with the associated health benefits when compared to non-DAC communities. The study utilized the Climate and
Economic Justice Screening Tool and the United States Department of Transportation's Equitable Transportation
Community Explorer tool to identify DACs. Vehicle-induced PM, s emissions were estimated under varying levels of
EV adoption rates for light-duty vehicles (LDVs), medium-duty vehicles (MDVs), and heavy-duty vehicles (HDVs).
DACs identified through both classification methods typically experienced higher traffic densities, thereby
amplifying their exposure to PM; s emissions. Results indicated that each EV adoption scenario reduced PM; s
emissions, with the most significant declines observed in scenarios involving high adoption for medium- and
heavy-duty EVs. The largest improvements were also observed within urban centers and along major roads within
the identified DACs. The findings illuminate the necessity for targeted EV adoption strategies within these
communities that extend beyond LDVs to include MDVs and HDVs. Further research should delve deeper into the
socio-demographic intricacies of these communities and the potential health benefits of lowered PM, s
concentrations.
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Introduction

Air pollution from traffic-related activities is a persistent environmental and public health issue that has severe
consequences for society. Certain communities, particularly disadvantaged communities (DACs), are
disproportionately impacted by traffic-related air pollution (TRAP). DACs are more likely to be exposed to higher
levels of TRAP, resulting in environmental and health disparities. Socioeconomic factors, physical infrastructure,
and land-use patterns have been shown to influence these communities' inequitable exposure to TRAP (Gold and
Wright, 2005). Populations living in low-income neighborhoods, marginalized populations, and communities of
color experience adverse health outcomes and environmental injustices.

Harmful pollutants emitted from various vehicle types, including nitrogen oxides (NOy), particulate matter (PM),
and volatile organic compounds (VOCs), are associated with poor air quality and health effects (Orban et al., 2016).
Therefore, addressing and mitigating challenges posed by TRAP is important. This can be accomplished by
decarbonizing the transportation sector (Orban et al., 2016; Khatri et al., 2021). One of the effective and prevalent
strategies to reduce vehicular emissions involves the transition to cleaner vehicles, and vehicle electrification plays
a significant role in achieving this goal (Orban et al., 2016; Khatri et al., 2021). Electric vehicles (EVs) have the
potential to reduce emissions and consequently improve public health outcomes, especially in DACs since they are
mostly located near major highways (Bowe et al., 2019; Gelfand et al., 2020).

To assess the benefits of EVs, it is essential to understand their current and future adoption trends (Bowe et al.,
2019). Research has demonstrated that EVs are widely being accepted considering the increase in their sales
globally, which is driven by factors such as government incentives, environmental awareness, and technological
advancements (Helveston et al., 2015). On the other hand, barriers to EV adoption exist (Helveston et al., 2015;
Bowe et al., 2019) since DACs may lack access to adequate charging infrastructure in their neighborhoods and EVs
are still expensive. Therefore, challenges in EV adoption must be addressed to ensure equitable access to the
benefits of EVs. Moreover, prioritizing the electrification of not only light-duty vehicles (LDVs) but also medium-
and heavy-duty vehicles (MDVs and HDVs) is necessary for decarbonizing the transportation sector (Mohan et al.
2023). MDVs and HDVs are significant contributors to TRAP, and electrifying them will substantially benefit the
environment and health in DACs.

As a result, this study aims to evaluate the impact of TRAP on communities in a metropolitan area by assessing
whether different EV adoption scenarios can provide equitable benefits for all populations, especially DACs. The
research is particularly relevant in the current setting of EV adoption, which shows a trend of higher adoption rates
among higher-income urban dwellers. Hence, potentially leading to exposure disparities in local air pollution. The
study aspires to provide new insights and guidance for policymakers, decision-makers, researchers, and
stakeholders in their efforts to address environmental justice (EJ) issues and the broader goal of reducing air
pollution. Through a comprehensive review of current practices, data collection, and thorough analysis, the study
can contribute to the understanding of TRAP's impacts on DACs and explore the potential of EVs in mitigating
these impacts.

Background

Ambient air pollution is a significant public health threat globally associated with a range of adverse health
outcomes. Over 99 percent of the world’s population in 2019 was living in areas that did not meet the World
Health Organization (WHO) air quality guidelines levels (WHO, 2022). Besides adversely impacting the health of
communities, these pollutants play a major role in climate change. The transportation sector, consisting of both
on-road and non-road sources, is @ major contributor to ambient air pollution. Long-term exposure to air pollution
from traffic-related activities is associated with cardiovascular disease, decreased lung function, asthma, birth
defects, and premature mortality, among many others (Boogaard et al., 2022; Environmental Protection Agency




[EPA], 2022a). A recent research study indicated that increases in PM concentrations can negatively impact
performance and cognition (Massachusetts Institute of Technology, 2023). Moreover, exposure to TRAP may cause
over 300,000 premature deaths globally each year (Anenberg et al., 2019).

