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ABSTRACT OF THE DISSERTATION 
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University of California, Los Angeles, 2024 
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As California positions itself as a leader in climate mitigation, zero-emission vehicle (ZEV) 

adoption and the development of clean energy infrastructure hold promise for reducing air 

pollution and improving public health. However, disadvantaged communities (DACs) continue to 

experience disproportionate exposure to traffic-related air pollution, uneven access to clean energy 

infrastructure, and barriers to adopting environmentally sustainable technologies like ZEVs. As 

California approaches its target of achieving 100% ZEV sales by 2035 and long term carbon 

neutrality goal by 2045, there is a critical need to ensure that the benefits of this transition—

improved air quality, reduced greenhouse gas emissions, and enhanced public health—are 

equitably distributed. This dissertation seeks to address these equity challenges by evaluating the 
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environmental justice implications of ZEV adoption, analyzing the regional air quality and health 

benefits in urban environments like Los Angeles, and assessing the equity and reliability of public 

electric vehicle charging stations (EVCSs) at the national level. 

Through the use of multiple methods—including geospatial analysis, predictive modeling, 

integrated traffic, air quality modeling, health benefits assessment, qualitative data analysis and 

large language models—this work provides an in-depth exploration of how ZEV policies, 

transportation emissions, and charging infrastructure impact DACs and racially and ethnically 

minoritized communities. The findings of this dissertation offer a clearer understanding of the 

extent to which California's clean transportation policies are advancing equity, as well as 

identifying areas where additional policy interventions are required. The ultimate goal is to inform 

more targeted, action-oriented strategies for reducing pollution burdens and improving access to 

clean energy solutions in the most vulnerable communities. This work is divided into the following 

five chapters: an introduction (Chapter 1), three chapters of primary research (Chapters 2-4), and 

the conclusions and future research directions (Chapter 5). 

In Chapter 2, we quantify ZEV adoption trends at the census tract level in California from 2015 

to 2020 and project future adoption levels through 2035. Our analysis highlights significant 

disparities, showing that per capita ZEV ownership in non-DACs is nearly four times higher than 

in DACs, and that racially and ethnically minoritized populations own fewer ZEVs regardless of 

DAC designation. While pollutant reductions due to inter-community ZEV trips benefit DAC 

residents, these communities remain exposed to higher levels of traffic-related air pollutants. With 

a projected increase in ZEV adoption by 2035, exposure disparities narrow but persist, 

emphasizing the need for targeted ZEV policies to address inequities in pollution burdens among 

DACs. 
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Chapter 3 focuses on assessing the regional air quality and health benefits of increased ZEV 

adoption in Los Angeles. Through the application of transportation and emissions models, we 

evaluate future ZEV adoption scenarios and their impact on air quality. Our findings demonstrate 

that increased ZEV adoption can significantly improve air quality and yield substantial public 

health benefits, particularly for Hispanic populations in DACs. However, the study also highlights 

the complexities of managing air pollutants, as reductions in nitrogen oxides (NOₓ) may lead to 

higher ozone (O₃) levels, necessitating a multi-faceted approach to emission control. 

In Chapter 4, we conduct a national analysis of public EVCS equity and reliability, using data 

from user-generated content and reviews. Using data from over 470,000 user-generated reviews, 

we identify significant disparities in the distribution of public EVCSs, with DACs having 26% 

fewer EVCSs per capita compared to non-DACs. This disparity is more pronounced among renters 

in multi-dwelling units. Additionally, we find that EVCS users in DACs face more reliability 

issues than their counterparts in non-DACs, with hardware and technical failures being the most 

common complaints. These findings underscore the need for more investment in EVCS 

infrastructure and maintenance, particularly in underserved communities. 

Together, these chapters highlight both the progress and remaining challenges in ensuring an 

equitable clean transportation transition. By identifying key areas for improvement in ZEV policies 

and EVCS infrastructure, this dissertation contributes to ongoing efforts to achieve environmental 

justice and a healthier, more sustainable future for all Californians and beyond. 
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1. INTRODUCTION 

1.1. ENVIRONMENTAL JUSTICE AND THE TRANSITION TO EQUITABLE 

CLEAN TRANSPORTATION 

The transportation sector is the largest contributor to greenhouse gas (GHG) emissions and a 

significant source of air pollution in California, accounting for nearly 50% of the state’s GHG 

emissions and 90% of diesel particulate matter (PM) pollution1. To mitigate climate change and 

improve air quality, California has been the leader of zero-emission vehicles (ZEVs) adoption. 

Unlike conventional internal combustion engine vehicles (ICEVs), ZEVs produce no tailpipe 

emissions and have the potential to dramatically reduce traffic-related air pollution (TRAP). As a 

result, ZEV policy is considered a critical tool for climate change mitigation and improving public 

health through reductions in air pollutants. 

California has taken a leadership role in the global ZEV transition. Through initiatives such 

as Executive Order N-79-20, which mandates that all new passenger vehicles sold in the state must 

be ZEVs by 2035, California has set ambitious goals for a clean transportation future2. Policies 

such as the Advanced Clean Cars II rule provide a roadmap for ZEV adoption3, and other regions, 

including New York4, the United Kingdom5, and the European Union6, are following California's 

lead in accelerating the shift to zero-emission vehicles. Despite these advancements, however, 

equity concerns persist. Disadvantaged communities (DACs) and racially and ethnically 

minoritized populations in California continue to experience disproportionate exposure to air 

pollution, and disparities in ZEV adoption remain significant. This raises critical questions about 

whether the benefits of clean transportation technologies are being distributed equitably across all 

communities. 
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While the policy-driven push for ZEVs presents an opportunity to address both air quality and 

climate change, its equity implications remain uncertain. Despite progress, many disadvantaged 

communities (DACs) in California continue to experience some of the worst air quality in the 

nation7. DAC residents, often comprising racially and ethnically minoritized populations, are 

disproportionately exposed to traffic emissions due to their proximity to roadways and other 

transportation infrastructure8. These communities are also more likely to experience cumulative 

vulnerabilities due to socioeconomic and biological factors, which exacerbate the health impacts 

of environmental pollutants. Moreover, DACs often have a higher concentration of older, more 

polluting vehicles and fewer ZEVs, further compounding their exposure to TRAP9,10. 

In urban areas like Los Angeles, where air pollution and health disparities are particularly 

pronounced, the transition to ZEVs offers a potential solution to reduce pollution and improve 

public health. However, the distribution of these benefits across the population is uneven, with 

DACs facing greater barriers to ZEV adoption and fewer opportunities to access clean 

transportation technologies. Although current ZEV policies could reduce overall emissions, the 

specific air quality and health outcomes for DACs, particularly near roadways, require further 

examination to ensure an equitable distribution of the benefits. 

Building on the state's climate priorities, this dissertation investigates the environmental 

justice dimensions of ZEV adoption, the associated air quality and health benefits, and the equity 

of access to electric vehicle charging infrastructure. Chapter 2 explores the distributive equity of 

ZEV adoption in California, quantifying ZEV ownership disparities at the census tract level and 

projecting future adoption patterns through 2035. It highlights the continuing exposure of DACs 

to higher levels of air pollution despite increased ZEV adoption. Chapter 3 focuses on the regional 

air quality and public health benefits of ZEV adoption in Los Angeles, modeling future emissions 
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and air quality changes under various ZEV adoption scenarios. The chapter also assesses the health 

impacts of these changes, particularly among DACs, identifying both the potential benefits and 

complexities of reducing multiple pollutants. Chapter 4 examines the equity and reliability of 

public electric vehicle charging stations (EVCSs) in the United States, utilizing user-generated 

data to assess access disparities and the reliability of charging infrastructure across different 

communities. This chapter emphasizes the challenges faced by DACs in accessing reliable 

charging, particularly among renters in multi-dwelling units who lack access to at-home charging. 

Taken together, these chapters provide a comprehensive analysis of the environmental and 

health implications of California’s ZEV policies, the progress and challenges in achieving 

equitable access to clean transportation, and the role of EVCS infrastructure in supporting the 

transition to a carbon-neutral transportation system. By focusing on the intersection of air quality, 

public health, and environmental justice, this dissertation contributes to the ongoing conversation 

on how to ensure that the benefits of clean energy and climate mitigation strategies reach all 

communities, especially those that are most vulnerable to the impacts of air pollution and climate 

change. 

1.2. SUMMARY OF AIMS  

In this dissertation, we use a variety of methods from the different disciplines—including 

geospatial analysis, transportation modeling, air quality simulations, and qualitative analysis of 

user-generated data using artificial intelligence—to examine the public health and equity 

implications of ZEV adoption and EVCS accessibility in California and across the United States. 

This work provides evidence-based insights that can inform future policy interventions aimed at 

achieving environmental justice and equitable access to clean transportation technologies. Each of 
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the three aims in this dissertation, presented in Chapters 2, 3, and 4, explores different aspects of 

how ZEVs and EVCS infrastructure impact air quality, public health, and equity. 

In Chapter 2, we examined the historical trend of ZEV adoption between 2015 and 2020 in 

DACs and non-DACs in California. Focusing on the Greater Los Angeles area, which has the 

largest ZEV population in the U.S., we conducted a near-roadway air quality analysis to assess the 

disparities in ZEV ownership and air pollution exposure. Using an integrated transportation model, 

we simulated ZEV trips at the census tract level and quantified changes in fine particulate matter 

and nitrogen oxide concentrations. Our findings show that while ZEV adoption has led to some 

reductions in pollutant exposure for DACs, these communities still face disproportionately higher 

levels of traffic-related air pollution. Racially and ethnically minoritized populations, regardless 

of DAC status, also face lower ZEV ownership rates. This chapter highlights the need for targeted 

ZEV policies that address the persistent inequities in pollution exposure and vehicle ownership 

among vulnerable populations. 

In Chapter 3, we build upon the LA100 study by focusing on the potential environmental and 

public health benefits of ZEV adoption in Los Angeles, particularly for DACs. We developed three 

scenarios to model the effects of different ZEV adoption levels on air quality and health outcomes. 

We simulated changes in PM2.5 and ozone concentrations using a high-resolution chemical 

transport model and assessed the related public health benefits using racial and ethnic-specific 

concentration-response data. Our results indicate that while ZEV adoption can substantially reduce 

PM2.5 concentrations and improve public health outcomes for both DACs and non-DACs, the 

impact on O3 levels is more complex. We observed temporary increases in O3 concentrations, 

particularly in DACs, a phenomenon that requires further NOx and VOC emissions reductions to 

fully realize the air quality benefits of ZEVs. This chapter underscores the importance of a multi-



5 
 

faceted approach to emission reductions in order to maximize the health benefits of clean 

transportation policies. 

In Chapter 4, we conducted the first national-level analysis of equity in access to public 

EVCSs, using a large dataset of user-generated reviews to assess both accessibility and reliability 

of EVCS infrastructure across the United States. We applied large language models to perform 

sentiment analysis on over 470,000 user reviews and conducted a qualitative analysis using 

grounded theory to identify the most common issues encountered by EVCS users. Our findings 

reveal that DACs and residents who lack at-home charging opportunities face significant barriers 

to accessing reliable public EVCS infrastructure. Despite several policies aimed at improving 

EVCS access in underserved areas, disparities in both availability and reliability persist 

nationwide. This chapter calls for increased investment in public EVCS infrastructure, particularly 

in DACs, and emphasizes the need for enhanced reliability to ensure that all communities can 

benefit from the clean energy transition. 

In sum, the three aims of this dissertation address key issues in the intersection of ZEV 

adoption, air quality, public health, and environmental justice. The findings provide actionable 

insights for policymakers, stakeholders, and advocates working to ensure an equitable and 

sustainable transition to clean transportation technologies. 
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2. CALIFORNIA'S ZERO-EMISSION VEHICLE ADOPTION BRINGS AIR 

QUALITY BENEFITS YET EQUITY GAPS PERSIST 

Published in Nature Communications [2023]  

DOI: https://doi.org/10.1038/s41467-023-43309-9 

2.1. ABSTRACT 

Zero-emission vehicle (ZEV) adoption is a key climate mitigation tool, but its environmental 

justice implications remain unclear. Here, we quantify ZEV adoption at the census tract level in 

California from 2015 to 2020 and project it to 2035 when all new passenger vehicles sold are 

expected to be ZEVs. We then apply an integrated traffic model together with a dispersion model 

to simulate air quality changes near roads in the Greater Los Angeles. We found that per capita 

ZEV ownership in non-disadvantaged communities (non-DACs) as defined by the state of 

California is 3.8 times of that in DACs. racially and ethnically minoritized populations owned 

fewer ZEVs regardless of DAC designation. While DAC residents receive 40% more pollutant 

reduction than non-DACs due to intercommunity ZEV trips in 2020, they remain 

disproportionately exposed to higher levels of traffic-related air pollutants. With more ZEVs in 

2035, the exposure disparity narrows. However, to further reduce disparities, the focus must 

include trucks, emphasizing the need for targeted ZEV policies that address persistent pollution 

burdens among DAC and racially and ethnically minoritized populations. 

2.2. INTRODUCTION 

In California, the transportation sector contributes to approximately 50% of total greenhouse 

gas (GHG) emissions and 90% of diesel particulate matter (PM) pollution1. Unlike internal 

combustion engine vehicles (ICEVs), zero-emission vehicles (ZEVs) produce no tailpipe 

emissions and only generate non-exhaust emissions caused by brake and tire wear. ZEV policy, a 

https://doi.org/10.1038/s41467-023-43309-9


7 
 

practical climate change mitigation tool, is expected to produce health co-benefits by reducing 

traffic-related air pollution (TRAP) while also reducing GHG emissions11–15. 

The California Air Resources Board (CARB) defines ZEVs as vehicle technologies including 

battery electric, plug-in hybrid, and hydrogen fuel cell vehicles. California was one of the first 

government bodies in the world to publish ZEV sales requirements: Executive Order N-79-20 of 

September 2020 requires all new passenger vehicles sold in California to be ZEVs by 20352. In 

2022, the CARB approved the Advanced Clean Cars II rule, which establishes a year-by-year 

roadmap so that by 2035 100% of new cars and light trucks sold in California will be ZEVs3. An 

increasing number of regions across the globe are following California in accelerating ZEV 

adoption: New York State adopted California’s ZEV rules in September 20224; the United 

Kingdom announced a plan for new car and van sales to be fully zero-emitting by 20355; and the 

European Union also reached an agreement to zero-out tailpipe emissions for both new cars and 

vans by 20356. The International Energy Agency projects that there will be 200 million electric 

vehicles (EVs) in 2030 globally, 11 times the stock in 202216. As the fifth largest economy in the 

world and the largest ZEV market in the United States, California has a total of 635,000 registered 

ZEVs at the end of 2020, which still only represents approximately 2.2% of the total vehicle fleet17. 

Nevertheless, California is expected to make 9.5 million more ZEV sales by 20353. 

Despite air quality improvements being made in the past few decades, many metropolitan 

areas and disadvantaged communities (DACs) in California, as defined by the state government, 

still experience the worst air quality in the country7. Here, we use the Senate Bill (SB) 535 DAC 

designation18 since it specifically targets greater air pollution reduction and climate change 

investments. The SB535 DAC designation is based on CalEnviroScreen, a tool developed by the 

California Environmental Protection Agency to identify California communities 
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disproportionately affected by pollution while considering health, socioeconomic, and population 

characteristic data. These data are then computed to derive an overall score, which is later utilized 

to rank communities and identify DACs. The designation comprises four categories: (1) Census 

tracts in the top 25% of overall scores in CalEnviroScreen 4.0; (2) Tracts with the highest 5% 

cumulative pollution burden scores lacking overall scores due to data gaps; (3) Tracts identified as 

disadvantaged in 2017, regardless of CalEnviroScreen 4.0 scores; (4) Lands under federally 

recognized tribes' control, with a consultation process for tribal designation requests. Over 9.3 

million Californians live in DACs7. California also has the highest percentage of population living 

near-roadways (within 300 meters of a major road)8. In addition, many DAC residents are racially 

and ethnically minoritized populations who are often more susceptible to environmental pollutants 

due to cumulative vulnerabilities they encounter, including biological (epigenetic expression and 

preexisting health conditions) and social vulnerabilities (low socioeconomic status, ethnoracial 

discrimination, and physiological stressors)19–22. While the term “racial and ethnic minorities” are 

been officially used by government agency such as the U.S. National Institutes of Health23,24, there 

have been calls to replace the term with 'racially and ethnically minoritized' to recognize the active 

processes of marginalization and systemic discrimination that these groups experience25,26. 

Moreover, due to historical and ongoing socioeconomic inequities, racially and ethnically 

minoritized populations often reside near transportation infrastructure27–31. This is further 

compounded by the fact that the vehicle fleet passing through DACs and non-DACs differs 

considerably. There is a higher proportion of medium- and heavy-duty trucks and older vehicles 

that emit more pollutants in DACs, resulting in higher levels of TRAP exposure in these 

communities9,10. Therefore, these communities are disproportionately exposed to higher levels of 

TRAP and other environmental pollutants, together contributing to health disparities32–36. Thus, 
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there is a critical need to assess the distributive equity of ZEVs and associated air quality benefits 

through the lens of environmental justice. A lack of such knowledge will likely undermine the 

equity perspective during climate mitigation policy planning and aggravate health disparities 

among DAC residents. 

Previous studies have quantified the ambient air quality and health benefits of ZEV adoption 

at the national and state levels: a 75% fleet electrification rate in the United States could prevent 

3,000 PM2.5-related premature deaths and bring ~$70 billion in health benefits per year.15 Another 

study37 simulating full electrification of light-duty vehicles and buses in California has 

demonstrated an average PM2.5 reduction of 0.13 μg/m³. More recent research38 presenting various 

electrification scenarios has reported reductions in PM2.5 concentrations ranging from 0.08 to 0.98 

μg/m³. Since traffic emissions often contribute most to ambient air pollution in urban 

environments39–41, analyzing near-roadway TRAP exposure at the neighborhood level could be 

both insightful and indicative from an environmental justice perspective. In addition, 

epidemiological studies have also found linkages between near-roadway exposure to TRAP and a 

variety of adverse health outcomes, including birth effects and cardiorespiratory morbidity and 

mortality42–47. Focusing on near-roadway TRAP exposure allows us to investigate how ZEV-

related air quality benefits are distributed at the community level. 

 In this study, we analyzed the historical ZEV adoption trend for DACs and non-DACs in 

California between 2015 and 2020. We then chose the Greater Los Angeles area, which has the 

largest ZEV population in the United States17, and conducted a detailed near-roadway air quality 

analysis based on ZEV adoption data in 2020 to assess the disparities between DACs and non-

DACs. To further analyze the extent to which ZEVs can reduce disparities, we conducted 

additional analysis based on the projected adoption of ZEVs in 2035. We first create an integrated 
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transportation model that combines ZEV ownership data, household travel demand data, and 

transportation supply data to predict ZEV trips in terms of electric vehicle miles traveled (eVMT) 

at the roadway link level. Here, eVMT represents the total miles driven by ZEVs in a given census 

tract. We then analyze ZEV ownership and eVMT per census tract among different racial and 

ethnic groups. Finally, we calculate emission changes associated with modeled eVMT at each link 

and use a dispersion model to project fine particulate matter (PM2.5) and nitrogen oxide (NOX) 

concentrations at the census tract level. These results provide evidence for policy-makers to design 

future ZEV policies to address environmental justice issues related to disproportionately higher 

exposure to TRAP found among DAC residents and racially and ethnically minoritized 

populations. 