The importance of equity in transportation has been increasingly recognized in recent years, encompassing not
only access to transportation options but also disparities in exposure to TRAP. Incorporating equity in strategic
plans will ensure that all communities, especially DACs, receive unbiased benefits from transportation
improvement projects, such as the deployment of EVs (U.S. Department of Transportation [USDOT], 2022a).
However, to effectively incorporate equity into transportation decision-making, it is important to understand the
concept of environmental justice. EJ refers to the fair treatment and meaningful involvement of all people,
regardless of race or socioeconomic status, with respect to the implementation of environmental policies,
including those related to transportation (USDOT, 2019). EJ concerns have intensified over the past several years
with the nation’s renewed focus on equity. The most recent mandate introduced by the federal government is the
Justice40 Initiative (USDOT, 2022b). The program is designed to help address inequities experienced by DACs
through comprehensive investments in various categories to advance EJ and establish a commitment to equity.
The goal is for 40 percent of overall benefits from certain federal investments to flow to DACs. The program
defines DACs to include variables such as low income, high unemployment rates, racial and ethnic segregation,
high housing and transportation cost burdens, low transportation access, disproportionate environmental
stressors, and others (Young et al., 2021). Ultimately, Justice40 will allow USDOT to prioritize projects that benefit
DACs, measure their impacts, and bring additional resources to communities most impacted by pollution and
climate change.

Decarbonizing the transportation sector is crucial since the transportation sector plays a significant role in
greenhouse gas and other air pollutant emissions. This can be achieved by implementing technological
advancements, infrastructure improvements, and policy frameworks. Recent legislation, such as the Infrastructure
Investment and Jobs Act (IlJA) and Inflation Reduction Act, offer new opportunities to meet the nation’s
decarbonization goals of net zero emissions by 2050. They focus on provisions that accelerate the deployment of
clean technologies to reduce vehicle emissions and improve public health (Alternative Fuels Data Center [AFDC],
2023; Sherlock, 2023). Additionally, the new vehicle pollution standards proposed by the Biden-Harris
administration aim to protect public health by avoiding nearly 10 billion tons of CO, emissions (White House,
2023). EPA reinforced the administration’s goals by introducing the most ambitious pollution standards to date for
all vehicle types (EPA, 2023a). These proposed regulations aim to accelerate the EV market and other clean vehicle
technologies in the next decade. This study will focus on vehicle electrification as a decarbonization strategy since
EVs are among the most widely available alternative fuel vehicles (AFVs) following the 11JA’s provisions.

EV adoption can decrease overall TRAP levels and in return support the nation’s decarbonization goals. Adopting
EVs can lead to the reduction of harmful pollutants, including NO,, PM, and VOCs, in urban areas, especially for
shorter trips in congested regions (Hu et al., 2021; Rizza et al., 2021). A modeling case study in Houston, Texas,
showed that moderate electrification has the potential to prevent hundreds of premature deaths, asthma
exacerbation days, and school loss days while simultaneously generating economic benefits (Pan & Gao, 2019). In
the context of DACs, vehicle electrification can reduce inequities in air pollution exposure (Reichmuth, 2019). A
recent EV penetration modeling study by Chang et al. (2023) found that air quality benefits in DACs may be greater
than in other communities. EVs can also increase mobility and accessibility to jobs and other local services for
DACs. However, the use of EVs in urban areas can potentially shift pollutants from areas near power plant facilities
to DACs and rural communities (Bai et al., 2021; Ji et al., 2015). Another study found that individuals below the
median income level and some minority communities experience negative environmental benefits from EV
adoption compared to other populations (Holland et al., 2019).




Electrification efforts have mostly focused on LDVs; however, it is necessary to extend these efforts to MDVs/HDVs
to address the impacts of TRAP. This is primarily because emissions from MDVs/HDVs make up a rapidly growing
component of total transportation sector emissions (Hao et al., 2019; EPA, 2022c). Freight volume is anticipated to
increase as the U.S. population grows and demand for goods rises (National Environmental Justice Advisory
Council, 2009). Shipments of goods in the United States are expected to grow another 45 percent by 2040,
potentially leading freight emissions to exceed emissions from all other transportation sectors (EPA, 2022c).
Additionally, the Federal Highway Administration (FHWA) predicts that travel by single-unit trucks and
combination trucks will grow by 101 percent and 57 percent, respectively, over the next 30 years (FHWA,

2022). Therefore, electrifying MDVs/HDVs can substantially benefit air quality by eliminating harmful emissions.
Moreover, pollution from MDVs/HDVs has been shown to disproportionately impact DACs in both urban and rural
areas (Houston et al., 2008; Ross et al., 2015; Han et al., 2018). Populations from these communities tend to live,
work, or go to school closer to HDV routes, industrial facilities, or ports. Consequently, truck-focused policies can
help reduce pollutant exposure disparities and protect public health, especially for DACs located near major truck
traffic (Chang et al. 2023).

There is still a knowledge gap in evaluating whether changes in TRAP emissions in the past three decades have led
to a change in environmental justice over time (Clark et al., 2017). This is particularly true for exposure by race,
ethnicity, and socioeconomic status. Minorities and low-income households are more likely to live near a major
road with higher exposure to TRAP. Overall, there is still mixed evidence regarding whether the adoption of EVs
will have equitable benefits for all segments of the population, including DACs. Studies, such as Chang et al. (2023)
and Sharma et al. (2023), noted that although the air quality benefits associated with increased EV adoption are
well-documented, the literature on the distribution of these benefits across all community members is still lacking.
One reason for this research gap is that assessing the equity implications of EV adoption scenarios can be
challenging since it influences emissions from the transportation, electricity, and manufacturing sectors (Sharma et
al., 2023). While many studies have indicated that increased EV charging demand could strain the electricity sector
and lead to more power plant emissions that would disproportionately impact DACs, other studies claimed that
health benefits associated with fewer vehicle emissions would still be recognized by communities with low EV
adoption rates. There is also considerable variation in the terminology used by different studies to define DACs.
Some studies refer to these populations as “environmental justice communities,” “low-income communities,” or
“minority communities,” thus making it difficult to compare findings across studies. Although the Justice40
Initiative has provided a list of variables that are used to define DACs, not all studies consider each of these
variables, especially if they were conducted prior to Justice4Q’s introduction.

Methodology

The study area for this research was selected after DACs were identified at the census tract level using established
tools. The next step involved determining the different EV penetration scenarios that will be evaluated in this
study. The traffic demand model (TDM) of the study area was then obtained, and input data required to run the
different scenarios were prepared. Collecting and processing traffic data is an essential element of any TDM.
Following the TDM runs, the total running exhaust emissions were estimated for all scenarios. Subsequently,
dispersion modeling was completed to assess the exposure to TRAP at the census tract level. Finally, a health
assessment was incorporated into the analysis.

The North Central Texas Council of Governments (NCTCOG) region was selected as a case study for this research,
and it consists of the following 16 counties: Collin, Dallas, Denton, Ellis, Erath, Hood, Hunt, Johnson, Kaufman,
Navarro, Palo Pinto, Parker, Rockwall, Somervell, Tarrant, and Wise. The largest cities in the region are Dallas, with
approximately 1.3 million people; Fort Worth, with more than 970,000 people; Arlington, with more than 400,000
people; and Plano, with almost 293,000 people.




The next step in this study involved the identification of DACs, which is a requirement for state agencies that
receive federal funding, as per Executive Order 12898 (EPA, 2023b). Identifying DACs will address the
disproportionate and adverse impacts experienced by these communities from implementing programs and
policies. In addition, the recent Executive Order 14008 (EPA, 2023c), reiterates a commitment to turn DACs that
are historically marginalized and overburdened into thriving communities by investing in a clean energy economy
and securing equity. As a result, various national- and state-level classification models were developed to identify
and measure the environmental impacts on DACs in the United States. Examples include EJScreen (EPA, 2023d),
the Climate and Economic Justice Screening Tool (CEJST) (USDOT, 2023), USDOT’s Transportation Disadvantaged
Census Tracts, Equitable Transportation Community (ETC) Explorer tool (USDOT, 2023), and the state-level Texas
Environmental Justice Explorer tool (Climate Cabinet Education, 2023). These tools were compared to select the
optimal identification approaches that fit the purpose of this study. The CEJST and USDOT ETC Explorer
classification methods were selected since the study utilizes the Justice40 Initiative definition of DACs. Figure 1
provides a visual diagram of the overall methodology implemented.
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Climate and Economic Justice Screening Tool

The CEJST is a geospatial mapping tool that can be used to identify DACs across the United States and to support
the goals of the Justice40 Initiative. The tool is intended to be used by federal agencies to help them comply with
requirements under the Justice40 Initiative and ensure they are reaching DACs in their investments. CEJST
identifies over 27,000 communities across the United States as being “disadvantaged” or “partially disadvantaged”
if the census tract meets the threshold for one or more environmental or climate indicators and is above the
threshold for socioeconomic indicators (White House CEQ, 2022). The indicators of burden include low income,
poverty, climate risks, PMy s levels, transportation barriers, traffic proximity and volume, housing cost, etc. A beta
version of the tool was launched in February 2022, applying lessons learned from EJScreen before launching
version 1.0 in November 2022. Table 1 provides a list of indicators that are used in the DAC identification process
in the CEJST. These indicators are summarized into eight distinct categories, as shown in the table. For a census
tract to be identified as disadvantaged, the following thresholds for at least one of the eight categories must be
met (USDOT, 2023):

e At orabove the 90t percentile for one or more of the indicators in a category,
e At the same time, the income level must be at or above the 65 percentile.