 

2.3. METHODS 

2.3.1. DAC Designation 

SB 535 DAC designation is based on CalEnviroScreen 4.0, a tool developed by the California 

Environmental Protection Agency to identify California communities that are disproportionately 

affected by pollution. CalEnviroScreen 4.0 assigns scores of different indicators to each census 

tract, and a final score is calculated by multiplying the pollution burden and population 

characteristics7. The final score is then expressed as a percentile ranking. The higher the percentile, 

the more risk is faced by the census tract residents. Compared to CalEnviroScreen 4.0, the final 

SB 535 DAC designation includes more DACs from previous CalEnviroScreen versions, 

recognized Tribes and tracts with high pollution burden scores but without population 

characteristics scores. Using SB 535 DAC designation allows us to provide more policy-relevant 

and readily applicable analysis. 
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2.3.2. ZEV Adoption Trends 

To better understand light-duty ZEV adoption trends in different California communities from 

2015 to 2020, we retrieve vehicle registration data from the CARB Fleet Database48 which 

provides Census Block Group level vehicle population estimation based on registration data from 

the California Department of Motor Vehicles. Census block group data are then aggregated at the 

census tract level to facilitate environmental justice analysis. 

To project the future ZEV adoption in 2035 when all new passenger vehicles sold are expected 

to be ZEVs, we applied different logistic growth models to estimate the number of light-duty ZEVs 

for each census tract within Los Angeles County based on census tract specific historical ZEV 

adoption data between 2015 to 2020. For medium- and heavy-duty vehicles, we used the ZEV 

penetration prediction directly from EMFAC2021 v1.0.249, an official emission and fleet inventory 

database developed by the CARB. The logistic growth model is a mathematical framework 

commonly used to predict the adoption rate of new technologies. It describes a sigmoidal, or S-

shaped, curve, representing a slow initial adoption, followed by rapid growth as the technology 

becomes more prevalent, and eventually leveling off as the market becomes saturated. This model 

has been widely applied in various fields, including technology diffusion, population growth, and 

resource consumption, to forecast future trends and inform decision-making processes. We utilized 

light-duty ZEVs ownership data for each census tract from 2015 to 2020 to establish a growth 

trend from EMFAC2021 v1.0.249. After estimating the number of light-duty ZEVs for each census 

tract in 2035, we adjust the total light-duty ZEVs count in Los Angeles County to achieve a final 

ZEVs penetration rate of 50%, in accordance with the value used in the CARB Mobile Source 
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Strategy report50–52. We then proportionally scale the ZEVs count for each census tract to reflect 

this target penetration rate.  

 

To represent this methodology mathematically, we use the following logistic growth equation: 

𝑁(𝑡) = !

"#!"#$#$ $"%&
       (1) 

where: 

N(t) is the number of ZEVs at time t (in our case, t = 2035), 

K is the carrying capacity, representing the total light-duty vehicle population being zero-

emissions in 2050, 

N0 is the initial number of ZEVs (at t = 2015), 

r is the growth rate, estimated from the ZEVs ownership data from 2015 to 2020, 

t is the time (in years) since the initial year. 

The ZEVs fleet penetration rates at the census tract level in 2035 were subsequently utilized 

in both the transportation and air quality models to provide a comprehensive analysis of near- 

Green Space and Parks Exposure Metrics 

2.3.3. Integrated Transportation Model 

To estimate the distribution of eVMT, we adopted an integrated transportation model to 

predict the traffic volume distribution on a typical weekday. The integrated model employs agent-

based simulation to simulate the dynamic interactions between travel demand and supply and 

predict the equilibrium state of the transportation system by leveraging synthetic and real data from 

multiple sources. Based on the ZEV adoption estimation, ZEV users can be selected from the 

population, and the associated eVMT distribution can be obtained. 
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Travel demand is derived from an activity-based model (ABM) developed by the Southern 

California Association of Government (SCAG) for both 2020 and 2035 scenarios, which is one of 

the largest models used in practice in the United States. Based on the principle that people’s 

demand for travel is derived from the demand for activity53, the ABM predicts people’s decision-

making regarding a series of interdependent travel-related choices and estimates the derived travel 

demand at the individual level in consideration of spatial-temporal constraints54,55. While the ABM 

predicts the travel demand in six counties of Southern California, we filtered trips within Los 

Angeles County in this paper. For trips occurring inside or outside Los Angeles County, we 

aggregated the origins or destinations to the nearest zones on the border of Los Angeles County. 

Approximately 3,221,000 households (9,661,000 population) in Los Angeles County were 

incorporated with 43,850,000 trips in total. Additionally, the heavy-duty truck trips were also 

incorporated as part of the travel demand, including about 368,000 daily truck trips in Los Angeles 

County. 

The ABM provides a realistic prediction of people’s travel demand on a typical weekday, 

while the movement of travelers and vehicles in a transportation network is not explicitly captured. 

We adopted agent-based simulation toolkit Multi-Agent Transport Simulation v13 (MATSim)56 

to simulate the movement of travelers and vehicles in a multimodal network of Los Angeles 

County. In the simulation, we used a "Passenger Car Equivalent" of 3.5, indicating that a truck 

impacts traffic flow equivalently to 3.5 conventional cars57. The traffic volume distribution across 

Los Angeles County can be obtained from the simulation results at a link-level spatial resolution 

and temporal resolution for each hour. The multimodal network consists of a road network and a 

transit network including approximately 354,000 links that are incorporated into the multimodal 
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network. The road network is generated from OpenStreetMap data58, while the transit network is 

developed from General Transit Feed Specification (GTFS) data59.  

 

Considering the computational efficiency of large-scale simulation, 10% of the population 

was simulated in this paper. An iterative calibration approach was adopted to accommodate the 

road capacity to the 10% population sample60. By selecting traffic count data from major freeways 

across Los Angeles County as the validation set, the simulated traffic volumes were compared to 

the validation set (Fig. A1). Good agreements were obtained between the simulated and real traffic 

volumes in Los Angeles County. 

2.3.4. ZEV Trip Assignment and Emission Calculation 

We calculate emissions in Los Angeles County for both 2020 and 2035, with and without 

ZEVs. For our 2020 estimate, we use real-world ZEV ownership data from CARB to determine 

traffic emissions. For 2035, we rely on the projected light-duty ZEV ownership data, which is 

anticipated to rise to 50% for light-duty vehicles, while medium-duty vehicles and heavy-duty 

vehicles are projected by the CARB META tool52 to reach 16% and 20%, respectively. We assume 

that both ICEVs and ZEVs have the same vehicle miles traveled (VMT), indicating similar driving 

behaviors and patterns for both vehicle types. To establish a baseline for our study, we consider 

all on-road light-duty vehicles to be ICEVs, thus excluding ZEVs. Based on the ZEV ownership 

percentage in a specific census tract, we assume that the same percentage of trips originating from 

the census tract will be ZEV trips. The ZEV trips are randomly selected from all trips originating 

from a census tract.  

We then aggregate link-level hourly emission rates for PM2.5 and NOX. On-road emission rates 

for Los Angeles County are retrieved from EMFAC2021 v1.0.249.Vehicle category-specific 
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emission rates from EMFAC are matched with vehicle types in the MATSIM model by vehicle 

weight class (Table A2). Unlike EMFAC, which uses a more detailed vehicle category 

classification, the MATSIM model only classifies vehicles into four vehicle weight-based 

categories. Thus, we calculate MATSIM-weighted emission rates from EMFAC using the equation 

below: 

𝐸𝑅_𝑀𝐴𝑇𝑆𝐼𝑀%
& = ∑𝐸𝑅_𝐸𝑀𝐹𝐴𝐶'& × 𝑉𝑃'            (2) 

where 𝐸𝑅_𝑀𝐴𝑇𝑆𝐼𝑀%
& stands for the emission rate of pollutant i for MATSIM weight class j, 

𝐸𝑅_𝐸𝑀𝐹𝐴𝐶'&  stands for the emission rate of pollutant i for EMFAC vehicle category k that falls 

into MATSIM weight class j, and 𝑉𝑃' stands for the vehicle population proportion of EMFAC 

vehicle category k with regard to the total vehicle population that falls into MATSIM weight class 

j.  

Emission rates are then matched with link-level hourly vehicle volumes and vehicle activities 

(starting or stopping a vehicle) to calculate emissions from different emission processes, including 

running exhaust emissions, start exhaust tailpipe emissions, idling emissions, and brake and tire 

wear emissions. The emissions from all processes are then aggregated together to reflect the total 

emissions of a specific link. 

2.3.5. Near-Roadway Air Pollution Modeling 

Air dispersion models are often used to evaluate TRAP exposure and associated health 

outcomes among near-roadway communities61–63. Here, we use the R-LINE V1.2 model to 

calculate hourly PM2.5 and NOX concentrations due to on-road vehicle emissions. R-LINE is a line-

source dispersion model developed by the U.S. Environmental Protection Agency (EPA) using 

steady-state Gaussian formulation64. It is specifically designed to take in mobile source emissions, 

which is in line with the link-level emission data we simulated from MATSIM. 
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R-LINE V1.2 takes in four input files: (a) run parameters, (b) a source file, (c) a receptor file, 

and (d) a surface meteorology file. We prepare these input files for each link segment simulated in 

the MATSIM model individually. For run parameters, we use default parameters except the lane 

width, which is changed to 3.75 m to match the MATSIM model parameter. For the source file, 

we convert link-specific parameters such as lane numbers and starting and ending coordinates into 

an R-LINE compatible format. For the receptor file, we created a receptor network for Los Angeles 

County including 6,423 receptors, each presenting the centroid of a census block group. We select 

the receptors within 1,500 meters for each source (each link segment in MATSIM) for the receptor 

file, as several studies show that 1,500 meters is the maximum length at which PM2.5 and NOX 

directly emitted from traffic cannot be detected65–67. Finally, for the surface meteorology file, we 

first collect hourly surface meteorological data for the area near Los Angeles International Airport 

from the National Centers for Environmental Information in the Integrated Surface Dataset 

format68. Data for January, April, July and October (a total of 123 days) are collected to represent 

seasonal variations across the four seasons. We also collect upper air sounding data from the 

National Oceanic and Atmospheric Administration Radiosonde Database for the area near Los 

Angeles International Airport69. Surface meteorology and upper air sounding data are then 

processed using AERMET v2211270, a meteorological data preprocessor provided by the EPA, to 

generate R-LINE compatible meteorology files. 

With the input files, R-LINE V1.2 generates PM2.5 and NOx concentrations from each link 

segment to all related receptors at an hourly resolution. Since the receptors are of the Census Block 

Group level, we aggregate the concentrations to the census tract level to facilitate DAC-related 

analysis. The final concentrations at each receptor are then aggregated to daily concentrations. The 



17 
 

seasonal and yearly daily average concentrations are then calculated. We use the average annual 

daily average concentrations for our final analysis. Additional data processing, analyses, and 

geospatial visualization were performed using Python 3.9.1371, along with the Python modules 

Pandas 1.5.272, NumPy 1.23.573, SciPy 1.8.174, GeoPandas 0.13.275, and QGIS 3.26.276. The 

census tract administrative boundary shapefile used in this study is from CalEnviroScreen 4.07. 

2.3.6. Method Limitations 

Our analysis is subject to several limitations. First, we were unable to predict individual ZEV 

trip precisely. The prediction of ZEV trips requires additional survey data encompassing 

household-level choices and distinct driving patterns77,78. This includes preferences related to ZEV 

purchase, the availability of private and public EV charging stations, information on the 

distribution of ZEV incentives, and actual ZEV trip data that could be used to validate our model. 

Future research is warranted to address these aspects to improve the accuracy of ZEV-trip 

simulations. Due to the abovementioned data gaps, ZEV trips were randomly selected from all 

trips originating from a census tract. To ensure that our random selection did not impact our 

analysis of pollution concertation reduction distribution in DACs and non-DACs, we repeated the 

entire simulation process four times. Pearson correlation coefficients of the dispersion model 

results were calculated using Python module SciPy 1.8.174 for each census tract between the first 

random ZEV trip selection results and the additional random selection results79. For PM2.5 

concentration reduction in each census tract, the average correlation coefficient is 0.99 for DACs 

and 0.98 for non-DACs. For NOx concentration reduction, the average correlation coefficient is 

0.95 for DACs and 0.90 for non-DACs. The correlation coefficients indicate that the results 

obtained from the four additionally simulated results using different random selections are highly 

correlated with the first. This could be because resident travel patterns in the same census tract 
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share certain homogeneities. Thus, we are confident that our conclusion is not affected by our 

random selection process.  

Second, we assume that ZEVs and ICEVs have identical VMTs. Although we recognize 

potential variations in driving patterns between ZEV and ICEV drivers, current empirical data 

yield inconsistent conclusions, making it difficult to adjust our model. The average annual VMT 

for ICEV is between 11k and 12k miles, while for ZEVs, it ranges from 6k to 15k miles, depending 

on survey and modeling methods77,80. Moreover, most existing empirical data are aggregated, 

typically at the annual level, which is inadequate to calibrate our agent-based simulation that 

requires detailed driving log data. Variations in eVMT might affect absolute pollution reduction 

values, but the relative shares of eVMT and disparities between DAC and non-DAC remain 

consistent. Thus, our equity-focused findings will not be affected. 

Third, the estimated near-roadway air quality benefits are small for both PM2.5 and NOx, as 

the ZEV fleet penetration rate was only 2.2% in 2020. However, these benefits increase 

substantially as ZEV fleet expands in 2035. While we confirm that the reductions with and without 

ZEVs are statistically significant using a paired t-test (p-value < 0.001), and that reductions in both 

PM2.5 and NOx attributable to ZEVs are significant between DACs and non-DACs (p-value < 

0.01), we acknowledge that some uncertainty persists. Thus, we conduct our analysis based on 

traffic-emitted pollutant concentrations alone instead of adding background pollutant 

concentrations. Moreover, our work aims to complement existing methodologies such as the CTM. 

It is important to note that the dispersion model has inherent limitations, including challenges in 

modeling secondary pollutants. 

Fourth, while the utilization of annual average daily concentrations is a scientifically sound 

approach commonly employed in air pollution research and aligns with EPA’s long-term exposure 
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standards, we acknowledge that air pollution is associated with both short-term and long-term 

health effects. Future studies could enhance our understanding by examining these effects at a 

more granular temporal scale, leveraging our transportation model, which has temporal resolution 

down to the hour.  

Finally, we acknowledge the impacts of upstream emissions from electricity generating units 

resulting from increased electricity demand due to ZEVs. However, we anticipate that these 

upstream emissions would have minimal impact on TRAP near roadways. Nevertheless, studies 

have suggested that a clean energy portfolio is the key to reducing upstream emissions and 

ensuring environmental justice12,81. Reducing emissions from electricity generating units could 

yield air quality benefits, even with the increased energy demand from ZEVs82,83. Shifting from 

fossil fuels to clean energy sources has the potential to substantially reduce the exposure of 

disadvantaged populations to air pollutants emitted from these units, particularly those living in 

close proximity84. 

2.4. RESULTS 

2.4.1. ZEV Ownership 
 

The three Lorenz curves in Figure 2.1 show how plug-in hybrid vehicles (PHEVs) and battery 

electric vehicles (BEVs) ownership disparities changed from 2015 to 2020 relative to ICEVs. The 

Lorenz curve was initially developed to represent income inequality, where the horizontal axis 

represents the cumulative population, and the vertical axis represents the cumulative population 

income85. Here, we adapt the Lorenz curve concept and plot cumulative vehicle ownership on the 

vertical axis. In 2015, the most disadvantaged population (top 25%) shared 23%, 7.6% and 6.6% 

of all ICEVs, PHEVs, and BEVs, respectively. After 5 years, these numbers are respectively 23%, 

11%, and 6.6% for 2020. For ICEVs, the ownership share is almost the same as the cumulative 
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population share based on CalEnviroScreen ranking (Fig. 2.1a). For PHEVs, the Lorenz curve 

moves toward the perfect equality line, as ownership disparity has improved despite a large gap 

remaining: the PHEV share of the most disadvantaged population (top 25%) increases from 7.6% 

to 11% from 2015 to 2020 (Fig. 2.1b). For BEVs, the gap is even greater relative to PHEVs, and 

no change is observed: ownership for the most disadvantaged population (top 25%) stagnates at 

6.6% over the five-year period (Fig. 2.1c).  

 
Figure 2.1. Lorenz curves of cumulative vehicle ownership and cumulative population for (a) 
internal combustion engine vehicles (ICEVs), (b) plug-in hybrid vehicles (PHEVs), and (c) battery 
electric vehicles (BEVs) from 2015 to 2020 in California. The cumulative population is sorted 
from highest CalEnviroScreen 4.0 percentiles to lowest percentiles. The red shaded area represents 
the 25% of the population most disadvantaged, and the blue shaded area represents the remaining 
75% of the less disadvantaged population. The blue dashed line in each subfigure represents the 
ideal Lorenz curve with perfect equality. 
 

Figure 2.2 shows how ZEV ownership changes spatially from 2015 to 2020. Figures 2.2a and 

2.2d represent CalEnviroScreen 4.0 percentiles for California and Los Angeles County, 

respectively. Redder colors reflect more disadvantaged census tracts. In California, from 2015 to 

2020, the average light-duty ZEV ownership per 1,000 residents increased from 4.3 to 16 (Figs. 

2.2b, 2.2c). However, only a small amount of ZEV ownership increased in DACs, as marked in 

red in Figure 2.2a, especially for areas in northern, central, and southeastern California. Most ZEV 

ownership increases occur in non-disadvantaged census tracts located in the coastal area of 
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Southern California and the Bay Area. Figures 2.2d-f show a similar trend in Los Angeles County: 

most of the ZEV ownership increase took place in tracts with lower CalEnviroScreen 4.0 

percentiles, while the disparity merely improved for tracts located in central Los Angeles County. 

 

Figure 2.2. Spatial distribution of zero-emission vehicle (ZEV) ownership from 2015 to 2020 
in California and Los Angeles County. Census tract level spatial distribution for (a) the 
CalEnviroScreen 4.0 percentile, (b) 2015, and (c) 2020 ZEV ownership per 1,000 residents in 
California and for (d) the CalEnviroScreen 4.0 percentile, (e) 2015, and (f) 2020 ZEV ownership 
per 1,000 residents in Los Angeles County. 
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Figure 2.3 compares the spatial patterns between total (Figs. 2.3a, 2.3c) and ZEV traffic (Figs. 

2.3b, 2.3d). The ZEV traffic volumes for both freeways and arterial roadways in 2020 (more local 

traffic activities) are affected by the ZEV ownership data for nearby communities, as presented in 

Figure 2.2f. For freeways, while I-405, one of the major freeways oriented north‒south on the left 

side of Los Angeles County, has a higher percentage of ZEV traffic volume, other highways 

located in census tracts with lower levels of ZEV ownership have much lower ZEV traffic volumes 

(Fig. 2.3b). In addition, I-110, I-710, and CA-60, with more truck traffic86,87, show lower ZEV 

traffic volumes since medium- and heavy-duty ZEV technology was still less developed in 2020. 

For arterial roads, links near or located in census tracts with higher levels of ZEV ownership have 

the highest ZEV traffic volumes. Links located in the lower middle part of Los Angeles County 

hardly have any ZEV traffic volumes greater than 1%. These links are located in the most 

disadvantaged communities, which also have the lowest per 1,000 ZEV ownership (Figs. 2.2d, 

2.2f). Despite a modest increase in total traffic volume (Fig. 2.3c) and a spatial pattern similar to 

that of 2020 (Fig. 2.3b), there is a notably higher proportion of ZEV traffic observed in 2035 (Fig. 