Census tracts are also considered disadvantaged if they are surrounded by DACs and meet at least the 50t
percentile for income level. In addition, if a census tract contains land within the boundaries of Federally
Recognized Tribes, then these communities will be displayed in the tool as partially disadvantaged.

Table 1. CEJST Categories and Indicators of Burden.

Categories Indicators
Expected agriculture loss rate

Expected building loss rate

Climate change Expected population loss rate
Projected flood risk

Projected wildfire risk

Energy cost

PM, s in the air

Asthma

Diabetes

Heart disease

Low life expectancy

Historic underinvestment

Housing cost

Housing Lack of green space

Lack of indoor plumbing

Lead paint

At least one abandoned mine land

At least one formerly used defense site
Legacy pollution Proximity to hazardous waste facilities
Proximity to superfund sites
Proximity to risk management plan facilities
Diesel PM exposure

Transportation Transportation barriers

Traffic proximity and volume
Underground storage tanks and releases
Wastewater discharge

Linguistic isolation

Low median income

Poverty

Unemployment

Energy

Health

Waste and wastewater

Workforce development




Equitable Transportation Community Explorer Tool

The ETC Explorer tool is an equity screening and mapping tool that was developed to explore the burdens
experienced by DACs due to an underinvestment in transportation. It was designed to complement the CEJST by
specifically highlighting transportation-related components of disadvantage. A score for each of the following
components—transportation insecurity, climate and disaster risk burden, environmental burden, health
vulnerability, and social vulnerability—is calculated from a combination of indicators and datasets. Then, these
individual scores are incorporated to create an overall index score. This tool can be used by state departments of
transportation and metropolitan planning organizations (MPOs) when applying for USDOT grant programs to
ensure they are meeting the needs of identified DACs. USDOT released the finalized version of the ETC Explorer in
May 2023 to support the agency’s commitment to the Justice40 Initiative.

The indicators used in the ETC Explorer DAC identification method are divided into five categories, as summarized
in Table 2. The tool calculates the cumulative impacts of disadvantage across all census tracts and does not require
a category to exceed a certain number of set thresholds as in the CEJST. The following is a summary of how the
tool calculates the cumulative scores (USDOT, 2023):

e Indicators’ data are normalized and transformed to a standard range between 0 and 1 using min-max
scaling. Normalization will enable a simple comparison considering the indicators have different units of
measurement.

e The normalized indicators are then ranked and summed for each component, hence creating a composite
score for each component. The component scores of each census tract are compared to all other census
tracts nationally using percentile ranking.

e Census tracts in the O percentile are the least disadvantaged and those in the 100t percentile are the
most disadvantaged.

e The next step involves calculating an overall score by summing the ranked component scores across all
components and then ranking the overall score using percentile ranking to generate the final index score
rank.

e Acensus tract is designated as DAC if the overall index score places it in the 65 percent (or higher) of all
U.S. census tracts.

Table 2. ETC Explorer Tool Categories and Indicators of Burden.

Components Indicators

Transportation access
Transportation insecurity Transportation cost burden
Transportation safety

Ozone level

PM; s level

Diesel PM level

Air toxics cancer risk

Hazardous sites proximity
Toxics release sites proximity
Hazardous waste treatment, storage, and disposal facilities proximity
Environmental burden Risk management sites proximity
Coal mines proximity

Lead mines proximity
Pre-1980’s housing

High-volume road proximity
Railways proximity

Airport proximity

Ports proximity




Impaired surface proximity

Social vulnerability

200% poverty line

No high school diploma

Unemployment

House tenure

Housing cost burden

Uninsured

Lack of internet access

Endemic inequality

65 or older

17 or younger

Disability

Limited English proficiency

Mobile homes

Health vulnerability

Asthma prevalence

Cancer prevalence

High blood pressure prevalence

Diabetes prevalence

Low mental health prevalence

Climate and disaster risk burden

Anticipated changes in extreme weather

Annualized disaster losses

Impervious surfaces

Outputs from the CEJST and ETC Explorer were compared in terms of census tracts that met the requirements of
the methodologies applied in the tools to identify DACs in the NCTCOG region. A summary of the descriptive
statistics are presented in Table 3. The table also compares the data sources for some of the key and common
parameters used in the tools. Moreover, the maps in Error! Reference source not found. exhibit a visual
representation of DACs classified using (a) CEJST and (b) the ETC Explorer tool.

Table 3. DAC and Data Source Comparison between CEJST and ETC Explorer Tool for NCTCOG Region.