2.3d) due to increased ZEV adoption.   
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Figure 2.3. Spatial distribution of simulated daily traffic volumes in Los Angeles County in 
2020 and 2035. Simulated link-level arterial and freeway traffic for (a) total traffic volume and 
(b) ZEV traffic volume as a percentage for Los Angeles County in 2020; (c) total traffic volume 
and (d) ZEV traffic volume as a percentage for Los Angeles County in 2035. 

 

 

 

LA County Boundary

Arterial
< 1%
1% - 1.5%
1.5% - 2%
2% - 4%
> 4%

Freeway
< 1%
1% - 1.5%
1.5% - 2%
2% - 4%
> 4% 

LA County Boundary

Arterial
< 1%
1% - 1.5%
1.5% - 2%
2% - 4%
> 4%

Freeway
< 1%
1% - 1.5%
1.5% - 2%
2% - 4%
> 4% 

LA County Boundary

Arterial
< 1%
1% - 1.5%
1.5% - 2%
2% - 4%
> 4%

Freeway
< 1%
1% - 1.5%
1.5% - 2%
2% - 4%
> 4% 

LA County Boundary

Arterial
< 1%
1% - 1.5%
1.5% - 2%
2% - 4%
> 4%

Freeway
< 1%
1% - 1.5%
1.5% - 2%
2% - 4%
> 4% 

50       100      150      200

Freeway total traffic volume 
(thousand vehicles)

20        40        60       80

Arterial total traffic volume 
(thousand vehicles)

50       100      150      200

Freeway total traffic volume 
(thousand vehicles)

20        40        60       80

Arterial total traffic volume 
(thousand vehicles)

Freeway ZEV traffic volume 
(% of total traffic volume)

Arterial ZEV traffic volume 
(% of total traffic volume)

1.0%    1.5%    2.0%    4.0%

1.0%    1.5%    2.0%    4.0%

Freeway ZEV traffic volume 
(% of total traffic volume)

Arterial ZEV traffic volume 
(% of total traffic volume)

1.0%    1.5%    2.0%    4.0%

1.0%    1.5%    2.0%    4.0%

a b

c d



24 
 

2.4.3. Racial and Ethnic Disparities 

Figure 2.4 shows how ZEV ownership and eVMT which can also be viewed as a surrogate 

for traffic-attributable emission reduction are distributed among different racial and ethnic groups 

in Los Angeles County. As shown in Figure 2.4a, at the County level, the white population, while 

constituting only 26% of the total population, possesses 45% of the ZEV and 31% of the eVMT 

share. For the Hispanic population, despite showing low ZEV ownership levels of only 26%, the 

eVMT share is almost doubled at 44%, close to but still lower than its 48% population share. The 

non-Hispanic Asian American and Pacific Islander population has higher ZEV and eVMT shares 

than its population share. The non-Hispanic African American population has lower ZEV and 

eVMT shares than its population share. Populations identified as other races or as multiple races 

and the Native American population have similar ZEV and eVMT shares relative to their 

population shares. The ZEV ownership disparity persists regardless of the DAC designation (Figs. 

2.4b, 2.4c): the Hispanic or Latino population owns fewer ZEVs relative to its population share 

even among non-DACs, whereas the non-Hispanic white population residing in DACs still has 

almost double the ZEV share relative to its population share. The higher eVMT share among 

Hispanics in DACs can be partially attributed to the more extensive network of highways and 

roads within their communities, which translates to more vehicle usage leading to a higher eVMT 

share. Racial and ethnic disparities are observed in both the DACs and non-DACs, suggesting that 

a more targeted ZEV policy should be developed for racially and ethnically minoritized 

populations to overcome potential barriers such as linguistic isolation. 
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Figure 2.4. Racial and ethnic analysis on zero-emission vehicle (ZEV) ownership and 
simulated electric vehicle miles traveled (eVMT) in 2020. Share of county population, ZEV 
ownership, and eVMT per census tract for different racial and ethnic groups in (a) all communities, 
(b) disadvantaged communities (DACs), and (c) non-disadvantaged communities (non-DACs) in 
Los Angeles County. Hispanic: Hispanic or Latino. White: non-Hispanic white. AAPI: non-
Hispanic Asian American and Pacific Islander. AfricanAm: non-Hispanic African American or 
black. OtherMult: non-Hispanic “other” or multiple races. NativeAm: non-Hispanic Native 
American. Racial and ethnic demographic data were obtained from CalEnviroScreen 4.0 for each 
census tract. 

 

2.4.4. Near-Roadway Air Quality 

Table 2.1 compares number of households, ZEV ownership, eVMT, associated emission 

reduction, and air pollutant levels of DACs and non-DACs within Los Angeles County for the 

years 2020 and 2035. It should be noted while residents in DACs constitute 25% of the total 

population state-wide, this number increases to approximately 45% in Los Angeles County. For 

year 2020, while ZEV ownership is not equally distributed among DACs and non-DACs, with 

DACs sharing only 18% of all ZEVs, the eVMT disparity is less prominent, indicating that many 

ZEVs purchased in non-DACs actually travel through DACs.  
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Table 2.1. Zero-emission vehicle (ZEV) ownership, electric vehicle miles traveled (eVMT), and traffic-emitted air pollutants in disadvantaged 
communities (DACs) vs. non-DACs in Los Angeles County in 2020 and 2035. 

  2020  2035  

Variable DAC  
(N=1173) 

non-DAC  
(N = 1167) 

DAC  
(N=1173) 

non-DAC  
(N = 1167) 

  Share (%) Share (%) 
Number of Households 45% 55% 45% 55% 
ZEV Ownership 18% 82% 30% 70% 
eVMT 43% 57% 46% 54% 
Pollutant emission reduction  (tons/year) (tons/year) 
    PM2.5  0.39 0.51 11 13 
    NOx  6.3 8.3 56 66 
    CO2  16,000 21,000 500,000 590,000 
  Geometric Mean (IQR) Geometric Mean (IQR) 
Traffic-emitted PM2.5 concentration (μg/m3)a         

    without ZEVs 0.42  
(0.22-0.79) 

0.20  
(0.10-0.50) 

0.39  
(0.21-0.72) 

0.18  
(0.095-0.45) 

    with ZEVsb 0.41  
(0.22-0.78) 

0.19  
(0.10-0.50) 

0.32  
(0.17-0.60) 

0.14  
(0.075-0.36) 

    reduction attributable to ZEVs 0.002  
(0.001-0.004) 

0.001  
(0.001-0.004) 

0.065  
(0.034-0.12) 

0.034  
(0.017-0.093) 

Traffic-emitted NOx concentration (ppb)         
    without ZEVs 5.0 (2.6-9.0) 2.4 (1.2-5.9) 1.6 (0.87-2.9) 0.72 (0.37-1.8) 
    with ZEVsb 4.9 (2.5-9.0) 2.3 (1.2-5.9) 1.1 (0.61-2.1) 0.45 (0.25-1.1) 
    reduction attributable to ZEVs 0.09 (0.05-0.18) 0.06 (0.03-0.16) 0.47 (0.25-0.85) 0.25 (0.12-0.70) 
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The upper part of the table reports the shares of the number of households, ZEV ownership, simulated eVMT, and corresponding aggregated 
emission reductions for PM2.5, NOx, and CO2 in tons per year for 2020 and 2035. The lower part of the table reports model-simulated pollutant 
concentrations attributable to traffic for PM2.5 and NOx and the reduction attributable to ZEVs in Los Angeles County SB535 DACs and non-
DACs. 
 
aAverage annual daily concentration 
bZEVs accounted for 2.2% of the total light-duty vehicle fleet in 2020, projected to rise to 50% (light-duty vehicle), 16% (medium-duty vehicle), 
and 20% (heavy-duty vehicle) by 
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Figure 2.5. Spatial distribution of near-roadway nitrogen oxides (NOx) reduction 
attributable to zero-emission vehicles (ZEVs) in Los Angeles County in 2020 and 2035. (a) 
NOx in ppb, (b) NOx as a percentage in 2020; (c) NOx in ppb, (d) NOx as a percentage in 2035. 
The percentage (relative reduction) is calculated by dividing the ZEV-attributable reduction by 
the total traffic-attributable pollutant concentration in each census tract. The deeper the blue 
color, the greater the reduction observed. 
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Figure 2.6. Spatial distribution of near-roadway fine particulate matter (PM2.5) reduction 
attributable to zero-emission vehicles (ZEVs) in Los Angeles County in 2020 and 2035. (a) 
PM2.5 in μg/m3, (b) PM2.5  as a percentage in 2020; (c) PM2.5 in μg/m3, (d) PM2.5 as a percentage 
in 2035. The percentage (relative reduction) is calculated by dividing the ZEV-attributable 
reduction by the total traffic-attributable pollutant concentration in each census tract. The deeper 
the blue color, the greater the reduction observed. 
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The baseline concentration levels without ZEVs for traffic-emitted PM2.5 and NOx are 

doubled in DACs, showing that DACs receive a much higher TRAP burden than non-DACs. The 

pollutant concentration reduction attributable to ZEVs is small, as the ZEV population in 2020 

accounted for only 2.2% of the total vehicle fleet. However, these numbers increase as the ZEV 

penetration rate increases. By the year 2035, an anticipated increase in the ZEV population from 

2.2% to 50% for light-duty vehicles based on CARB Mobile Source Strategy report50,51, coupled 

with more stringent emission standards, further reduced traffic-emitted PM2.5 and NOx.  

As ZEV adoption expands, the gap in traffic-emitted PM2.5 concentrations between DACs 

and non-DACs narrows from 0.22 μg/m³ to 0.18 μg/m³. A recent study37 simulating full 

electrification of light-duty vehicles and buses in California has demonstrated an average PM2.5 

reduction of 0.13 μg/m³. These findings corroborate our results for the 100% ZEV scenario for 

light-duty vehicles in 2035, which results in an PM2.5 reduction of 0.10 μg/m³ for DAC (see 

Table A1). The reduction could be even greater if medium- and heavy-duty vehicles were also 

fully converted to ZEVs, as the aforementioned study reported an average PM2.5 reduction of 

0.24 μg/m³ for a fully zero-emission fleet. Simultaneously, the traffic-emitted NOx concentration 

gap between DACs and non-DACs is projected to decrease substantially from 2.6 ppb to 0.88 

ppb, attributed to both the prevalence of ZEVs and the more rigorous emission standards 

enforced by 2035.  

Figure 2.5 illustrates the spatial distribution of NOx concentrations for the years 2020 and 

2035. These results are consistent with those given in Table 1: the NOx concentration reduction 

shares for both year 2020 and 2035 are greater in DACs, showing that the widespread adoption 

of ZEVs could reduce TRAP in DACs. While the NOx concentration reductions in ppb (Figs. 

2.5a, 2.5c) are more evenly distributed regardless of DAC designation, percentage reductions 
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(Figs. 2.5b, 2.5d) are more pronounced in tracts with higher ZEV traffic volumes (Figs. 2.3b, 

2.3d). In DAC areas, such as downtown Los Angeles (located centrally at the lower part of the 

figure), percentage reductions increase from 2020 to 2035 with the rise of the ZEV population. 

However, these reductions remain relatively low when compared to those in non-DAC areas.  

Figure 2.6 exhibits a similar pattern to Figure 2.5, but with a lower magnitude of PM2.5 

concentration reduction. In other words, even though DACs receive near-roadway air quality 

benefits from ZEV trips, the current reductions are simply not sufficient for the following 

reasons: (a) the ZEV-attributable reduction from vehicle start emissions from local trips cannot 

be shared relative to intercommunity ZEV trips, and (b) medium- and heavy-duty vehicles 

contribute more to TRAP exposure in DACs and ZEVs are mainly light-duty vehicles. The air 

quality benefits for PM2.5 are also less than those of NOx reduction, as ZEVs only reduce tailpipe 

emissions, and brake and tire wear emissions still occur.  

 
2.5. DISCUSSION 

This study examines the environmental justice implications of ZEV adoption by analyzing 

ZEV ownership distributions, simulating ZEV trips, and quantifying changes in near-roadway air 

pollutants using a bottom-up approach. Even with several targeted ZEV incentive programs and 

increased incentive allocation to DACs88, we find that ZEV ownership gaps between DACs and 

non-DACs still remain, especially for BEVs. We also find a large ZEV ownership gap between 

white and racially and ethnically minoritized populations, regardless of DAC designation. This 

echoes findings from recent studies89,90, which also concluded that racially and ethnically 

minoritized populations have lower electric vehicle ownership rates, regardless of income. One 

potential explanation for this disparity could be the purchasing behavior observed among DAC 

residents who often lean towards buying used vehicles91–94. As of 2020, the market for used ZEVs 
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is somewhat limited, providing fewer opportunities for DAC residents to acquire these vehicles. 

Additionally, the higher subsidy elasticity of ZEV demand observed among low and medium-

income consumers combined with the even greater disparities in rebate allocation could contribute 

to this discrepancy90,95. Furthermore, a recent study96 highlights that DAC residents encounter 

disparities in access to EV charging stations in California, which could further contribute to the 

lower ZEV penetration rate.  

Despite the ZEV ownership disparities observed, we found that ZEVs travel across different 

communities. Thus, even communities with low ZEV ownership levels receive near-roadway air 

quality benefits from ZEV trips (Fig. 3). We find that DACs receive more near-roadway air quality 

benefits for NOx and PM2.5 than non-DACs in 2020, and even more in 2035. This finding is 

encouraging in that ZEVs can offer near-roadway air quality benefits to various communities. 

Unlike previous research81 that focused on regional air quality benefits from ZEVs using a top-

down approach—based on vehicle registration locations—our study employs a bottom-up 

methodology centered on ZEV trip routes. Consequently, we discovered that near-roadway air 

quality benefits can be distributed irrespective of DAC designation, an insight not addressed in the 

literature. 

Nevertheless, when we compare the reduction to the baseline pollutant concentrations in 

DACs and non-DACs in 2020, we find that the gap persists: DACs receive 40% and 31% fewer 

relative air quality benefits for NOx and PM2.5, respectively, compared to non-DACs. In other 

words, although DACs may experience greater reductions in pollutant concentration in terms of 

μg/m3 or ppb, because the baseline concentrations in DACs are higher, their relative reductions, 

when considering the higher starting point, are much smaller compared to those of non-DACs. 

This could be explained by the fact that ZEVs not only reduce vehicle running emissions (for 
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which the benefits can be shared across different communities) but also reduce vehicle start 

emissions. In addition, DAC residents are exposed more to TRAP from medium- and heavy-duty 

trucks, while the current ZEVs are mainly light-duty vehicles. With more ZEVs on-road in the 

entire fleet, the disparity narrows in our 2035 scenario: DACs only receive 21% and 15% fewer 

relative air quality benefits for NOx and PM2.5, respectively. While this decline in disparity is 

promising near roadways, regional air quality and secondary pollutants such as ozone will require 

more attention in the future. Owing to the complex nature of ozone97, ZEV adoption, which reduces 

NOx emissions, could paradoxically increase ozone concentrations, especially in VOC-limited 

regions such as Los Angeles County. This has been reported both in the LA100 study98 conducted 

by the National Renewable Energy Laboratory and another recent study37. Future strategies will 

need to consider ozone concentrations in a region-specific context. 

Similar to our findings, a previous study has shown that Hispanic and African-American 

populations are much more likely to live in counties with the worst air quality in the United 

States99. A recent study focused on Los Angeles County delivers a similar message: white residents 

drive more and traverse communities with a higher proportion of racially and ethnically 

minoritized populations27. Consequently, this results in disproportionately high TRAP burdens on 

these racially and ethnically minoritized residents. This agrees with the results of our study: the 

racially and ethnically minoritized populations share more eVMT, which are primarily driven by 

the ZEV trips initiated by white population. Historically, phenomena such as “white flight”, in 

which white families moved from cities to suburbs to avoid increasing diversity, and the highway 

construction boom of the 1960s, which connected urban and suburban areas, shaped commuting 

patterns substantially29–31. As a result, non-DAC/white populations in metropolitan regions, 

including Los Angeles, have contributed substantially to commuting emissions due to their 
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tendency to travel more. Beyond exposure, it's important to recognize the cumulative impact where 

socio-economic, environmental, and health-related factors converge, increasing the susceptibility 

of DAC residents, especially the racially and ethnically minoritized populations, to the adverse 

effects of TRAP. While our primary focus is on exposure, addressing the underlying determinants 

of this increased susceptibility can amplify the benefits of reducing TRAP exposure. To 

comprehensively evaluate the synergy between reducing exposure and susceptibility, future 

studies specifically focusing on susceptibility within DAC and racially and ethnically minoritized 

populations are warranted. In addition to the distributive equity issue, DAC residents, especially 

the racially and ethnically minoritized populations, are often excluded from collective decision-

making processes in contemporary history100,101. As a result, unjust redlining investment practices, 

transportation policies, and urban planning force DAC residents to host unwanted transportation 

structures in their communities and disproportionately bear higher exposure to TRAP102. Policy-

makers should also focus on capacity building and procedural equity when developing future 

targeted ZEV policies.  

Different climate mitigation policies could potentially lead to spatial heterogeneities of 

ambient air quality across communities103,104. In terms of spatial resolution, each level of 

granularity, from near-road to the regional, provides distinct insights and implications. For more 

accurate environmental justice analyses, considering that individual communities have unique 

characteristics, it is beneficial to use the finest resolution possible. However, this granularity often 

requires extensive data collection and computational resources, which might not always be readily 

available. Thus, adjustments tailored to specific research projects may be needed. 

While regional air quality improvements from ZEVs using chemical transport model (CTM) 

are well studied, a community-level ZEV-related air quality benefit analysis framework has not 
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yet been established. Our work begins this process and can be further developed into a more 

comprehensive analysis framework by integrating high-resolution data from other sources (e.g., 

commercial and residential building emissions) to address environmental justice issues related to 

climate change and air pollution. Previously, a study105 reported an association between zip code 

level ZEV adoption and lower ambient nitrogen dioxide concentrations albeit not statistically 

significant. By tracking individual trip and utilizing link-level emission data specifically from 

traffic, our approaches allow us to model the near-roadway air quality benefits attributable to 

ZEVs, finding statistically significant differences. Our methodology and findings are generalizable 

to other metropolitan areas, especially those with urban planning histories and demographic 

distributions similar to those of Los Angeles County. Our results suggest that ZEVs could bring 

cross-community near-roadway air quality benefits, yet the air quality disparity persists between 

DACs and non-DACs at present.  

To reduce this disparity, it is critical to ensure a just transition to clean transportation 106,107. 

As shown in our 2035 simulation results, the disparity can be reduced with more light-duty ZEVs. 

Although a universal ZEV incentive program can boost ZEV adoption and benefit DACs, targeted 

policies are needed to reduce the TRAP exposure gap between DACs and non-DACs, a result of 

historically unjust land-use policies. Recognizing and rectifying these historical injustices is a 

cornerstone of a just transition. This can be achieved by directing more rebates and incentives 

towards disadvantaged communities, providing them with opportunities to access clean 

transportation.  