Parameters CEJST USDOT ETC Explorer Tool
Total Number of Census Tracts 1,330 1,730
Number of Census Tracts: DACs 450 494
Number of Census Tracts: Non-DACs 880 1,236
Percent of DACs 34.49% 28.55%
Total Population 7,507,217 7,641,334
Percent of Population in DACs 30.74% 28.18%
Percent of Population in Non-DACs 69.26% 71.82%
Census Data Source ACS 20152019 ACS 20162020
Geography Boundaries Data Source Census tract boundaries from 2010 Census tract boundaries from 2020
Health Data Source CDC Places 20162019 CDC Places 2020
PM; s Data Source Model and monitor data from 2017 EPA’s EJScreen 2022
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Figure 2. Census tracts identified as DACs in NCTCOG using (a) CEJST and (b) ETC Explorer tool.

Electric Vehicle Penetration Scenarios
The scenarios developed for this study were based on the following Texas-based EV penetration rates:

e  Existing share of EVs by vehicle class in 2019.

o 0.6 percent for LDVs—obtained from projection tool developed by Texas A&M Transportation
Institute (TTI) researchers.
0.0 percent for MDVs—obtained from ERCOT EV allocation study (Sergici et al., 2022).

o 0.0 percent for HDVs—obtained from ERCOT EV allocation study (Sergici et al., 2022).

e  Market force projection of EVs by vehicle class in 2026.

o 3.9 percent for LDVs—obtained from projection tool developed by TTI researchers.
o 1.4 percent for MDVs—obtained from ERCOT EV allocation study (Sergici et al., 2022).
o 0.9 percent for HDVs—obtained from ERCOT EV allocation study (Sergici et al., 2022).

e Hypothetical high projection of EVs by vehicle class in 2026.

o  25.0 percent for LDVs.
o 25.0 percent for MDVs.
o 25.0 percent for HDVs.

When comparing scenarios, hypothetical projections will allow researchers to explore potential outcomes based
on different assumptions. Therefore, the potential impacts of the various EV scenarios can be simulated and
analyzed using hypothetical high projections in this study. Hypothetical projections are not meant to predict the
future with certainty, rather they serve to inform decision-making processes based on data-driven analysis.

Based on these projection rates, the following four scenarios were developed:

1. Baseline: This scenario uses the market force projections for both light-duty and medium/heavy-duty EV
penetration rates. The model year for this scenario is set to the future year of 2026.




2. Light-Duty High Adoption: This scenario assumes a higher adoption rate for light-duty EVs as indicated by
the hypothetical high projection. The penetration rate for medium/heavy-duty EVs remains the same as
the market force projection. The model year for this scenario is also set to 2026.

3. Medium- and Heavy-Duty High Adoption: This scenario assumes a higher adoption rate for
medium/heavy-duty EVs as indicated by the hypothetical high projection. The penetration rate for light-
duty EVs remains the same as the market forces projection. The model year for this scenario is also set to
2026.

4. Both High Adoption: This scenario assumes a higher adoption rate for both light-duty and medium/heavy-
duty EVs, as indicated by the hypothetical high projection. The model year for this scenario is set to 2026.

These scenarios will explore the impacts of varying levels of EV adoption on emissions, exposure, and health
outcomes, particularly in DACs. The use of different penetration rates for the multiple vehicle classes can capture a
range of possible future conditions and their implications for environmental justice and public health.

Air Quality Modeling

The process of air quality modeling comprises several steps, including traffic modeling, emissions estimation, and
dispersion modeling. Table 4 provides an overview of the set of considerations/assumptions used in each step of
air quality modeling.

Table 4. Air Quality Modeling Parameters.

Modeling and Analysis Parameters Description

Traffic Modeling

Study Area NCTCOG region

Model Year 2026

Traffic Data NCTCOG travel demand model—calibrated and validated

Number of Links 43,087

Traffic Data by Time Period Morning peak, evening peak, and off-peak hours

Traffic Data by Vehicle Class LDVs, MDVs, and HDV's

Time Period Split into Hours By hourly activity factors

Model Output Vehicle miles traveled, speed, and traffic density at the link level

Emission Modeling

Modeling Tool Motor vehicle emission simulator third version (MOVES3)

Modeled Pollutant PM, s due to its significant health implications

Emission Rates (¢/mile) MOVES3 emission' rate lookup tables at the district level (Dallas
and Fort Worth regions)

Model Output Total emissions at the link level

Dispersion Modeling

Modeling Tool AERMOD

Texas Commission on Environmental Quality preprocessed 2019
data for all 365 days

50, 150, and 300 meters from the highway centerline, and mesh of
gridded receptors at 500 meters and 1-kilometer distance

Total Number of Receptors 88,783

Model Output Pollutant concentration in pg/m?

Meteorological Data

Receptor Placement

Exposure Assessment
It is important to estimate the exposure of the population residing within each census tract to PM;s. In the
absence of specific residential location data within each census tract or a detailed population grid, it was assumed
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that the population was evenly distributed within each census tract. Therefore, the population exposed to PM; s
can be estimated by determining the area within a census tract that corresponds to each exposure level.

Figure 3 provides an example of a census tract (C;,) that is divided into various exposure zones. The area Agyiq
represents a grid where the population is exposed to the PM, s concentration level measured at Mg,4 (as shown in
the purple area). Similarly, the population residing within the area A;5_3¢0 is exposed to the concentration level
measured at M;59_300 (as shown in the beige area). Spatial analysis tools were used to determine these exposure
levels and corresponding areas.

Roadway Link

\ Miso.300
Aiso.300

grid
grid

Figure 3. Exposure levels in each census tract (C;).

Health Impact Assessment

The exposure levels between the baseline scenario and the other EV adoption scenarios were compared. The
health impacts of EV implementation were estimated using a standard Burden of Disease (BoD) assessment
framework, which has been utilized previously in related literature (Mueller et al., 2016).

Inputs to the BoD model include the concentrations of PM, s and the baseline all-cause mortality rate in the study
area. Subsequently, the difference in relative risk (RRais) of all-cause mortality between the baseline and various EV
adoption scenarios can be estimated using Equation 1.

(EBaseline - EEV Adoption Scenario) (1)
RRunit

RRdiff = RR X

Where RR is the relative risk obtained from the exposure-response function (ERF) derived from a systematic review
and meta-analysis conducted by Chen and Hoek (2020). RR is equivalent to 1.08. This value applies to ambient
PM, s from all sources and not specifically to traffic-related PM,s. This is a common limitation in TRAP health
impact assessment studies. Egaseiine aNd Egv adoption scenario represent the PM, s concentration levels under the baseline
and other EV adoption scenarios, respectively. RR,,: is the exposure unit of the relative risk derived from the
original ERF for all-cause mortality.

Next, the population attributable fraction (PAF) can be calculated using Equation 2. PAF represents the proportion
of premature deaths attributable to PM; s, based on the difference in PM; s concentration levels between the
baseline and other EV adoption scenarios.
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RR;irr — 1 2
PAF — “Mdiff (2)
RRdiff
Finally, the number of premature deaths prevented per million people (i.e., potential health benefits) in each
census tract can be estimated using Equation 3.

Premature Deaths Prevented Per Million = PAF X Million People (3)

Results and Discussion

This section will compare traffic characteristics, estimated emissions, exposure levels, and health benefits between
DACs and non-DACs that were identified using the two classification methods and across all EV adoption scenarios.

Traffic Characteristics

For a fair comparison, baseline traffic density per square mile was calculated and assessed. Vehicle miles travelled
(VMT) for each hour of the day on all links was aggregated within a census tract and then divided by the area of
the census tract. Figure 4 (a) and (b) depict the traffic density of LDVs across different hours of the day and DAC
indicators, as classified by both the CEJST and ETC Explorer tool. Both DAC classification tools show that DAC
regions have higher vehicle densities throughout the day, indicating a higher potential exposure to TRAP.

Similarly, the traffic density of MDVs/HDVs across different hours of the day and DAC indicators are illustrated in
Figure 5 (a) and Figure 5(b). Mirroring the LDV patterns, both DAC classification tools consistently show that DAC
regions have higher MDV/HDV densities, implying a potentially higher TRAP exposure risk for these communities.
Moreover, the traffic density mean values between the DACs and non-DACs were compared for each hour using a
t-test. Significance figures for each hour are indicated on top of the box plots. The convention for statistical
significance shown on the plots is as follows:

e ns: not significant.

e One asterisk (*): p-value less than 0.05.

e  Two asterisks (**): p-value less than 0.01.

e Three asterisks (***): p-value less than 0.001.
e  Four asterisks (****): p-value less than 0.0001.

Overall, findings suggest a consistent trend of higher traffic densities in DAC regions, regardless of vehicle type or
the classification method used to identify DACs. This pattern holds true across different times of the day, indicating
a higher exposure to traffic for DAC residents. In addition, the difference in traffic densities between DACs and
non-DACs was greater during the morning peak hours compared to the afternoon peak hours. The percent change
in traffic densities between DACs and non-DACs for LDVs for every hour varied between 29 percent and

38 percent. This difference was greater for MDVs and HDVs since it varied between 37 percent and 44 percent.
This shows that DACs tend to have higher MDV and HDV traffic when compared to non-DACs. The t-test confirmed
these results, showing significant change for MDVs and HDVs for all hours of the day when compared to LDVs. The
traffic densities of LDVs and MDVs/HDVs were further assessed to determine which vehicle type had more impact
on DACs. As a result, an overall percent difference in traffic density between DACs and non-DACs was computed
across the entire day for all vehicle types and both DACs classification tools, as represented in Figure 6. Notably,
MDVs and HDVs demonstrated a higher percent change in traffic density than LDVs. The t-test confirmed that the
difference between the vehicle types is statistically significant.
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Figure 4. LDV traffic density across different hours for DACs and non-DACs as classified by (a) CEJST and (b) ETC

Explorer tool.
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Figure 5. MDV and HDV traffic density across different hours for DACs and non-DACs as classified by (a) CEJST
and (b) ETC Explorer tool.
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Figure 6. Comparison of overall percent change in traffic density between DACs and non-DACs by vehicle type.