Addressing the disparities inherent in environmental and health outcomes requires persistent 

and targeted efforts. As we move forward, future policies and incentive programs should take a 

comprehensive approach. Trucks, given their substantial emissions and frequent routes through 
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DACs, pose a considerable health risk. It is therefore important to prioritize the transition of trucks 

to zero-emission alternatives. In addition, addressing non-tailpipe emissions can provide 

transformative air quality improvements for the most vulnerable communities103,108,109. By 

adopting this holistic approach, we are taking a decisive step towards achieving ZEV distributive 

justice and ensuring a just transition to clean transportation.
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CHAPTER 2 APPENDIX 

 
Figure A.1. Comparison of simulated and real traffic volumes in Los Angeles County. 
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Table A.1. Zero-emission vehicle (ZEV) ownership, electric vehicle miles traveled (eVMT), 
and traffic-emitted air pollutants in disadvantaged communities (DACs) vs. non-DACs in 
Los Angeles County in 2035 assuming 100% ZEV for light-duty vehicle. 
 

 2035 Clean 

Variable DAC (N=1173) non-DAC (N = 1167) 

 Share (%) 

Number of Households 45% 55% 

ZEV Ownership 46% 54% 

eVMT 47% 53% 

Pollutant emission reduction (tons/year) 

PM2.5 26 29 

NOx 134 150 

CO2 1,200,000 1,340,000 

 Geometric Mean (IQR) 

Traffic-emitted PM2.5 concentration 
(μg/m3)a 

  

without ZEVs 0.39 (0.21-0.72) 0.18 (0.095-0.45) 

with ZEVsb 0.29 (0.15-0.54) 0.13 (0.068-0.32) 

reduction attributable to ZEVs 0.10 (0.053-0.18) 0.049 (0.025 -0.13) 

Traffic-emitted NOx concentration (ppb)   

without ZEVs 1.6 (0.87-2.9) 0.72 (0.37-1.8) 

with ZEVsb 0.12 (0.060-0.23) 0.05 (0.024-0.13) 

reduction attributable to ZEVs 1.5 (0.79-2.7) 0.66 (0.34-1.7) 

 
The upper part of the table reports the shares of the number of households, ZEV ownership, 
simulated eVMT, and corresponding aggregated emission reductions for PM2.5, NOx, and CO2 in 
tons per year for 2020 and 2035. The lower part of the table reports model-simulated pollutant 
concentrations attributable to traffic for PM2.5 and NOx and the reduction attributable to ZEVs in 
Los Angeles County SB535 DACs and non-DACs. 
aAverage annual daily concentration 
bZEVs accounted for 100% of the total light-duty vehicle fleet, 16% medium-duty vehicle, and 
20% heavy-duty vehicle in 2035 
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Table A.2. MATSIM and EMFAC Vehicle Category 

MATSIM Vehicle 
Type 

Passenger 
Vehicles 

Light-heavy Truck Medium-heavy 
Truck 

Heavy-heavy 
Truck 

Corresponding 
Weight Class 

< 8,500 lbs 
GVW 

8,500 to 14,000 
lbs. GVW 

14,001 to 33,000 
lbs. GVW 

>33,000 lbs. 
GVW 

EMFAC Vehicle 
Category 

"LDA", 
"LDT1", 
"LDT2", 
"MDV" 

"LHD1", "LHD2" "T6 CAIRP Class 
4", "T6 CAIRP 
Class 5", "T6 
CAIRP Class 6", 
"T6 CAIRP Class 
7",  "T6 Instate 
Delivery Class 4", 
"T6 Instate Delivery 
Class 5",  "T6 
Instate Delivery 
Class 6", "T6 Instate 
Delivery Class 7", 
"T6 Instate Other 
Class 4", "T6 Instate 
Other Class 5", "T6 
Instate Other Class 
6", "T6 Instate Other 
Class 7", "T6 Instate 
Tractor Class 6", 
"T6 Instate Tractor 
Class 7", "T6 OOS 
Class 4", "T6 OOS 
Class 5", "T6 OOS 
Class 6", "T6 OOS 
Class 7", "T6 Public 
Class 4", "T6 Public 
Class 5", "T6 Public 
Class 6", "T6 Public 
Class 7", "T6 Utility 
Class 5", "T6 Utility 
Class 6", "T6 Utility 
Class 7", "T6TS" 

"T7 CAIRP 
Class 8", "T7 
NNOOS Class 
8", "T7 NOOS 
Class 8", "T7 
POAK Class 8", 
"T7 POLA 
Class 8", "T7 
Public Class 8", 
"T7 Single 
Concrete/Transit 
Mix Class 8", 
"T7 Single 
Dump Class 8", 
"T7 Single 
Other Class 8", 
"T7 SWCV 
Class 8", "T7 
Tractor Class 
8", "T7 Utility 
Class 8", "T7IS" 
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3. ASSESSING THE REGIONAL AIR QUALITY AND HEALTH BENEFITS OF 

ZERO-EMISSION VEHICLE ADOPTION IN LOS ANGELES 

Published in LA100 Equity Strategies Chapter 15. Air Quality and Public Health [2023]  
DOI: https://doi.org/10.2172/2221858  
 
3.1. ABSTRACT 

For dense urban environment such as Los Angeles in California, air pollution continues to 

disproportionately impact disadvantaged communities, especially those near roadways. As the city 

aims for 100% renewable electricity by 2035, zero-emission vehicles offer a promising solution to 

reduce pollution and improve public health. This study evaluates the potential environmental and 

health benefits of increased ZEV adoption by modeling future transportation patterns, emissions, 

air quality, and associated health outcomes. The results from this study indicate that transitioning 

to ZEVs significantly improves regional air quality, although areas with high levels of fine 

particulate matter (PM₂.₅) persist in central and southern Los Angeles. The greatest health benefits 

are seen in DACs, particularly among the Hispanic population, with potential economic gains 

exceeding $2 billion, of which a substantial portion would directly benefit DACs. However, 

reductions in nitrogen oxides (NOₓ) emissions may contribute to increased ozone (O₃) levels. To 

maximize public health and environmental benefits, we recommend accelerating vehicle 

electrification, focusing on medium- and heavy-duty trucks, and continuing efforts to reduce both 

NOₓ and volatile organic compound (VOC) emissions. These strategies are crucial to ensuring an 

equitable distribution of cleaner air and improved health outcomes for all Los Angeles residents. 

 

 

 

https://doi.org/10.2172/2221858
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3.2. INTRODUCTION 

The transportation sector is the largest contributor to climate change and air pollution in 

California, accounting for approximately 50% of the state's greenhouse gas (GHG) emissions, 

nearly 80% of nitrogen oxide (NOx) pollution, and 90% of diesel particulate matter (PM) 

pollution1,50. Exposure to traffic-related air pollution (TRAP) has been consistently linked to 

increased risks of respiratory and cardiovascular diseases, preterm birth, cognitive function, and 

premature death, posing a significant health concern that necessitates the attention of policymakers 

and the public43,110,111. Clean vehicles, particularly zero-emission vehicles (ZEVs), produce no 

tailpipe emissions compared to conventional gasoline and diesel vehicles112,113. Thus, the transition 

towards clean vehicles presents an opportunity to improve air quality and yield health 

benefits105,114. 

Policymakers worldwide have committed to accelerating the transition to clean vehicles, 

leading to the implementation of various regional policies supporting these goals115,116. For 

instance, the European Union has outlined a plan to strive towards achieving 100% sales of ZEVs 

by 2035, with the goal of achieving this target no later than 20405. China has set ambitious targets 

for clean vehicle adoption, aiming for electric and plug-in hybrid vehicles to account for 25% of 

all new car sales by 2025117. The United States has a patchwork of clean vehicle transition policies, 

with some states offering more incentives for clean vehicles than others118. California, which is 

the largest market for new cars in the country, has set a goal including putting 5 million ZEVs on 

the road by 2030 and achieving 100% ZEVs sales for new passenger cars and light trucks by 2035 

through Executive Orders B-48-18 and N-79-20, respectively2. To promote the transition towards 

clean vehicles, governments often employ financial incentives, such as tax credits, rebates, and 

subsidies119. Such policy instruments are designed to alleviate the financial burden associated with 
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purchasing clean vehicles. Moreover, the development of charging infrastructure is an essential 

part of the clean vehicle transition, and governments frequently provide financial incentives to 

support its expansion120–122. 

In Los Angeles (LA), addressing air pollution has been an ongoing challenge for many 

decades, with a particular focus on emissions from motor vehicles123–125.  Disadvantaged 

communities (DACs) in the city are confronted with a wide range of socio-economic challenges, 

including high levels of poverty, unemployment, and limited access to essential healthcare 

services126. Furthermore, DAC residents are more likely to live near-roadway, which exposes them 

to higher levels of TRAP, ultimately resulting in environmental inequities27,127–130. Although 

previous studies have quantified the ambient air quality and health benefits linked to ZEVs 

adoption to some extent, there is a crucial knowledge gap in the literature on evaluating the 

distribution equity of air quality and health benefits during the transition to clean vehicles from an 

environmental justice perspective12,37,131. 

In this study, we build upon the previous LA100 study, which aimed for the transition to 100% 

renewable energy in LA City, and introduce a new focus on Equity Strategies. This new focus 

aims to ensure a just transition by investigating the potential environmental and public health 

benefits of replacing conventional vehicles with ZEVs in the city of LA, especially among DACs. 

We first utilize state-of-the-art methods to estimate future emission trends under different 

scenarios, with a focus on ZEVs disparity among DACs. A personal trip-level transportation model 

is used to generate precise spatial emission patterns for the on-road sector under different ZEVs 

distribution scenarios. We then simulate consequent changes in ambient particulate matter with an 

aerodynamic diameter less than or equal to 2.5 micrometers (PM2.5) and ozone (O3) concentrations 

using a high-resolution chemical transport model at about 1 km x 1 km. Finally, we assess the 
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related public health benefits and monetized economic benefits in the city of LA using racial and 

ethnic specific concentration-response data.  

This new study emphasizes the importance of not only transitioning to cleaner energy sources 

but also ensuring that the benefits of this transition are equitably distributed among all 

communities, particularly those that have been historically underserved. By evaluating the 

potential health and economic impacts of increased ZEVs adoption, this study provides valuable 

insights for policymakers, stakeholders, and communities as they work together to create a more 

sustainable and equitable future for the city of LA. 

3.3. METHODS   

3.3.1. Emission Inventory Development 

3.3.1.1. Scenario Development 
 

To gain a deeper understanding of how the adoption of light-, medium-, and heavy-duty ZEVs 

by 2035 will impact various communities, particularly those that are disadvantaged, we developed 

three distinct future scenarios:  

(1) Disparity: a 2035 ZEVs Disparity scenario that maps emission reductions based on 

varying ZEVs ownership adoption rates;  

(2) Equity: a 2035 ZEVs Equity scenario where emission reductions in on-road transportation 

based on a uniform ZEVs ownership adoption rate at 50% for every census tract; and  

(3) Equity_MSS: a 2035 ZEVs Equity scenario that emphasizes increased ZEVs usage in 

medium- and heavy-duty vehicles, with mobile source (both on-road and off-road) emission 

reductions aligned with the California Air Resources Board (CARB) 2020 Mobile Source Strategy 

(MSS)50  
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To assess the changes in ambient air quality for these 2035 scenarios, we use a baseline 

scenario reflecting the 2017 emission levels (i.e., Base). Table A1 in the Appendix reports the 

technical details for each scenario.  

The county-level mobile source emissions are calculated using methods described in Chapter 

2.3.2 – 2.3.4. The county-level and source-specific emission data except the mobile sources are 

collected from California Emissions Projection Analysis Model (CEPAM2019 v1.03)132 with a 

base year of 2017. For mobile source (both on-road and off-road sectors), we used EMFAC2021 

v1.0.249, which is an updated version as compared to the EMFAC2017 embedded in CEPAM2019. 

For the Base, Disparity, and Equity scenarios, we adjusted the emission for upstream and 

downstream energy use and production changes due to increased ZEVs population. For 

Equity_MSS scenario, we further adjusted the medium- and heavy-duty vehicle ZEVs penetration 

rate and off-road emission rates using EMFAC META model49, which is created based on CARB 

2020 MSS50 document. We used CARB default settings for the META model.  

3.3.1.2. Emission Inventory Development for Upstream and Downstream Production 

As the future ZEVs population will increase the demand for electricity from the electricity 

generating sector while simultaneously reducing reliance on oil and gas production, it is essential 

to adjust the emissions from these two sectors accordingly. Therefore, we modify the emissions 

projections for both the electricity generating units and oil and gas production sectors based on the 

anticipated ZEVs population in 2035, ensuring a more accurate reflection of their environmental 

impact. We modified the stationary emissions from petroleum and gas industry for all 2035 

scenarios. The overall Petroleum industry scaling down factor is calculated using the following 

equation: 
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𝑆𝑐𝑎𝑙𝑖𝑛𝑔	𝐷𝑜𝑤𝑛	𝐹𝑎𝑐𝑡𝑜𝑟 = ()*+	-./01234	)56*7	89:;	<7
=*>	-./01234	)56*7	89:;	<7

	´	𝑂𝑛𝑟𝑜𝑎𝑑	%								(1) 

where the PC stands for Petroleum Consumption (includes the gasoline, diesel, and gas energy 

consumption) from on-road vehicles in EMFAC 2035 database under different scenarios, 

Onroad% stands for the on-road transportation sector consumption percentage. Based on a report 

from the U.S. Energy Information Administration133 in year 2019, 68% petroleum is used in the 

on-road transportation sector. The final scaling down factor for the petroleum and gas industry is 

0.80 for Disparity and Equity scenarios and 0.78 for Equity_MSS scenario, assuming the emission 

factors and the on-road petroleum consumption percentage stay the same in 2035. 

Similarly, we also modify the emissions from the electric generating units. We first obtain the 

2017 California electricity net generation data from the Energy Information Administration134.We 

then apply activity growth factor from CEPAM to project the electricity net generation data in 

2035. The overall scaling up factor for electric generating units was calculated using the following 

equation: 

𝑆𝑐𝑎𝑙𝑖𝑛𝑔	𝑈𝑝	𝐹𝑎𝑐𝑡𝑜𝑟 = ?'(%')*#	?(+&	
?(+&

	               (2) 

Where the 𝐸@AB@CD stands for the electricity needed from the on-road transportation sector and 

𝐸E$F stands for the projected net electricity generation in year 2035. The final scaling up factor is 

1.20 for Disparity and Equity Scenarios, and 1.21 for Equity_MSS scenario. While our scaling-up 

calculation method for estimating emissions from electric generating units serves as a useful proxy, 

it is important to note that it remains a rough approximation due to the complexity involved in 

modeling the entire energy system. Given our study focuses on equity strategies, we have 

prioritized other aspects of the analysis, and we do not anticipate that uncertainties in energy 

system estimation will affect our main conclusions on equity analysis. 
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We utilized emission factors for power plants in LA City from the previous LA100 study135, 

specifically adopting those from the Early & No Biofuels Scenario. In this scenario, emissions 

stem solely from NOx and NH3, as power plants have transitioned to using hydrogen as their fuel 

source, significantly altering their emission profiles. 

3.3.2. Air Quality Modeling 

We use WRF-Chem version 3.9.1, a fully coupled meteorology-chemistry model that 

considers highly nonlinear and complex meteorological and atmospheric chemistry processes. The 

simulations are conducted for January, April, July, and October, representing winter, spring, 

summer, and fall, respectively. We apply the model to three nested domains (Figure 3.1): Domain 

1 covers the western United States and its surrounding areas at a 12 × 12 km2 horizontal resolution; 

Domain 2 covers Southern California with a 4 × 4 km2 resolution; and Domain 3 covers LA County 

with a high resolution of 1.33 × 1.33 km2.  

The vertical resolution of the WRF-Chem includes 24 layers from the surface to 100 hPa, with 

denser layers at lower altitudes to resolve the planetary boundary layer. We employ an extended 

Carbon Bond 2005 with chlorine chemistry coupled with the Modal for Aerosol Dynamics in 

Europe/Volatility Basis Set (MADE/VBS). MADE/VBS uses a modal aerosol size representation 

and an advanced secondary organic aerosol module based on the VBS approach. The aqueous-

phase chemistry is based on the AQChem module used in the Community Multiscale Air Quality 

model136. The National Centers for Environmental Prediction Final Analysis (NCEP-FNL) 

reanalysis data in year of 2017 was used to force the meteorology initial and boundary conditions 

for all simulations, which is able to isolate changes in air pollution resulting from future emissions 

changes, without additional confounding factors such as changing meteorology or climate. 
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Figure 3.1. Illustration of triple nested modeling domains used in this study 

As described above, we obtain the county-level, source-specific anthropogenic emissions 

from the CARB CEPAM estimations and then convert the county-level emissions into 1.33 × 1.33 

km2 gridded data based on high-resolution spatial distribution information provided by the 

California Nexus project137.The on-road transportation emission maps are based on the ZEVs 

ownership and the MATSim simulated trips in each year, as mentioned above. We then distribute 

the CEPAM on-road emission estimation in each county in the corresponding years to the grid 

level following the new emission map. The biogenic emissions are calculated online using the 

Model of Emissions of Gases and Aerosols from Nature138. Dust emissions are calculated online, 

based on the Goddard Chemical Aerosol Radiation Transport dust emission scheme139. Sea-salt 

emission calculation follows parameterization in a previous study140. 

We compared the simulated and observed monthly average PM2.5 concentrations and monthly 

average of daily MDA8 O3 concentrations at each individual monitoring site over Southern 

California (shown in Figure A1). The observed O3 concentrations were obtained from the U.S. 

EPA AQS, and the data were converted to MDA8 O3 concentrations. Daily averaged PM2.5 
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concentrations for the innermost domain were also gathered from AQS. We evaluated the model 

performance against these observations using various statistical measures, including normalized 

mean bias (NMB), normalized mean error (NME), mean fractional bias (MFB), and mean 

fractional error (MFE), which are listed in Table A2. The evaluation benchmarks suggested by the 

EPA and previous studies are also summarized in Table A2. 

The model generally reproduces the magnitude and spatial distribution of PM2.5 

concentrations, with an overall slight overestimation of 2% in January and underestimation in the 

other three seasons of 5%, 25%, and 9% in April, July, and October, respectively. The performance 

statistics for PM2.5 meet the model performance goal (MFB within ±30% and MFE ≤ 50%) in all 

months, indicating an overall good model-measurement agreement. For O3, the model is able to 

capture the spatial variability but slightly overestimates the MDA8 O3 concentrations in January 

by 4% on average and underestimates it in the other three seasons by 9%, 15%, and 10% in April, 

July, and October, respectively. The overall performance statistics for O3 concentration meet the 

model performance criteria (i.e., NMB within ±15% and NME < 25%), indicating a generally good 

agreement between the model and measurements. 

3.3.3. Public Health Benefits Assessment 

The Environmental Benefits Mapping and Analysis Program - Community Edition 

(BenMAP-CE) is a versatile and widely-used tool developed by the U.S. EPA141. BenMAP-CE is 

designed to estimate the health benefits and potential economic value associated with 

improvements in air quality, particularly those resulting from policy interventions or changes in 

emission sources. The program uses spatially-resolved air quality data, along with concentration-

response functions and population data, to assess the health impacts of changes in air pollution 

levels. By quantifying the number of avoided premature deaths, respiratory illnesses, 
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hospitalizations, and other health outcomes, BenMAP-CE enables policymakers and researchers 

to better understand the implications of various air quality improvement strategies. 

We used BenMAP-CE v1.5, the latest version published in March 2023 for our analysis. 

Drawing upon the changes in ambient concentrations of air pollutants simulated by the WRF-

Chem model for the scenarios, we estimate the health impacts associated with PM2.5 and O3, 

focusing on changes in mortality and morbidity. This analysis provides a clearer understanding of 

the potential consequences of different ZEVs adoption scenarios on public health. The following 

equations are used to calculate the health impact,  

where Δ𝑋 is the pollution-specific concentration change based on scenarios, 𝛽 is the exposure-

response factor, HR is the hazard ratio found in relevant epidemiologic study which uses Δ𝑌, a 10 

ppb and 10 µg/m3 value that links the change in cause-specific mortality rates to incremental O3 

and PM2.5 exposure, respectively, AF stands for the attributable fraction of the disease specific 

mortality attributable to a certain air pollutant, Δ𝐼𝑚𝑝𝑎𝑐𝑡 is the estimated changes in health impacts 

incidences, 𝑦9 is the baseline incidences, and Pop. is the population studied.  

We used the BenMAP-CE v1.5 default baseline incidences rates (𝑦9) for our analysis. For 

mortality, BenMAP-CE projected baseline incidences rate to 2035 for each racial and ethnic group. 

For morbidity, the available data are limited to 2014 for each racial and ethnic group, as BenMAP-

CE v1.5 does not include projections for 2035. Consequently, our morbidity analysis is based on 

the 2014 data. For population (Pop.), we utilized the 2035 projected population data available 

within BenMAP-CE. 

             𝐻𝑅 =	𝑒!"#                       (3) 

𝐴𝐹 = $%&'
$%

	= 1 − 𝑒&!"(              (4) 

Δ𝐼𝑚𝑝𝑎𝑐𝑡 = 𝑦),1 −	𝑒!"(-𝑃𝑜𝑝.    (5) 



64 
 

In order to select appropriate epidemiological studies for our analysis, we ensured that the 

selected studies are up-to-date with the most recent EPA guidelines on health impact assessment 

and comply with the EPA Standard Health Functions, which were updated in 2021. This ensures 

that our analysis adheres to the latest recommendations and best practices in the field. 

Table 3.1 lists the exposure-response factors we used in this study. 

Table 3.1. Exposure-response Factors Used 

Pollutant Category Health 
Endpoint 

Author Metric Beta type Age 
Range 

PM2.5 Long-term 
mortality 

All-cause 
mortality 

Pope et al. 
(2019)142 

D24HourMean Uniform and 
racial/ethnic 

specific 

18-99 

Morbidity ER visit - 
Respiratory 

Krall et al. 
(2016)143 

D24HourMean Uniform only 0-99 

O3 Long-term 
mortality 

All-cause 
mortality 

Turner et al. 
(2016)144 

D8HourMax Uniform only 30-99 

Morbidity ER visit - 
Respiratory 

Barry et al. 
(2018)145 

D8HourMax Uniform only 0-99 

 

3.3.4. Monetization of Public Health Benefits 

To determine the worth of the health benefits, we employ a methodology that involves 

assigning monetary values to the estimated health outcomes derived from our previous steps. To 

achieve this, we use BenMAP-CE v1.5 which allows us to quantify the financial value of these 

health outcomes. First, we identify appropriate valuation functions from 2021 EPA Standard 

Health Functions database141, which are derived from relevant economic studies or guidelines. 

These valuation functions typically express the economic value of health outcomes in terms of 

dollars per unit (e.g., dollars per avoided premature death, hospitalization, or respiratory illness). 

Valuation functions used are listed in Table 3.2. 
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Table 3.2. Valuation Functions Selected from BenMAP-CE v1.5 

Endpoint Reference Value (2015$) 
Mortality VSL based on 26 studies, no discount rate applied $8,700,000 

ER visit - Respiratory Healthcare Cost and Utilization Project $875 
 

We then apply the selected valuation functions to the estimated health outcome changes for 

each scenario. This involves multiplying the change in health outcomes (e.g., avoided premature 

deaths, hospitalizations) by the corresponding monetary values per unit, as provided by the 

valuation functions. Finally, we calculate the total monetized health benefits by summing the 

monetized health benefits across all health endpoints for each scenario comparison. This provides 

a comprehensive understanding of the economic impact associated with the changes in air quality 

due to different ZEVs adoption scenarios. 

3.4. RESULTS  

3.4.1. Changes in Emission Inventory  

Figure 3.2 illustrates the total emission rates of all source categories for NOx and PM2.5 in LA 

City in 2035, relative to the Base scenario. The figure highlights that intensive emissions, 

especially for NOx, are predominantly transportation-related, as they are concentrated along the 

transportation networks within the city. The total emissions of NOx and PM2.5 in the Disparity 

scenario are reduced by 55% and 11%, respectively, relative to the Base scenario. Since the Equity 

scenario is set with same total emissions as the Disparity scenario (see Table 3.3), both NOx and 

PM2.5 emissions change only slightly (<1%) due to the offsetting changes in emissions at different 

locations. In the Equity_MSS scenario, the emissions are further reduced on the base of the 

Disparity scenario by 14% and 1% for NOx and PM2.5, respectively. This reduction is attributed 

to the increased electrification of medium- and heavy-duty vehicles. 
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Figure 3.2. The total emission rates of all the source categories for PM2.5 and NOx in LA City in 
2035 relative to the 2017 Base. Black line marks LA City boundary. 

 

Table 3.3. Pollutant-specific Emissions (tons per day) Under Base, Disparity, Equity, and 
Equity_MSS Scenarios and Their Relative Changes for Los Angeles County 

Scenarios CO NH3 NOx PM10 PM2.5 ROG SOx 
Base 1032 46 252 96 32 303 13 
Disparity 446 47 138 97 31 216 12 
Equity 446 47 138 97 31 216 12 
Equity_MSS 425 46 97 97 30 215 12 
Disparity - Base -57% 2.2% -45% 1.0% -3.1% -29% -7.7% 
Equity_MSS - 
Disparity 

-4.7% -2.1% -30% 0.0% -3.2% -0.5% 0.0% 

Note: Disparity and Equity are designed with same total emission amount but different spatial distributions. 

Table 3.3 summarizes the total primary air pollutant emissions from all emissions sectors for 

the future. Compared to the Base scenario, the Los Angeles countywide total emissions of carbon 

monoxide (CO), NOx, reactive organic gas (ROG) and sulfur oxides (SOx) in the Disparity 

scenario are considerably reduced by 57%, 45%, 29%, and 7.7%, respectively, and the primary 

PM2.5 is slightly reduced (3.1%) in 2035 relative to 2017. In 2035, ammonia (NH3) and particulate 
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matter with an aerodynamic diameter less than or equal to 10 micrometers (PM10) emissions 

increased by 2.2% and 1.0%, respectively. These increases are likely associated with the economic 

development and population growth observed between 2017 and 2035. Compared to the Equity 

scenario, the Equity_MSS scenario shows slight decreases in emissions of most pollutants except 

for NOx. The emission of NOx in the Equity_MSS scenario is reduced by about 30% from the 

Equity (or Disparity) scenario. The primary PM2.5 emission is further reduced by 3.2% in the 

Equity_MSS scenario.  

3.4.2. Changes in Ambient Air Quality 

For each emission scenario, four sets of one-month-long simulations are conducted, 

representing the winter, spring, summer, and fall seasons for January, April, July, and October, 

respectively. To evaluate the overall sensitivity of ambient air quality to emission scenarios, the 

simulated changes in concentrations of PM2.5 and O3 over LA City are examined. 

Figures 3.3 and 3.4 display the monthly mean spatial distributions of daily PM2.5 and daily 

maximum 8-hour average (MDA8) O3 concentrations in four representative months under various 

scenarios. Additionally, Figure 3.5 shows the citywide means of daily PM2.5 and MDA8 O3 

concentration for each season. As shown in Figure 3.3, the PM2.5 concentration hotspots (i.e., 

regions with high PM2.5 concentration) over LA City are located over the city center areas and its 

southern part in both January and October, over the city center areas in April, and over the city 

center areas and its northern part in July. The LA citywide mean PM2.5 concentrations exhibit 

similar seasonal variations across different scenarios, with summer being the least polluted season 

and winter and fall being the most polluted seasons (Figure 3.5A). The seasonal dependence of 

PM2.5 concentration and spatial pattern reflects the seasonal variations in pollutant emissions and 

meteorological conditions in LA City. The sensitivity of PM2.5 to emission scenarios exhibits little 
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seasonal variation, with Base having the highest concentration and Equity_MSS having the lowest 

concentration across all seasons. The spatial patterns of O3 are consistent across different seasons 

(Figure 3.4), with two regions of low O3 concentration in the domain: the central areas of LA City 

and the coastal region next to the San Pedro Bay. The domain mean O3 concentration over the LA 

City region varies by season, with the lowest concentration in winter and the highest concentration 

in spring (Figure 3.5B).  

It's worth noting that over a larger simulation domain, e.g., Southern California as shown in 

Figure A1 in the Appendix, both simulations and observations show that the month of July has the 

highest inland O3 concentration, followed by April and October, while January shows the least O3 

pollution. The seasonal distribution of simulated O3 over Southern California differs from that in 

LA City, which is also evident in the observed seasonality based on the Air Quality System (AQS) 

measurements from the U.S. Environmental Protection Agency (EPA) (Figure A2). The 

seasonality shift could be attributed to the following processes: Although the summer season is 

generally conducive to O3 production, the prevailing westerly and southerly winds (Figure A3) 

from the ocean can dilute and blow O3 pollution away from the coastal areas of the LA Basin 

towards its inland regions. The mountain ranges to the north and east could block the air flow, 

leading to a rapid accumulation of O3 pollution in the mountain hill areas. Consequently, the 

western part of the LA Basin, where LA City is located, is cleaner than the eastern part of the Basin 

in July. In April and October, when there are no prevailing winds, pollution disperses more evenly 

in the LA Basin than in July, resulting in more O3 pollution in LA City during these months. As 

for LA County and Southern California, they cover almost the entire LA Basin, including those 

mountain hill regions where severe pollution accumulates. Since summer produces more O3 than 

other seasons, the domain-averaged O3 concentration over LA County and Southern California is 
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higher in July than in April and October. In summary, the spatial heterogeneity of O3 concentration 

over LA Basin caused by the prevailing winds in July leads to the distinctive seasonal patterns 

among LA City, LA County and/or Southern California. The sensitivity of O3 concentration to 

emission scenarios is similar across different seasons, with Base having the highest O3 

concentrations and Equity_MSS having the lowest concentrations. 

Table 3.4 summarizes the citywide average of annual mean daily PM2.5 concentrations and 

MDA8 O3 in all scenarios. The annual mean values are obtained by averaging the four simulated 

months, as these months provide a representative view of the significant seasonal variations in 

emissions and meteorological conditions. The annual mean PM2.5 concentrations over LA City are 

11.5, 10.6, 10.6, and 10.2 µg m-3 for the Base, Disparity, Equity and Equity_MSS scenarios, 

respectively. Reductions in emissions of precursors to secondary PM2.5 (e.g., NOx and VOC) result 

in a decrease of 0.8 µg m-3 (7.4%) in annual mean PM2.5 in the Disparity relative to the Base 

scenario. The Equity scenario does not show any significant change in annual mean PM2.5 

concentrations, maintaining the 10.6 µg m-3 level that was achieved in the Disparity scenario. The 

Equity_MSS scenario shows a further reduction, bringing the annual mean PM2.5 down to 10.2 µg 

m-3. This signifies a reduction of 1.3 µg m-3 (11%) compared to the Base scenario.  
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Figure 3.3. Monthly mean daily PM2.5 concentrations for four representative months in LA 
City for Base, Disparity, Equity, and Equity_MSS 
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Figure 3.4 Monthly mean daily maximum 8-hour average O3 concentration for four 
representative months in LA City for Base, Disparity, Equity, and Equity_MSS 
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Figure 3.5. Monthly mean of LA City region daily PM2.5 concentrations (A) and daily 
maximum 8-hour average O3 concentrations (B) for Base, Disparity, Equity, and Equity_MSS 
scenarios 

 

Table 3.4. Simulated LA Citywide Annual Average of Daily Maximum 8-hour O3 and Daily PM2.5 
Concentrations for all Evaluated Scenarios 

Pollutants  Base Disparity Equity Equity_MSS 

O3 (ppb) 38 42 (+12%) 42 (+12%) 45 (+18%) 
PM2.5 (μg m-3) 11.5 10.6 (-7.4%) 10.6 (-7.4%) 10.2 (-11%) 

Note: Percentages in parentheses show relative changes between different scenarios and the Base. 
 

In contrast, the annual mean MDA8 O3 concentrations show an increase from the Base 

scenarios (i.e., in 2017) to future scenarios (i.e., in 2035), and the concentrations for the Base, 

Disparity, Equity, and Equity_MSS scenarios are 38, 42, 42, and 45 ppb, respectively. The O3 

concentration increases on average by 12% from Base to Disparity. The Equity scenario also has 

O3 concentration of 42 ppb, maintaining the same level as the Disparity scenario. This represents 

the same increase of 12% in comparison to the Base scenario. The Equity_MSS scenario shows 

an increase to 45 ppb, which equates to an 18% rise in O3 concentration relative to the Base 

scenario. The overall increase in O3 concentrations occurs despite the reductions in NOx emissions 

noted above, which is because O3 production depends on the particular ratio of the two precursors: 

NOx and volatile organic compounds (VOCs), and the nonlinearities of O3 formation chemistry. 
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Currently, LA City is generally in a transition regime whereby VOC reductions can lead to 

reductions in O3, yet NOx reductions can lead to increases in O3. It is important to note that the 

CARB 2020 MSS does not include a specific regulatory target for VOC reduction, which is why 

we did not model the VOC emission inventory change in our analysis. However, it is reasonable 

to assume that future VOC emissions would likely decrease in a real-world scenario, as the 

reduction in PM and NOx emissions is expected to be achieved through the electrification of both 

on-road and off-road vehicles and devices. Consequently, the increase in O3 levels found in our 

simulation results might be an overestimation, as it does not account for the potential reduction in 

VOC emissions that would accompany the transition to electric vehicles and equipment. 

Figures 3.6 and 3.7 illustrate the spatial distributions of annual mean PM2.5 and MDA8 O3 

concentrations over LA City in the Base scenario and their changes in future scenarios. As shown 

in Figure 3.6, areas with high PM2.5 concentrations are located in the city center while the suburban 

and/or rural areas in the western and northern parts of the city typically have lower levels of PM2.5. 

These high PM2.5 regions coincide with areas of larger emissions of primary PM2.5 and precursors 

to secondary PM2.5 as shown in Figure 3.2. From the Base to Disparity scenarios, the PM2.5 

concentration decreases greatly over the entire LA City (Figure 3.6B). However, the adoption of 

the equal distribution of transportation emission reduction due to ZEVs implementation (i.e., the 

Equity scenario) results in relatively small changes in PM2.5 concentrations (Figure 3.6C), with 

slight increase over the city center and slight decrease over the southern part of the city, 

corresponding to the relatively small emission changes between the two scenarios observed over 

the two regions (Figure 3.2). In the Equity_MSS scenario, additional reduction in PM precursors 

contributes to a further decrease in PM2.5 concentrations from the Disparity scenario (Figure 3.6D).  
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Figure 3.7 shows that the O3 concentration over the city center areas and its southern part is 

remarkably lower than that over its northern and western suburban and/or rural areas. This is 

mainly due to O3 scavenging by nitric oxide (NO) which is emitted from traffic mainly over the 

urban source areas. In the Disparity scenario, O3 levels are considerably elevated over almost all 

the areas in the city relative to the Base scenario, particularly over the urban centers of LA City 

(Figure 3.7B). This is consistent with the larger reduction in NOx over the urban center areas, 

given that LA City is still in the VOC-limited regime and the reduction in NOx results in more O3 

production. With the equal distribution of transportation emission reduction in the Equity scenario, 

the O3 concentration shows slight decrease over the city center areas, consistent with the overall 

small positive changes in NOx emissions over there from Disparity to Equity scenarios (Figure 

3.7C). Further reductions in certain precursor emissions (e.g., NOx in Table 3.3) in the 

Equity_MSS scenario yields even more O3 production over the entire city (Figure 3.7D). Note that 

VOC is slightly reduced from the Disparity to Equity_MSS scenarios (see ROG emissions in Table 

3.3), suggesting that the O3 production over LA City is VOC-limited in the simulated future 

scenarios.  

The DAC designation in LA City is obtained from the Senate Bill (SB) 535 DAC 

Designation18. Figures 3.6 and 3.7 also highlight the annual mean spatial distribution of PM2.5 and 

MDA8 O3 concentrations over DACs in the city. In the Base scenario, higher PM2.5 concentrations 

are more frequently found over DACs than non-DACs (Figure 3.6), while O3 concentrations are 

generally lower over DACs than non-DACs (Figure 3.7). The differences in PM2.5 and O3 

concentrations between DACs and non-DACs in the Base scenario are generally consistent with 

the emissions contrast between the urban center areas and suburban regions in LA City.  
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Figure 3.8 shows the LA citywide mean of daily PM2.5 and MDA8 O3 concentrations over 

DACs and non-DACs under different emission scenarios. The PM2.5 concentrations over DACs 

are considerably higher than those over non-DACs, on average by 3.7-4.0 µg m-3 (~40%), 

depending on the scenario examined, while the O3 concentrations are lower over DACs than over 

non-DACs, on average by 4.6-6.0 ppb (~13%).  
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Figure 3.6. Annual mean daily PM2.5 concentrations in LA City for the Base scenario (A) and the 
differences between Disparity and Base (B), between Equity and Disparity (C), as well as between 
Equity_MSS and Disparity (D). Thick grey line marks the LA City boundary and hatch-filled areas 
denote disadvantaged communities in LA City. 
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Figure 3.7. Annual mean daily maximum 8-hour average O3 concentration in LA City for the 
Base scenario (A) and the differences between Disparity and Base (B), between Equity and 
Disparity (C), as well as between Equity_MSS and Disparity (D). Thick grey line marks the LA 
City boundary and hatch-filled areas denote the disadvantaged communities in LA City. 
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Figure 3.8. Community means of PM2.5 (A) and O3 (B) concentrations averaged over DAC and 
non-DACs in LA City for Base, Disparity, Equity and Equity_MSS scenarios, as well as the 
relative differences between the Disparity, Equity, and Equity_MSS scenarios compared to the 
Base scenario (C) 
 
3.4.3. Public Health Benefits 
 

Figure 3.9 depicts the total avoided mortality in LA City, accounting for both PM2.5 and O3 

mortality changes. As observed in Figures 5 and 6, numerous census tracts experience health 

benefits due to the decrease in air pollution concentrations from 2017 to 2035. The public health 

benefits are more pronounced under the Equity_MSS scenario, which demonstrates the potential 

advantages of electrifying more medium- and heavy-duty vehicles. It is important to note that 

some areas exhibit disbenefits, primarily driven by the increase in O3 concentrations in the future 

scenarios. Spatial distribution maps for both PM2.5 and O3 related mortality changes between 

Equity_MSS and Base scenarios are presented separately in Figure A4. This highlights the need 

to consider both PM2.5 and O3 levels when evaluating the overall impact of ZEVs adoption 

strategies on public health.  
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Figure 3.9. Total avoided mortality in LA City for the differences between Disparity and Base 
(A), and between Equity_MSS and Base (B) 
 

Table 3.5 presents a detailed summary of the changes in both morbidity and mortality due to 

changes in PM2.5 concentrations, in addition to the mortality changes highlighted in Figure 3.9. 