The impact of baseline traffic density on various levels of income within DACs was also investigated in this section.
The income levels were defined by the percentage of population living below 200 percent of the poverty
threshold. Census tracts classified as disadvantaged using the CEJST and ETC Explorer were categorized into three
groups: Low (65 percentile and above), Lower (between 80t and 90t percentile), and Lowest (90t percentile and
above). Figure 7 (a) and (b) represent the traffic density of LDVs by hour of the day and income level, categorized
by the CEJST and ETC Explorer classification methods, respectively. Traffic densities varied by time of day but did
not significantly differ across the different income levels for both DAC classification methods. A similar trend was
observed for MDVs and HDVs, as shown in Figure 8 (a) and (b). Therefore, these findings suggest that the impact of
traffic was uniformly distributed across different income levels within DACs. Since income level did not show
significant disparity in traffic density between DACs and non-DACs, it was excluded as a parameter to compare
further results.
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Figure 7. LDV traffic density across different hours of the day and income levels within DACs as classified by

(a) CEJST and (b) ETC Explorer tool.
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Figure 8. MDV and HDV traffic density across different hours of the day and income levels within DACs as
classified by (a) CEJST and (b) ETC Explorer tool.

Effects of EV Adoption on Emissions, Exposure, and Health

This section provides an analysis of the impacts of EV adoption scenarios on the reduction in emissions and
exposure to PM, s exhaust emissions as well as the consequent health outcomes in terms of premature deaths
avoided. The analysis considers the comparisons across different EV penetration scenarios, the two distinct DAC

classification methods, and DAC indicators.
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The comparisons were made by applying the following steps:

e  (Calculate total emissions per square mile: Emissions from each link were aggregated within a census tract
for all hours of the day and then divided by the area of the census tract.

e Calculate exposure per square mile: Population-weighted PM, 5 exposure concentrations from the
AERMOD dispersion modeling results were divided by the area of the census tract.

e Calculate the percent reduction in emissions by comparing the total emissions per square mile of the
different EV adoption scenarios to the baseline.

e (Calculate the percent reduction in PM, s exposure by comparing the exposure per square mile of the
different EV adoption scenarios to the baseline.

e All the above steps were accomplished for the DAC indicators identified using the two tools and across
the different EV penetration scenarios.

e  Finally, the health outcomes were assessed in terms of avoided premature deaths per million people for
each scenario relative to the baseline.

For the CEJST DAC classification method, as shown in Figure 9, the results were as expected for the hypothetical
high adoption rates for all vehicle types. This scenario generated the highest benefits in terms of emission and
exposure reductions along with associated health benefits. Another observation was the impact of the medium-
and heavy-duty high adoption scenario, which offered substantial benefits across all parameters—emissions,
exposure, and health—when compared to the light-duty high adoption scenario. This is an essential finding given
the current policy and technology focus on light-duty EVs. Therefore, these findings highlight the importance of
focusing electrification efforts on MDVs and HDVs.

The impact of EV adoption scenarios on emission, exposure, and health across DAC indicators using the ETC
Explorer classification method showed similar trends as the CEJST, as presented in Figure 10. Results also
emphasized the importance of medium- and heavy-duty high adoption. All scenarios indicated a higher reduction
in emissions and PM, s exposure in DACs. This reaffirms that the benefits of EV adoption can be enhanced through
a greater focus on MDVs and HDVs. Health benefits under the ETC Explorer classification method highlight the
advantages of the medium- and high-duty high adoption scenario, which were notably higher than the light-duty
high adoption scenario.

In summary, findings from this study underscore the importance of medium- and heavy-duty EV adoption in
reducing emissions, improving air quality, and enhancing health outcomes, especially in DACs. While light-duty EVs
have been the focus of policy and technological advancements, the substantial benefits of medium- and heavy-
duty EV adoption should not be overlooked. These outcomes have significant implications for policymaking,
featuring the need for a balanced approach that considers all vehicle classes in the transition towards a net zero
emission transportation sector.
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Figure 9. Effects of EV adoption scenarios on emission, exposure, and health for DACs vs. non-DACs as classified
by CEJST.
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Figure 10. Effects of EV adoption scenarios on emission, exposure, and health for DACs vs. non-DACs as classified
by ETC Explorer tool.
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Finally, spatial visualization was used to provide geographical context for the impacts of EV adoption scenarios
across all census tracts in the NCTCOG region. Three sets of maps were generated for each classification method,
Figure 11 for CEJST and Figure 12 for ETC Explorer tool, each depicting the impacts in terms of emissions reduction,
reduction in exposure to PM; s, and health benefits, respectively. Census tracts were color coded to distinguish
between DACs (coded in red) and non-DACs (coded in blue). The intensity of the colors represent the magnitude of
emissions, exposure, and health benefits. Areas with darker shades indicate greater reductions in emissions and
exposure, as well as greater number of premature deaths avoided due to EV adoption.
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Figure 11.Spatial distribution of emissions reduction, exposure reduction, and health benefits for different EV
adoption scenarios and DAC indicators identified according to CEJST classification.
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Figure 12. Spatial distribution of emission reduction, exposure reduction, and health benefits for different EV
adoption scenarios and DAC indicators identified according to ETC Explorer classification.
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Figure 13 can be used as a reference to better explain trends and/or patterns in the spatial distribution maps. The
figure consists of NCTCOG region maps that show (a) urban vs. rural designation for census tracts, (b) roadway
density in each tract measured in miles per square mile, and (c) population density in each tract measured in
population per square mile.