The changes are categorized by census tracts into DACs and non-DACs. As shown in Table 3.5, 

a total of 480 and 703 avoided mortalities attributed to PM2.5 reduction using the uniform beta 

coefficient, were observed between the Disparity and Base scenarios, and between the 

Equity_MSS and Base scenarios, respectively. However, when the beta coefficient is adjusted 

based on race and ethnicity, the number of avoided mortalities related to PM2.5 reduction 

increases to 567 and 831 between the same scenarios. 

Figure 3.10 provides a more detailed analysis of the results, highlighting the underestimation 

of health benefits, particularly for the Hispanic population, when using a uniform exposure-

response beta coefficient. When a racial and ethnic-specific beta coefficient was employed, the 
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estimated avoided mortality increased from 169 to 270 (a 60% increase) between the Disparity 

and Base scenarios, and from 250 to 400 (a 60% increase) between the Equity_MSS and Base 

scenarios. This is due to social health disparities, such as varying access to medical services, 

knowledge, and coping mechanisms among different racial and ethnic groups, resulting in 

distinct response rates to changes in air quality. Given the high proportion of people of color in 

LA City, using a uniform exposure-response beta coefficient would underestimate the health 

benefits for this population. These findings underscore the importance of considering racial and 

ethnic-specific factors in health impact assessments to more accurately capture the disparities in 

health outcomes and ensure a more equitable evaluation of air quality improvement strategies. 

Regarding morbidity, while positive health benefits are observed for PM2.5-related respiratory 

emergency room (ER) visits, the overall morbidity exhibits a disbenefit due to the increase in O3 

levels. This highlights the need for a comprehensive approach to air quality management that 

considers the complex interplay between different air pollutants, ensuring that strategies aimed at 

reducing one pollutant do not inadvertently exacerbate the health impacts of another. 

Table 3.5. Summary of Annual Health Changes Between Scenarios (Mortality and Morbidity)            
Total mortality is the sum of O3 mortality and PM2.5 mortality.  

 
Health Endpoints Disparity - Base Equity_MSS - Base 

Mortality Total non-
DAC 

DA
C Total non-

DAC 
DA
C 

PM2.5 Mortality (Uniform Beta) 480 214 266 703 321 383 
PM2.5 Mortality (Racial/Ethnic 
Specific Beta) 567 231 336 831 347 484 

O3 Mortality -337 -155 -182 -499 -222 -277 
Total Mortality 230 76 154 332 125 207 
Morbidity  

PM2.5 ER Visits, Respiratory 239 88 151 349 132 217 
O3 ER Visits, Respiratory -677 -264 -413 -1017 -379 -638 
Total Morbidity -438 -176 -262 -668 -247 -421 
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Figure 3.10. Differences in PM2.5-related avoided mortality, comparing the use of uniform beta 
coefficients with racial/ethnic-specific beta coefficients. 
Upper panel represents the differences between Disparity and Base. Lower panel represents the 
differences between Equity_MSS and Base. This illustration highlights the disparities in health 
outcomes when accounting for race and ethnicity in the analysis. Other: Asian American, Pacific 
Islander and Native American. 
 
3.4.4. Monetized Benefits 
 
Table 3.6. Monetized Health Benefits Between Scenarios for Both Mortality and Morbidity 
 Disparity – Base  

(in 2015 million U.S. dollars) 
Equity_MSS – Base  
(in 2015 million U.S. dollars) 

 Mean Low High Mean Low High 
non-DAC $660 $90 $1,200 $1,090 $190 $1,940 
DAC $1,340 $190 $2,430 $1,800 $220 $3,310 
Total $2,000 $280 $3,630 $2,890 $411 $5,250 

 
Table 3.6 summarizes the health benefits, including their 95% confidence intervals for both 

lower and higher estimates, associated with PM2.5 and O3 concentrations in LA City. The 

Disparity scenario, compared to the Base scenario, could result in $2 billion in health benefits, 

with $1.3 billion directed towards DACs. By implementing the Equity_MSS scenario, which 
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promotes electrification of medium- and heavy-duty truck fleets and off-road equipment, $2.9 

billion can be gained, with $1.8 billion benefiting DACs as compared to the Base scenario. 

Although the uncertainties in the valuation and health impact functions lead to a wide range of 

estimates, significant benefits are observed. The findings highlight the potential for targeted air 

quality improvement strategies to result in substantial improvements in public health and 

economic gains, even when considering the uncertainties in the underlying models and 

assumptions. 

 
3.5. DISCUSSION  

In this study, we investigated the potential health impacts of various scenarios for ZEVs 

adoption in the city of LA. To do so, we developed three different scenarios: (1) a 2035 ZEVs 

Disparity scenario, (2) a 2035 ZEVs Equity scenario, and (3) a 2035 ZEVs Equity scenario with 

more ZEVs in medium- and heavy-duty vehicles following the 2020 Mobile Source Strategy 

(Equity_MSS). Our analysis focused on how these scenarios would affect DACs and other 

populations, taking into account the complex interplay between air pollutants such as PM2.5 and 

O3. 

Our findings suggest that implementing ZEVs policies can substantially reduce PM2.5 

concentrations, leading to improved health outcomes for both DACs and non-DACs. Specifically, 

from the Base to Disparity scenarios, the citywide mean PM2.5 concentration decreases by 7.4% 

and 7.3% over both DACs and non-DACs, respectively. There is little change between Disparity 

and Equity scenarios over both types of communities. However, the enhancement in ZEVs portion 

of medium- and heavy-duty vehicles, i.e., from the Equity to Equity_MSS scenarios, leads to 3.6% 

and 4.6% more reductions in PM2.5 concentrations over DACs and non-DACs, respectively. In 

contrast, from the Base to Disparity scenarios, the increases in O3 concentrations are about 16% 
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and 10% over DACs and non-DACs, respectively. From the Disparity to Equity scenarios, the O3 

concentrations over DACs and non-DACs both show a decrease, but the decrease is relatively 

small, less than 1%. The O3 concentrations increase further from the Equity to Equity_MSS 

scenarios by 8.8% and 5.4% over DACs and non-DACs, respectively. In general, the 

implementation of ZEVs policy in the future will improve air quality in terms of the PM2.5 over 

both DACs and non-DACs, and the benefits are comparable between DACs and non-DACs.  

While implementing ZEVs policy can improve air quality by reducing PM2.5, our findings 

suggest that it may also lead to temporary increases in O3 pollution, particularly over DACs. This 

phenomenon, referred to as temporary “growing pains” in the original LA100 report, occurs when 

O3 concentration increases despite NOx reduction. However, once NOx emissions reach a certain 

level, further reductions can result in marked improvements in O3 levels. To address this issue, 

decision-makers should prioritize reducing NOx emissions further, while also working to reduce 

VOC emissions in conjunction with PM and NOx emissions reductions. 

Our study highlights several key points. 

1. Vehicle electrification offers substantial reductions in PM2.5 that can lead to improved 

health outcomes for both disadvantaged and non-disadvantaged communities. This 

demonstrates the potential for significant improvements in public health and economic 

gains through targeted air quality improvement strategies. 

2. Electrifying medium- and heavy-duty trucks will bring additional health benefits, 

particularly for DACs. Implementing the Equity_MSS scenario, which encourages the 

adoption of ZEVs in medium- and heavy-duty truck fleets and off-road equipment, would 

result in the highest health benefits in the city, with a substantial proportion of these 

benefits directed towards DACs. 
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3. The use of ethnic and racial-specific exposure-response functions can help reveal greater 

health benefits, particularly for the Hispanic population, than previously estimated. This 

underscores the importance of incorporating racial and ethnic-specific factors into health 

impact assessments to ensure a more equitable understanding of air quality improvement 

strategies. 

4. To reduce O3, it is crucial to further reduce NOx and reduce VOCs in parallel with PM and 

NOx emissions reduction. Since our study does not account for the potential reduction in 

VOC emissions that would likely accompany the transition to electric off-road equipment, 

the increase in O3 levels found in our simulation results might be an overestimation. By 

addressing VOC emissions alongside PM and NOx, decision-makers can work towards a 

more comprehensive approach to air quality management. 

In conclusion, our study highlights the necessity for holistic approaches to air quality control 

that account for the intricate interplay of various pollutants and prioritize equitable treatment for 

vulnerable communities. By understanding these complexities and targeting appropriate strategies, 

decision-makers can work towards improving public health and promoting greater equity in 

vehicle electrification. 
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CHAPTER 3 APPENDIX 

 
Figure A1. Observed (dots) and simulated (contours) monthly mean PM2.5 concentrations (left), 
and monthly mean daily maximum 8-h O3 concentrations (MDA8 O3, right) over south 
California in January, April, July, and October 2017. The observations are from US EPA Air 
Quality System (AQS). 
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Figure A2. First row shows the seasonal variations of MDA8 O3 concentrations over LA City, 
LA County, and Southern California based on EPA AQS observations 
(https://www.epa.gov/aqs). Second row shows the corresponding spatial distribution of AQS 
observed O3 concentrations in April and July. 
 
 
 
 
 

 
Figure A3. Wind direction climatology in Los Angeles (adapted from 
https://weatherspark.com/y/1705/Average-Weather-in-Los-Angeles-California-United-States-
Year-Round#Figures-WindDirection)  
Note that westerly and southerly are prevailing in summer months. 
 

https://www.epa.gov/aqs
https://weatherspark.com/y/1705/Average-Weather-in-Los-Angeles-California-United-States-Year-Round#Figures-WindDirection
https://weatherspark.com/y/1705/Average-Weather-in-Los-Angeles-California-United-States-Year-Round#Figures-WindDirection
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Figure A4. Avoided mortality between Equity_MSS and Base scenarios. From left to right: 
Ozone-related, PM2.5-related, and total avoided mortality. Ozone-related avoided mortality 
values are negative, indicating disbenefits due to increased ozone concentrations. 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 



88 
 

Table A1. Technical Specifications of Scenarios Analyzed in This Study 

 
LA 100 Early & No 

Biofuels - High LA 100 ES UCLA1 

Time 2035 2035 ZEV Disparity 2035 ZEV Equity 
2035 ZEV Equity (more 

MD-HD) (MSS) 

Energy Profile 100% clean2 energy 100% clean2 energy 
100% clean2 

energy 100% clean2 energy 
  On-road Transportation Electrification Profile 

Light-duty 50% 50% 50% 50% 
Medium-duty  0% 15.6%3 15.6%3 22% 
Heavy-duty 0% 19.6%3 19.6%3 39% 

School and urban 
buses 100% EMFAC EMFAC 100% 

 On-road Transportation Emission Spatial Distribution 
Passenger Vehicle 

Equally distributed 

Emission reduction 
map based on (1) ZEV 
ownership and (2) the 

MATSim simulated 
trips 

Equally distributed Equally distributed 
Medium-duty  
Heavy-duty 

School and urban 
buses 

 ZEV Fleet Profile (LDV / MDV / HDV)4 
PHEV 50% 25% / 0% / 0% 
BEV 50% 67% / 100% / 100% 

FCEV 0% 8% / 100% / 100% 
 Off-road Transportation5 

Heavy-duty in 
ports 100% No data in EMFAC No data in EMFAC No data in EMFAC 

Ocean-going 
Vessels 90% 

EMFAC 2035 Original EMFAC 2035 
Original 

EMFAC META Off-road 
(https://arb.ca.gov/emfac/m
eta/off-road, check "?" for 

detailed supporting 
regulations) MSS 

Cargo Handling 
Equipment 100% 
Commercial 
Harbor Craft N/A 
Construction, 

Mining, Industrial N/A 
Forklift N/A 

Airport GSE N/A 
Locomotive N/A 
Recreational 

Marine Vessel N/A 
Small Off-road 

Engine N/A 
Transport 

Refrigerator Unit N/A 
 Buildings Electrification 

Commercial Scaling factor ~3-5% N/A N/A N/A 

Residential Scaling factor ~12-15% N/A N/A N/A 
 Oil & Gas Industry 

Demand 
Reduction N/A Scale down based on ZEV population 

 
1. Electrification %s for LA 100 ES (if not specified) are in line with CARB most recent MSS (2020), and a 
recent CEC report (2021, https://efiling.energy.ca.gov/getdocument.aspx?tn=238853) 
2. "clean energy" defined as no natural gas generation or biofuels. Natural gas electricity generation are replaced 
with gas electricity generation with wind, solar and battery storage. LA city has approved LA100 Early & No 
Biofuels (https://www.utilitydive.com/news/la-approves-100-clean-energy-by-2035-target-a-decade-ahead-of-
prior-goal/605980/) 
3. Based on EMFAC V2021.  

https://efiling.energy.ca.gov/getdocument.aspx?tn=238853
https://www.utilitydive.com/news/la-approves-100-clean-energy-by-2035-target-a-decade-ahead-of-prior-goal/605980/
https://www.utilitydive.com/news/la-approves-100-clean-energy-by-2035-target-a-decade-ahead-of-prior-goal/605980/
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4. For MDV and HDV, we assume 100% BEV and FCEV. During emission calculation, BEV and FCEV will 
both generate zero tailpipe emissions. 
5. Will be equally distributed into "Area" source in WRF-Chem, "Aircraft" has specific spatial emission inventory  

 
 
 

Table A2. Statistics of Model Performance for Chemical Predictions 

  Month Site 
number 

Mean 
Sima  

Mean 
Obsb   

NMBc 
(%) 

NMEd 
(%) 

MFBe 
(%) 

MFEf 
(%) 

PM2.5 

(μg m-3) 
Jan 34 8.2 8.1 2 53 4 39 

Apr 36 8.5 9.0 -5 60 -13 41 

Jul 35 8.1 10.8 -25 47 -21 36 

Oct 31 10.8 13.4 -19 47 -23 36 

Recommended performance 
benchmarks* 

<±30 <50 <±30 <±50 

MDA8 O3 

(ppb) 
Jan 53 37 35 4 18 2 13 

Apr 58 48 53 -9 16 -5 11 

Jul 59 48 57 -15 23 -8 16 

Oct 49 47 53 -10 19 -6 13 

Recommended performance 
benchmarks** 

<±15 <25 - - 

 
aMean Sim stands for the spatially and temporally averaged simulated concentrations at those observation 
sites; bMean Obs is the spatially and temporally averaged observed concentrations across all observation 
sites; 
cNMB is normalized mean bias; 
dNME is normalized mean error; 
eMFB is mean fractional bias; 
fMFE is mean fractional error. 
*Based on Boylan and Russell (2006); 
**Based on U.S. Environmental Protection Agency (EPA), 
https://www3.epa.gov/ttn/scram/guidance/guide/O3-PM-RH-Modeling_Guidance-2018.pdf.  

 

https://www3.epa.gov/ttn/scram/guidance/guide/O3-PM-RH-Modeling_Guidance-2018.pdf
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4. EQUITY AND RELIABILITY OF PUBLIC ELECTRIC VEHICLE CHARGING 

STATIONS IN THE UNITED STATES 

4.1. ABSTRACT 

Equitable and reliable access to electric vehicle charging stations (EVCSs) is crucial for achieving 

a just transition to a carbon-free energy future. Yet, a comprehensive national analysis of the equity 

of distribution and reliability of public EVCSs across different communities is lacking. Here, we 

utilized data from a user-generated content platform combined with real-world user reviews (n = 

470 142) to analyze public EVCSs in the United States at the census tract level. Our findings 

indicate that disadvantaged communities (DACs) in the United States have 26% fewer per capita 

public EVCSs than non-DAC areas do. The disparity spikes to 60% when considering renters 

living in multi-dwelling units. Additionally, EVCS users in DACs and urban areas face 

significantly worse reliability issues compared to those in non-DACs and rural areas. The most 

common problems involve hardware and technical issues, accounting for 47% of negative user 

experiences. As residents of DACs encounter challenges with at-home charging and inequitable 

access to public EVCS, this study highlights the pressing equity issues related to EV charging and 

advocates for more infrastructure investments, particularly in DACs. Future policies should also 

prioritize enhancing the reliability of EVCS. 

4.2. INTRODUCTION  

Electric vehicles (EVs) can substantially reduce greenhouse gas emissions and contribute to 

improved air quality and health co-benefits11,83,146,147. The International Energy Agency (IEA) 

projects that by 2030, the global EV fleet will reach 236 million vehicles148. The development of 

a reliable and widespread electric vehicle charging station (EVCS) network is essential to meet the 

growing demand for EVs and achieve carbon neutrality in the transportation sector. The IEA 
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projects that the global number of public electric vehicle supply equipment (EVSE) ports will 

exceed 15 million by 2030 and reach nearly 25 million by 2035. In the United States, 

approximately 900 000 public EVCSs will be needed by 2030 and 1.7 million by 2035149 to support 

ambitious goals for EV adoption. The U.S. National Electric Vehicle Infrastructure Program150 

and the Charging and Fueling Infrastructure Grant Program151, both stemming from the 

Infrastructure and Investment and Jobs Act152 (also known as the Bipartisan Infrastructure Law) 

will provide $7.5 billion in funding. The Inflation Reduction Act153 also provides considerable 

incentives to promote clean energy initiatives, including support for EV charging infrastructure 

for disadvantaged communities (DACs). 

DACs in the United States are designated through a comprehensive assessment of various 

factors154,155. These factors, including energy burden, environmental justice burden, public health 

burden and climate change hazards155, often disproportionately affect low-income and minoritized 

racial and ethnic groups. DACs have a greater demand for public EVCSs, due to the higher 

prevalence of multi-dwelling units (MDUs) and renters within these communities. DAC residents 

and minoritized racial and ethnic groups are more likely to rent their home and reside in MDUs156–

158. Although more than 80% of charging needs are predicted to be met through at-home or 

residential charging159, the reliance on public charging stations varies significantly on the basis of 

the housing type. While only 4–16% of U.S. EV drivers with detached houses use public charging, 

this percentage increases dramatically to 31–81% for drivers who do not have access to private or 

semi-private parking facilities160. In addition, renters frequently lack both the financial means and 

property rights necessary to install private charging stations. A recent study161 reported that over 

half of EV buyers will come from the low-to-middle income population by 2035, many of whom 

do not have access to home charging. Research also indicates that EV can reduce energy and 
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maintenance costs, particularly benefiting low-income and minoritized racial and ethnic groups 

who face high fuel expenses162,163. Without access to public charging infrastructure, the 

opportunity to address the transportation cost burden might be lost, further exacerbating existing 

disparities.  

Despite the critical need for equitable charging infrastructure, equity analysis of EV charging 

accessibility has been limited, and even fewer studies have been conducted at the national scale. 

A recent study analyzed EV adoption and EVCS distribution in California and reported that the 

number of public EVCSs per 1 000 households is 0.92 and 0.67 for non-DACs and DACs, 

respectively89. Another recent study analyzed access disparities for public EVCSs in California 

across different race and income groups and found that, neighborhoods with a majority of Black 

and Hispanic populations had the lowest likelihood of accessing public EVCSs96. Their likelihood 

of access was half that of White majority neighborhoods. A similar pattern was found for low-

income neighborhoods, especially those with more MDUs. Similarly, a recent study investigated 

access to public EVCSs in New York City at the zip code level164 and reported that that low-

income, Black-identifying, and underserved communities had less access to public EVCSs 

compared to higher-income, white, and non-disadvantaged communities. 

These studies often sourced public EVCSs data from the U.S. Department of Energy's (DOE) 

Alternative Fuels Data Center (AFDC)165. The DOE defines an EVCS as a location that houses 

one or more EVSEs, such as a parking garage or a mall parking lot. An EVSE, which is sometimes 

referred to as an EV charging port, is designed to deliver power to a single vehicle at a time. 

However, the DOE collects the public EVCS data directly from different charging point operators 

(CPOs) who use different criteria for reporting. As a result, some EVCSs classified as “public” 

might, for example, actually be workplace charging locations that are not accessible to the public. 
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Owing to the potential misclassification of EVCSs with access restrictions, the actual gap in public 

charging stations could be more substantial than reported. The true potential for increased EV use 

in DACs also hinges on whether residents can freely access these public EVCSs without additional 

parking fees, highlighting the need for more validated real-world usage data to assess accessibility 

accurately. To address this, the California Energy Commission has enhanced its public EVCS 

location data by integrating input from a user-generated content platform in California166. 

However, nationwide data of this type are not available.  

Moreover, charging reliability significantly influences the user experience and is a critical 

factor in the adoption and sustained use of EVs. A poor charging experience can even deter current 

EV users, potentially causing them to revert to gasoline vehicles167. Despite its importance, EVCS 

operation data are often treated as proprietary business secrets, which restricts access for 

researchers. This limitation poses a unique challenge in evaluating the reliability, operation, and 

maintenance status of charging stations across the nation. Despite public concerns168 and industry 

reports169,170 on the reliability of public EVCS, there is a notable gap in research focusing on 

charging station reliability and user experiences, especially in DACs. 

This study aims to address the gap in our understanding of national-level public EVCS 

accessibility and reliability assessment, examining the distribution of EVCSs and analyzing user 

experiences across various communities, with a special emphasis on DACs. We begin by using a 

EVCS data platform with user reviews to analyze distributive equity in EVCSs across all census 

tracts in the United States. We then employ large language models (LLMs) to conduct a sentiment 

analysis of real-world user review data from the platform on public EVCS experience. We 

subsequently apply grounded theory to conduct qualitative analysis and identify issues 

encountered by EVCS users. The results of these analyses demonstrate that those who have limited 



94 
 

at-home charging opportunities have less access to reliable public charging infrastructure, 

highlighting significant equity issues.   

4.3. Methods 

4.3.1. EV Charging Station Location and Review Data 

We gathered publicly available data on EVCS from the DOE Alternative Fuel Data Center's 

Alternative Fueling Station Locator165. We obtained data for EVCS by selecting "electric" as the 

fuel option in October 2022. At the time of collection, the DOE data were sourced from EVCS 

network providers or charging point operators (CPOs) through their APIs. The data included 

information on whether the stations were public or private, as provided directly by the network 

providers rather than the DOE. 

To obtain more comprehensive and real-world information regarding station usage, user 

experience, and restriction information, we acquired EV charging station location and equipment 

data, as well as user review data, from a popular user-generated content (UGC) platform. The data 

were also obtained in October 2022. This platform is widely used by EV owners to share their 

experiences, providing valuable insights into the practical challenges and satisfaction levels 

associated with various charging stations. 

We validated the total number of EVCS locations and EVSE data between the DOE database 

and the UGC platform and found them to be consistent with each other (Fig. 1). This validation 

confirmed the reliability of our data sources. All subsequent analyses are based on the detailed 

user experience and feedback data obtained from the UGC platform, which provides a real-world 

perspective on EV charging station usage and issues. 
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4.3.2. Environmental Justice Data 

For this chapter, in order to perform environmental justice analysis on a national scale, we 

obtained environmental justice and DAC designation data from the DOE Justice40 initiative via 

the DOE Disadvantaged Community Reporter171. This dataset includes a set of indicators to 

identify and characterize DACs. Specifically, the DOE dataset encompasses multiple 

environmental, economic, and social indicators that reflect the cumulative burdens experienced by 

different census tracts. Examples of these indicators include air quality, energy burden, and 

socioeconomic factors154. 

It is important to note that the White House Council on Environmental Quality (CEQ) also 

provides the Climate and Economic Justice Screening Tool (CEJST)172, a new tool that aims to 

help federal agencies identify DACs. However, the CEJST provides a binary indication of whether 

a community is disadvantaged or not, without offering a detailed score. In contrast, the DOE's data 

include a DAC score and national and state percentile rankings, which provides a more nuanced 

understanding of the burdens experienced by different census tracts. The CEJST and DOE DAC 

data overlap substantially, which ensures consistency in identifying DACs. Using data from the 

DOE Disadvantaged Community Reporter helps us better understand the challenges faced by 

DACs and how these challenges correlate with user experiences and sentiments regarding EV 

charging stations. 

In addition to the EJ data, we also gathered additional data from the U.S. Census American 

Community Survey (ACS)173 2010 to match the ACS version year with the DOE data. We obtained 

information on whether a census tract is categorized as “Urbanized Areas” to determine whether 

a census tract is urban or rural via the Census Geocoder174. Furthermore, we downloaded data on 

available vehicles, renters, and housing characteristics from the 2010 ACS Table B08013 and 
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subject Table S2504. This supplementary dataset provides a broader context for our analysis, 

allowing us to account for urbanization levels and housing characteristics in our analysis of EV 

charging station accessibility for different populations in need. 

4.3.3. LLM Sentiment Analysis 

To determine the sentiment of online reviews, previous studies175–177 typically use natural 

language processing (NLP) techniques, employing models such as convolutional neural networks 

(CNN). The process usually involves several steps: data preprocessing, feature extraction, model 

training, and evaluation. On the other hand, large language models (LLMs) leverage transformer 

architectures, which include both encoder and decoder mechanisms. The encoder processes the 

input text to create a rich, context-aware representation, whereas the decoder generates human-

like text or performs classification tasks based on this representation. These models can reduce the 

expensive and time-consuming processes associated with traditional NLP methods because they 

are pre-trained on vast amounts of text data and can be fine-tuned to address specific tasks.  

To validate the performance of the LLM model on EVCS review sentiment analysis, we first 

randomly selected a subset of user reviews from the entire dataset. Unlike traditional methods, 

which require extensive time and a large dataset to train a CNN model, LLMs can achieve high 

performance with pre-trained models. Previous studies have suggested that validating sentiment 

analysis results requires a sample size of at least 100, ideally 300, with studies ranging from 250 

to 3 000 reviews, representing 0.13% to 1.46% of the total dataset178,179. We randomly selected a 

sample size of 3 000 reviews, which provides a balance between robustness and practical 

constraints. 
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Table A1 shows the model performance on sentiment analysis using different models. The 

CNN model on similar EVCS review dataset sentiment classification, as reported by Asensio et 

al., achieved an accuracy of 84.7% with a precision, recall, and F1 score of 0.86. In comparison, 

for the LLMs used in this study, GPT-3.5 achieved an accuracy of 86.2% with a precision of 0.95, 

a recall of 0.81, and an F1 score of 0.88; and GPT-4 further improved the performance, achieving 

an accuracy of 87.1%, with a precision of 0.96, recall of 0.82, and an F1 score of 0.88. Considering 

that the interrater reliability (measured by Cohen’s kappa in Table A2) is 0.81, the prediction 

results from the LLM underscore the effectiveness of LLMs in handling sentiment analysis in 

EVCS reviews, providing a more efficient and accurate alternative to traditional methods. 

Figure 4.1 shows a schematic of the data curation and model validation process. Two research 

assistants, acting as human experts, annotated the sentiment of review samples as either positive 

or negative. Similar to a previous study on EVCS sentiment analysis175, we trained our researchers 

to understand the typical terminologies used in the EV charging user community and reached a 

consensus on what constitutes a positive or negative sentiment. The Cohen’s kappa coefficient for 

interrater reliability was 0.81, indicating substantial agreement between the two researchers. This 

high interrater reliability demonstrates the robustness of our annotation process.  
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Figure 4.1. Schematic of Data Curation, LLM Model Validation and Application 

Next, we created a prompt for ChatGPT. Prompt engineering is crucial as it defines the scope 

and context for the LLM, helping it leverage its vast training data more effectively to increase 

accuracy180,181. We used the following prompt: 

"You are an assistant analyzing the sentiment of Electric Vehicle Charging Station reviews. 

For each review provided, determine its overall sentiment and return a number indicating this 

sentiment: 1 for positive and 0 for negative. Please keep your response short, formatted as a single 

digit integer number." 

Using this prompt, we employed ChatGPT to batch process the reviews. We also set the 

"temperature," a parameter that controls the variability of responses generated by the LLMs, to 0 

to ensure consistency in the output. The results are presented in Table S2. We found that while 

ChatGPT-4 performed better, the GPT-3.5 model, which is 20 times cheaper, also exhibited strong 

NLP capabilities in determining the sentiment of EVCS reviews. This demonstrates the 
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effectiveness of LLMs in performing sentiment analysis. After validating the model on the subset, 

we applied it to the entire dataset (n = 470 142) to identify negative reviews.  

After determining the sentiment of each review, we synthesized a sentiment score for each 

census tract, accounting for the varying number of reviews per station. This process addresses the 

common challenge in online review analysis, whereas a single positive review can result in a 

misleadingly high score for a station, while a station with numerous positive reviews might receive 

a comparatively lower score because of the higher volume of reviews. 

To mitigate this issue, we employed the lower bound of the Wilson score confidence interval 

for a Bernoulli parameter, a method frequently used in similar research contexts182,183. The Wilson 

score confidence interval is calculated using the Eq. 1: 
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where 𝑝̂ is the observed proportion of positive reviews, 𝑛 is the total number of reviews, and 

𝑧 is the z-value corresponding to the desired confidence level. 

We applied a 95% confidence level to generate a more reliable sentiment score for each census 

tract with EV charging stations and reviews. These scores were then ranked and converted into 

percentile rankings on a national scale to facilitate subsequent analysis.  

4.3.4. Problem Categorization of Negative Reviews 

We used grounded theory184,185, a systematic methodology in social science research that 

involves constructing theories through methodical gathering and analysis of data, to analyze the 

negative sentiment in the reviews (n = 1 081) and categorize them into distinct themes. In the initial 
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phase, two researchers independently reviewed the dataset to perform open coding. Each review 

was scrutinized line-by-line to identify key phrases and concepts, with the primary goal of breaking 

down the data into discrete parts and generating initial codes that represent the various issues and 

experiences described in the reviews. This process resulted in a diverse set of initial codes 

reflecting the wide range of user feedback. 

Example quotes and initial codes: 

• Quote: "The charger stopped working after a few minutes." 

o Annotator 1 Code: Interrupted Charging Sessions 

o Annotator 2 Code: Charging Stops Unexpectedly 

• Quote: "Had trouble connecting my car to the charger. Adapter didn't fit." 

o Annotator 1 Code: Adapter Compatibility 

o Annotator 2 Code: Adapter Issues 

• Quote: "The app kept crashing, and it took forever to find an available station." 

o Annotator 1 Code: App Crashes 

o Annotator 2 Code: App Functionality 

• Quote: "There was no shelter or lighting at the station." 

o Annotator 1 Code: Lack of shelter 

o Annotator 2 Code: Inadequate lighting 

Development of Subcategories. Following the initial coding, the researchers created 

subcategories from the generated codes. Each subcategory represented a more specific aspect of 

the broader themes identified during open coding. This step involved grouping related codes 

together to form meaningful subcategories that encapsulate distinct dimensions of the user 

feedback. 
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Example Subcategories: 

• Hardware and Technical Issues: 

o Charger Functionality (e.g., "The charger stopped working after a few minutes") 

o Adapter Compatibility (e.g., "The adapter didn't fit properly") 

o General Failures 

o Interrupted Charging Sessions (e.g., "The charging stopped unexpectedly") 

• Software and Digital Infrastructure: 

o App Functionality (e.g., "The app kept crashing") 

o Connectivity Problems 

• User Experience: 

o Slow Charging 

o Capacity 

o Customer Support 

o Physical Infrastructure and Amenity Gap (e.g., "No shelter or lighting") 

Collaborative Discussion and Refinement. After independently generating subcategories, the 

two researchers engaged in a series of collaborative discussions to refine and consolidate the 

subcategories. This involved critically evaluating each subcategory and discussing overlaps, 

redundancies, and unique aspects. Through this iterative process, we added, deleted, and merged 

subcategories as necessary to ensure that the resulting categories accurately reflected the data and 

were comprehensive and distinct. 

Example Refinements: 

• Merged Code: 

o "App Crashes" and "App Problems" were merged into "App Functionality" 
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o "Charging Stops Unexpectedly" and "Interrupted Charging Sessions" were merged 

• Added Subcategories: 

o Network Dependency 

o Signage and Policy Enforcement 

Axial Coding. In the axial coding phase, we focused on reassembling the data by identifying 

relationships between the subcategories. This process involved exploring connections, patterns, 

and hierarchies among the subcategories to understand how they interact and influence each other. 

The goal was to integrate the data in a way that provided a deeper understanding of the underlying 

issues and themes within the EVCS reviews. 

Example Relationships: 

• Hardware and Technical Issues and User Experience: 

o Issues with charger functionality directly impact user satisfaction and perceived 

convenience. 

• Software and Digital Infrastructure and User Experience: 

o App functionality and connectivity issues affect the overall user experience and 

accessibility of charging stations. 

Selective Coding. The final phase of our analysis was selective coding, where we identified 

the core category that encapsulated the central phenomenon emerging from the data. Through 

careful consideration and synthesis of the subcategories and their relationships, we determined the 

core category that represented the most impactful aspect of the user experiences with EVCSs. This 

core category served as the central theme around which all other categories were organized.   
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4.3.5. LLM for Problem Category Labeling 

After defining the problem categories, we employed a validation method similar to our 

sentiment analysis to assess the model's performance in problem categorization. We first reached 

agreements on the problem labeling criteria, such as selecting the major problem or the first 

problem mentioned if multiple issues were described in a negative review. Subsequently, we 

independently labeled the reviews and validated the LLM's performance in categorizing these 

problems. Given that multiple classifications can reduce inter-rater consistency compared with 

binary classifications, our inter-rater reliability (κ = 0.71) decreased but still remained within an 

acceptable range for reliability. The LLM exhibited commendable accuracy, with values ranging 

from 0.77 to 0.82, indicating robust performance despite the complexity of the task (Tables A3 

and A4).  

We used the following prompt to run LLM on all negative reviews (n = 128 271): 

"You are an assistant analyzing the problem mentioned in Electric Vehicle Charging Station 

reviews. For each review provided, determine the problem category and return only a number 

indicating this. If multiple problems detected in the review, choose the major problem or the first 

problem. Please keep your response short, formatted as a single digit integer number." Human-

categorized categories was also provided to the LLM along with the prompt.  
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4.4. RESULTS 

4.4.1. Public EVCSs in the United States 

We collected data on EVCS and EVSE from both the Department of Energy (DOE) 

Alternative Fuels Data Center database and a popular online user-generated content (UGC) 

platform that hosts EVCS user reviews (similar to Yelp or Google Maps) in October 2022 (see 

Methods). As shown in Fig. 4.2a, the total numbers of EVCSs from both data sources are similar. 

The DOE database contains a total of 59 826 EVCS data points, with 93% (55 792) of which are 

labeled as public. 

With more detailed user inputs and information gathered from the UGC platform, we filtered 

out 2% (1 106) of the stations that were under repair, 27% (16 290) of the stations that had access 

restrictions (such as employees only or hotel patrons only), and 10% (6 202) of the stations that 

required additional parking fees. This filtering process left 61% (37 536) of the stations that were 

fully public, without any restrictions or additional payments needed, ensuring that the UGC data 

accurately reflects EVCS that are genuinely accessible to the public. 

We further analyzed the public EVSE data from the DOE (93% of the records) and the UGC 

platform (61% of the records) as shown in Fig. 4.2b. The UGC data show a similar distribution of 

Level 1 (up to 1.9 kW power), Level 2 (2.9 to 19.2 kW power), and direct current (DC) fast 

chargers (25 – 350 kW power) as compared to the DOE data, while providing more detailed site 

information and user reviews. We found that currently, most of the EVSEs are Level 2 (78–80%), 

with 18–21% having DC fast charging capability. 
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Figure 4.2. Data comparison between the Department of Energy (DOE) database and 

the user-generated content (UGC) platform. (a) Electric vehicle charging stations (EVCSs), and 
(b) public electric vehicle supply equipment (EVSEs). 

 

4.4.2. EVCS Access Disparity 

Utilizing data from the UGC platform, we compared the distribution of EVCS per 1 000 

population in the contiguous United States and found significant disparities in accessibility 

between DAC and non-DAC areas (Fig. 4.3a). Out of the 48 states and the District of Columbia, 

27 states did not show statistically significant results between DACs and non-DACs, primarily due 

to the small number of EVCSs available for analysis. For the other 22 states with statistically 

significant results, 19 showed disparities. Overall, on average, DACs have 26% fewer per capita 

public EVCS available in the contiguous United States. While California and New York have the 

highest number of public EVCS (Fig. A1) among the 22 states with statistically significant results, 

they also exhibit the highest disparity issues, with DACs having 69% and 87% fewer public EVCS, 
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respectively. Conversely, in states such as Washington, Utah, and Ohio, the existing EVCS 

infrastructure is more equitably distributed, providing better access to DACs and supporting 

broader EV adoption. 

The national disparity is further compounded when considering the MDUs and renters, who 

require greater access to public EV charging. Table 4.1 provides further analysis, revealing three 

key findings: First, only 29% of non-DAC and 21% of DAC census tracts in the United States 

have public EVCS. Second, the disparity is similar for both EVCS and EVSE. Third, the disparity 

is consistent when comparing renters and MDUs, with figures of 52% vs. 57% for EVCS and 52% 

vs. 56% for EVSE. The disparity is most pronounced when both renters and MDUs are considered 

in a single metric (100 renters living in MDUs) as shown in Fig. 4.3b. Among the states with 

statistically significant results (n = 21), all now show disparities, with the mean national disparity 

between DACs and non-DACs spiking from 26% to 60%. 
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Figure 4.3.: Mean public electric vehicle charging stations (EVCS) density in 2022, 
comparing disadvantaged and non-disadvantaged communities: (a) per 1 000 population and (b) 
per 100 renters living in multi-dwelling units.  

The red columns represent disadvantaged communities, while green columns represent non-
disadvantaged communities. The light red state cells indicate states with statistically significant 
disparities, the light green state cells indicate significant but without disparity, and the white cells 
represent non-statistically significant states. Disparity percentage is calculated by dividing the 
difference between disadvantaged and non-disadvantaged communities by the value in non-
disadvantaged communities.  *** p < 0.001, ** p < 0.01, * p < 0.05. 

 

Table 4.1. Inequitable access to public electric vehicle charging stations (EVCS) and supply 
equipment (EVSE) between DACs and non-DACs in the United States. 