In terms of emissions reduction, the light-duty high adoption scenario appeared to be the least impactful across all
census tracts. In contrast, the hypothetical high EV adoption rate for all vehicle types resulted in substantial
emissions reduction. Spatially, DACs, which are primarily located in dense urban centers as well as in in rural areas,
benefited from EV adoption, particularly under the medium- and heavy-duty high adoption and both high adoption
scenarios. This underlines the potential of these scenarios to address environmental justice issues by reducing
emissions in the most affected communities. The exposure reduction maps revealed a similar pattern to the
emissions reduction maps. However, it illustrates a more pronounced reduction in PM, s exposure near major
roadways, underscoring the direct health benefits of EV adoption in areas with high traffic density.

In terms of health impacts, the benefits of EV adoption, represented by the number of premature deaths avoided
per million people, were most evident in high-population urban centers and near roadways. Hence, aligning with
the findings from the exposure maps. This further emphasizes the necessity of targeting these areas for EV
adoption (or more broadly, zero-tailpipe emissions vehicle adoption). On the contrary, the health benefits were
less pronounced in rural DACs, despite these areas also experiencing significant reductions in emissions and
exposure. This observation suggests that while rural areas might benefit from EV adoption in terms of improved air
quality, the direct health impacts might be less significant due to lower population densities.
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Figure 13. NCTCOG region maps for (a) urban vs. rural area designation, (b) roadway density, and (c) population
density.

Conclusions, Limitations, and Future Research

This study explored the implications of EV adoption, with an emphasis on environmental justice, particularly for
DACs. The research encompassed four distinct EV adoption scenarios, focusing on LDVs, MDVs, and HDVs. The
scenarios highlighted potential impacts on emissions, exposure, and health outcomes across communities, with
DACs and non-DACs differentiated using the CEJST and ETC Explorer classification methods.

Results indicated that DACs, as classified by both CEJST and the ETC Explorer, experienced higher vehicle densities,
suggesting higher exposure to TRAP. This underscores the need for policy interventions targeted towards reducing
the pollution burden in these communities. Analysis from this study also revealed that varying income levels within
DACs did not significantly alter the benefits derived from EV adoption. This indicates that income level should not
be a primary focus when classifying DACs in policy interventions. Another finding from this study is the potential
benefits of EV adoption, with a noteworthy impact observed from medium- and heavy-duty EVs, particularly in
DACs. These findings suggest that policy and technological advancements should extend beyond LDVs to
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MDVs/HDVs for more substantial emissions reductions and health benefits. Spatially, urban centers and major
roadways showed the most pronounced benefits of EV adoption, emphasizing location-specific policies. However,
rural DACs showed less pronounced health benefits despite substantial reductions in emissions and exposure,
highlighting the need for nuanced, location-specific policies.

The study’s methodology has several limitations, including the use of simulated traffic parameters for scenarios
beyond the baseline, the exclusive focus on vehicle density without considering other factors influencing TRAP
levels, and the assumption of uniform population distribution within a census tract for exposure areas. Potential
emissions from power plants due to increased electricity demand from EVs were also not considered in this study.

Despite these limitations, the study provided valuable insights into the spatial variability of EV adoption impacts.
DACs, especially those in urban areas and near major roadways, stand to gain significant benefits from EV
adoption. However, rural and suburban areas might not see equally pronounced health impacts due to lower
population densities.

Future research can build on this study by incorporating additional factors influencing TRAP, such as using more
detailed population distribution data like EPA’s Dasymetric data and exploring potential challenges and solutions
related to large-scale EV adoption. Additionally, research could explore the potential challenges and solutions
related to large-scale EV adoption, such as infrastructure and energy needs. This would inform effective and
sustainable policy interventions. Furthermore, future studies can delve deeper into DACs’ socio-demographic
characteristics and compare different classifications for DACs. Lastly, employing geospatial analysis techniques can
help identify specific locations that would benefit most from EV adoption, aiding the development of targeted
emissions reduction and health improvement policies.
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