Metric description non-DAC DAC 
Difference 

between non-DAC 
and DAC 

% of Census tracts with public EVCS 29% 21% 8% 

Mean Statistics of EV Charging Stations  

EVCS per 1 000 people 0.115  0.0854  26% 

EVCS per 100 multi-dwelling units 0.160  0.0771  52% 

EVCS per 1 000 renters 0.487  0.211  57% 

EVCS per 100 renters living in multi-
dwelling units 0.244  0.0976  60% 

Mean Statistics of EV Supply Equipment  

EVSE per 1 000 people 0.336  0.240  28% 

EVSE per 100 multi-dwelling units 0.454  0.216  52% 

EVSE per 1 000 renters 1.36  0.602  56% 

EVSE per 100 renters living in multi-
dwelling units 0.672  0.276  59% 
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4.4.3. EVCS Reliability 

In addition to inequitable access to the public EVCSs, we also found statistically significant 

differences in mean sentiment scores (e.g. whether the experience with an EVCS is positive) 

between DAC and non-DAC, as well as between urban and rural areas, as shown in Fig. 4.4a. The 

average sentiment score, ranked in percentiles among all communities, is significantly lower in the 

DAC than in the non-DAC. In other words, users in the DAC are more likely to have a negative 

experience with public EVCSs. On the right side of Fig. 4.4a, similar to another study175, we find 

that the sentiment percentile ranking is significantly lower in urban areas than in rural areas. 

 

 
Figure 4.4. User experience rankings and problem categorization results for public EV 
charging stations. (a) Non-disadvantaged communities (non-DAC) and rural areas exhibit 
significantly higher average rankings of positive user experience, as compared to 
disadvantaged communities (DAC) and urban areas (*** p < 0.001). User experience is 
ranked by sentiment scores, which are derived from each user review. (b) Distribution of 
different categories of problems encountered by public EVCS users. The developed 
procedural equity framework ultimately guided our analysis of interview data.  
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Using grounded theory, we analyzed a comprehensive set of negative EVCS user reviews to 

identify and categorize the main issues (see Table 4.2) for all communities. These categories were 

then used to generate prompts for an LLM, which classified all the negative reviews (n = 128 271). 

Fig. 4.4b illustrates the distribution of public EVCS issues, broken down by category percentage. 

Among the most prominent issues, hardware and technical issues were reported by 47% of the 

users, who frequently mentioned malfunctions with chargers, screens, card readers, and plugs, as 

well as issues related to adapter compatibility and general failures impacting the charging process. 

Software and digital infrastructure problems were also substantial, as noted by 13% of the users, 

particularly issues with app functionality, such as crashes and incorrect charging availability 

information, along with connectivity problems at charging stations that further exacerbated user 

frustration. In terms of user experience, 13% of the users cited common issues, including slow 

charging speeds, long wait times, and the availability and quality of customer support. The users 

also noted discomfort from unsheltered setups, inadequate lighting, and a lack of nearby amenities. 

Restrictions and accessibility posed major challenges for 22% of the users, with reports of parking 

and access limitations, blocked charging spots by internal combustion vehicles or noncharging 

EVs, and limited parking for larger EVs. This category also highlighted the need for clear signage 

and policy enforcement. Finally, cost concerns were raised by 5% of the users, who perceived 

charging services as too expensive and expressed confusion over pricing transparency. These 

findings underscore the multifaceted challenges that EVCSs face, highlighting areas for 

improvement to enhance the overall user experience and support the broader adoption of EVs. 
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Table 4.2. Summary of current issues for electric vehicle charging stations (EVCSs) based on 
negative user reviews 

Category Issue Description 

1. Hardware 
and Technical 

Issues 

Charger Functionality Malfunctions with chargers, screens, card readers, and plugs. 

Adapter Compatibility Issues related to the physical connection between the EV and the charging 
station, including the availability and compatibility of adapters. 

General Failures Broken parts, power failure and physical damage impacting the charging 
process. 

Interrupted Charging 
Sessions Charging stops unexpectedly. 

2. Software 
and Digital 

Infrastructure 

App Functionality 
Technical problems within apps, such as crashes and bugs affecting user 

interaction and charging station operation, or App showing incorrect 
charging availability information. 

Connectivity Problems Challenges with internet connection at charging stations, affecting 
functionality and access to services. 

3. User 
Experience 

Slow Charging Issues related to lower-than-expected charging speeds. 

Capacity Long wait times for charging or requests for more charging stations 

Customer Support Availability and quality of support for troubleshooting, guidance, and 
resolving charging issues. 

Physical Infrastructure 
and Amenity Gap 

Discomfort from unsheltered setups in inclement weather, inadequate 
lighting, or the lack of nearby amenities like restrooms and food services. 

Network Dependency Challenges due to the need for network-specific apps or payment cards for 
charging access, restricting ease of use. 

4. Restrictions 
and 

Accessibility 

Parking and Access 
Limitations 

Customer-only or employee-only restrictions, no entry, parking permit 
requirements, time restrictions, high-cost paid parking and difficulty locating 

chargers. 

Blocked Charging Spots Issues with ICE vehicles or EVs not charging occupying spots. 

Limited parking for 
different EVs 

Parking spaces that are too small for vans and larger EVs, limiting 
accessibility for diverse EV users. 

Signage and Policy 
Enforcement 

The need for clear signage indicating spots are designated exclusively for 
EV charging, guide signs to direct users to EV chargers, and enforcement 

measures to prevent ICE (Internal Combustion Engine) vehicles from 
blocking these spots. 

5. Cost 
Concerns 

High Pricing Perceived as too expensive, especially in comparison to previous free 
services or when compared to the cost of gasoline. 

Pricing Transparency Confusions raised from discrepancies between displayed and billed 
charging costs. 
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4.5. DISCUSSION 

We present the first national analysis of equity in access to public EV charging using user-

generated data that more accurately reflects real-world conditions and charger reliability. We 

applied LLMs to streamline the sentiment analysis of a substantial volume (n = 470 142) of review 

data. With input from real-world EVCS users, we have found that despite several policies targeting 

the development of public EVCS in DACs, significant disparities still exist nationwide. Previous 

studies89,164,186 relying solely on DOE data were either unable to detect these disparities or 

identified them only at the local and state levels.  

The issue of charging infrastructure in the DAC is complex and multifaceted. At-home 

charging, often considered the predominant solution for EV charging, presents many challenges 

for DAC residents. This is particularly problematic as a study187 found that more than 46% of 

households in DACs may require updates to their electrical service panels for higher amperage to 

accommodate at-home EV charging and other electrification needs, but such upgrades often are 

not prioritized. Additionally, while single-family homes typically have less demand for public 

charging due to their potential to support overnight charging188, the prevalence of accessory 

dwelling units (ADUs) in the DAC — often implemented to support affordable housing — makes 

at-home charging complicated. It is common for multiple families in DACs to share a single-family 

home, often utilizing ADUs with the same property189,190. This living arrangement could increase 

the need for public charging infrastructure. Despite having greater needs for public charging than 

non-DAC residents, significant disparities in public EVCS access persist across nearly all DACs 

with sufficient sample sizes for analysis as illustrated in Fig. 4.3. 
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One viable solution to mitigate the limited availability of overnight charging in DACs is the 

strategic deployment of more DC fast chargers. Currently, as illustrated in Fig 4.2, these chargers 

constitute only 18% of the total charging infrastructure. Increasing the proportion of DC fast 

chargers could enhance charging accessibility and efficiency, compensating for the lack of private 

charging options in these areas. However, implementing DC fast chargers will require a reliable 

power infrastructure. Residents of DACs experience more frequent and longer power outages than 

others do, especially during extreme weather events191–193. Such frequent outages could hinder 

DAC residents' willingness to adopt EVs or clean energy in general194. Prolonged power outages 

can impede the effective charging of EVs, which are essential for mobility and accessing vital 

services. The increased frequency and duration of power outages in these areas underscore the 

vulnerability of existing infrastructure, which is often outdated and underfunded for necessary 

upgrades and maintenance. This perpetuates inequality, leaving these communities less resilient 

against both routine and extreme weather events that are increasingly common due to climate 

change195,196. To address these issues, it is essential to prioritize infrastructure improvements in 

DACs, ensuring that they receive the necessary upgrades to withstand power disruptions. 

Additionally, integrating renewable energy sources and storage solutions could provide these 

communities with more stable and independent power supplies, reducing their dependency on the 

traditional grid and increasing their resilience to outages197–199. 

Reliability, or the performance of public EVCS, is another crucial aspect of infrastructure 

effectiveness. Instead of sending out surveys to collect user reviews on EVCS experience, we 

explored how LLMs can substantially streamline the analysis of the public EVCS user experience 

by directly analyzing existing online reviews. In addition, the traditional approach to sentiment 

analysis on user reviews can be labor-intensive and costly; for example, manually labeling 
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sentiment in 3 000 user reviews takes approximately 25 hours, and problem categorization tasks, 

being more complex, require even more time. In contrast, using LLMs to process the same batch 

of 3 000 sentiments takes only a few minutes and costs between $0.50 and $2.5, depending on the 

chosen LLMs and the length of the reviews. LLMs have demonstrated utility across various fields 

such as education200, medicine201, and clinical research202. This study shows their effectiveness in 

analyzing secondary qualitative data to assess public EVCS reliability. By leveraging the LLMs, 

we find that the public EVCS user experience is significantly lower in the DAC and urban areas.  

Our sentiment analysis aligns with a previous study175 regarding differences in user 

experiences with urban and rural public EVCSs, indicating that urban areas often report lower user 

satisfaction. One reason for this could be that individuals in rural settings, such as those near 

camping sites or national parks, typically have lower expectations. For example, users commented: 

"Very pleased to see an EV charging station here in the park. Thanks for making this possible!!!" 

or " Loved discovering a charging station during our camping trip! Will come back for more 

adventures!" This difference in expectations could partially explain why urban users report more 

negative experiences, as they frequently face access restrictions, longer charging times, and 

hardware issues. Similarly, since DAC areas are often located in densely populated urban areas, 

this could also explain why public EVCS in these regions tend to have lower sentiment scores. 

However, this does not negate the need for improvements in charging infrastructure in rural areas. 

Study203 has shown that many rural areas still lack public charging stations, and the average travel 

time to charge in these regions are higher. 

Our research identified that hardware and technical issues are the most frequently mentioned 

problems encountered by users of public EVCSs. This finding highlights the urgent need to 

increase maintenance funding, as exemplified in small part by programs such as the  recent Electric 
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Vehicle Charger Reliability and Accessibility Accelerator204. This program allocates $100 million 

specifically for the repair and upkeep of public EVCSs, addressing a critical gap in the current 

infrastructure and ensuring that these essential services remain functional and accessible. 

Additionally, access restrictions present substantial barriers, as many stations are not available to 

the general public. Funding stipulations should enforce public accessibility. Another critical aspect 

is the network dependency of charging stations. Both the National Electric Vehicle 

Infrastructure150 and California Electric Vehicle Infrastructure Project205 have recognized this by 

requiring charging point operators (CPOs) do not limit user access to specific charging network 

subscriptions, which is a step in the right direction. Charging speed has also emerged as a key 

concern, particularly in DACs where residents often spend more time commuting and working 

across various locations92,206,207. The existing infrastructure may not adequately support the rapid 

charging necessary for efficient use in these communities. 

While cost concerns may not seem paramount, it is important to recognize that early adopters 

of EVs are typically wealthier individuals89,159,208. Households without access to residential 

charging face higher overall costs of EV ownership, as non-residential charging options tend to be 

more expensive209. Research indicates that EVs can address future transportation needs and reduce 

energy and maintenance costs, particularly benefiting low-income and minoritized racial and 

ethnic groups who face high fuel expenses162,163. Yet, higher charging prices might exacerbate 

existing energy insecurity, especially for Black and Hispanic households210. Thus, policies such as 

providing subsidized charging programs to DAC residents could provide a great opportunity to 

address historical burdens and advance equity in these communities. This approach could further 

lower barriers to EV adoption and ensure that all community members can benefit from the 

transition to EVs.  
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A recent study211 demonstrated a strong correlation between the availability of EVCSs and 

the adoption of EVs in DACs. The study revealed that increasing the number of public charging 

stations in DACs could have a nearly threefold greater impact on EV adoption than non-DAC 

areas. This finding aligns with our analysis of the physical characteristics of housing, which 

indicates that individuals in non-DAC areas have less reliance on public charging due to the 

availability of private residential charging options. Another study212 reported that charging $100 

for a designated overnight parking space with charging capabilities could reduce people's 

willingness to adopt EVs by approximately 65%, highlighting the dilemma faced by DAC 

residents who often lack access to designated parking spaces. Our study, along with previous 

literature, underscores the critical need for public EVCSs in DACs and the importance of 

addressing these disparities. 

In the discussion concerning infrastructure development, a well-known chicken-and-egg 

dilemma frequently arises: the notion that without adequate infrastructure, there is little incentive 

to adopt EVs, yet without substantial EV adoption, the expansion of infrastructure may seem 

unjustified. Challenging this perspective, particularly in the context of DACs, we argue the 

importance of prioritizing the establishment of publicly accessible EVCSs—the "chicken"—to 

stimulate EV adoption—the "eggs." By emphasizing infrastructure development initially, we can 

prevent DAC residents from being marginalized in the clean energy transition, thereby addressing 

and mitigating existing disparities. By initially emphasizing infrastructure development and 

coupling it with equitable incentive policies for EVs88,91,213,214, we can make EVCSs more 

accessible, reliable, easy to use, and affordable. This comprehensive approach will prevent DAC 

residents from being marginalized in the clean energy transition and pave the way for a cleaner 

energy future. 
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CHAPTER 4 APPENDIX 

 

Figure A1. (a) Count of fully public EVCSs by state in the contiguous United States in 
2022; (b) fully public EVCS per 1 000 population. States marked with an asterisk (*) indicate 
a statistically significant difference in the distribution between DAC (Disadvantaged 
Communities) and non-DAC areas within those states (p < 0.05). The state population data are 
obtained from the U.S. Census for the year of 2022.   

 

  

（a） （b）
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Table A1: Model performance on sentiment analysis using different models. 

Model Accuracy (%) (s.d.) Precision Recall F1 score 

CNN (Asensio et al., 
2020) 84.7 (0.8) 0.86 0.86 0.86 

GPT 3.5 86.2 (0.02) 0.95 0.81 0.88 

GPT 4 87.1 (0.01) 0.96 0.82 0.88 
GPT 3.5 model: gpt-3.5-turbo-0125  

GPT 4 model: gpt-4-0125-preview  

 

Table A2: Comparison of sentiment annotations conducted by the two researchers (Interrater reliability: κ 
= 0.81) 

 Researcher 1 Researcher 2 

Positive Annotation 1 885 

(59.1%) 

2 034 

(63.8%) 

Negative Annotation 1 303 

(40.9%) 

1 154 

(36.2%) 

Total 3 188 

(100.0%) 

3 188 

(100.0%) 

 

 

Table A3: Model performance on problem categorization using different models. 

Model Accuracy (%) (s.d.) Precision Recall F1 score 

GPT 3.5 76.5 (0.19) 0.83 0.76 0.79 

GPT 4 82.4 (0.08) 0.87 0.82 0.84 

GPT 3.5 model: gpt-3.5-turbo-0125  

GPT 4 model: gpt-4-0125-preview  
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Table A4: Comparison of problem categorization labels conducted by two researchers (Interrater 
reliability: κ = 0.71) 

Problem Category Researcher 1 Researcher 2 

Hardware and Technical Issues 
571 

(52.8%) 

556 

(51.4%) 

Software and Digital 
Infrastructure 

 

34 
(3.1%) 

44 
(4.1%) 

User Experience 
137 
(12.7%) 

143 
(13.2%) 

Restrictions and Accessibility  
265 

(24.5%) 

286 

(26.5%) 

Cost Concerns 
28 

(2.6%) 

20 

(1.9%) 

Incomprehensible comments 
46 
(4.3%) 

32 
(3.0%) 

Total 
1 081 

(100.0%) 

1 081 

(100.0%) 
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5. CONCLUSIONS AND FUTURE DIRECTIONS  

In this dissertation, we characterize public health and equity outcomes associated with zero-

emission vehicle (ZEV) adoption and electric vehicle charging station (EVCS) accessibility, 

focusing on three main topics: (1) the environmental justice implications of ZEV adoption, (2) the 

regional air quality and health benefits of ZEVs in Los Angeles, and (3) the equity and reliability 

of public EVCS infrastructure across the United States. Using a range of methods, including 

geospatial analysis, transportation and air quality modeling, and qualitative analysis of user-

generated data, we provide a comprehensive assessment of the clean transportation transition, with 

a focus on vulnerable populations such as disadvantaged communities (DACs) and racially and 

ethnically minoritized populations. This research is particularly relevant in the context of 

California's ambitious climate change targets, as the state aims for 100% ZEV sales by 2035, 

alongside efforts to reduce greenhouse gas emissions and improve air quality. The work presented 

in this dissertation offers evidence-based insights that can guide policy development and help 

address the persistent environmental inequities faced by DACs. As California moves forward with 

its climate action plans, including expanding ZEV adoption and EVCS infrastructure, it is critical 

that these policies are designed and implemented in a way that ensures equitable access to the 

benefits of clean transportation technologies. This dissertation highlights the need for targeted 

interventions that address disparities in ZEV ownership, pollutant exposure, and EVCS 

accessibility, with the ultimate goal of reducing pollution burdens and improving public health 

outcomes for all communities. Additionally, this research is timely given the increasing 

vulnerability of DACs to climate impacts, including extreme weather events, air pollution from 

wildfires, and prolonged exposure to traffic-related air pollution (TRAP). As the climate continues 

to change, these communities face heightened risks, and equitable policies are essential to 
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protecting them from the adverse health effects of environmental exposures. By focusing on ZEV 

adoption and EVCS accessibility, this dissertation contributes to a broader understanding of how 

clean transportation policies can be leveraged to promote environmental justice and safeguard 

public health in the face of climate change. The findings in this dissertation have significant 

implications for policymakers, environmental justice advocates, and other stakeholders. They 

provide actionable recommendations for designing more equitable ZEV incentive programs, 

improving the distribution and reliability of public EVCSs, and addressing the complex interplay 

between air pollutants such as fine particulate matter and ozone. The insights gained from this 

research can be used to inform future interventions aimed at reducing pollution burdens in DACs, 

ensuring that all communities benefit from the transition to a cleaner and more sustainable 

transportation system. 

In Chapter 2, we projected the future ZEV fleet population in California using logistic models 

based on current and forthcoming policies, such as the state’s mandate for 100% ZEV sales by 

2035. Our analysis focused on the Greater Los Angeles area and explored disparities in ZEV 

ownership between disadvantaged communities (DACs) and non-DACs, highlighting how ZEV 

adoption could reduce traffic-related air pollution (TRAP) disparities while still leaving room for 

improvement. By integrating ZEV ownership data with household travel demand and 

transportation supply models, we predicted electric vehicle miles traveled (eVMT) and the 

associated emission changes at the census tract level. The results provided key insights into how 

ZEV adoption can contribute to cleaner air and address environmental justice issues, while also 

identifying persistent gaps in ownership and exposure. 

For Chapter 2 future research, it will be important to investigate the potential spillover 

effects of California's ZEV adoption on other regions, both within and beyond the United States. 
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As California accelerates the transition to ZEVs, older internal combustion engine vehicles 

(ICEVs) are likely to be retired at a faster pace. This raises important questions about where these 

vehicles will go. In states without progressive ZEV policies, could this lead to an influx of older, 

more polluting vehicles, thus exacerbating air quality issues in those regions? Additionally, the 

global implications of California’s ZEV policies are worth exploring, particularly in low-income 

countries where the demand for affordable used vehicles is high. There is a concern that while 

California may reduce emissions locally, it could unintentionally increase pollution in other parts 

of the world by exporting retired ICEVs. This issue has been discussed with the Global Director 

of Transport Global Practice at the World Bank, who has expressed interest in providing data and 

support for further investigation. Collaborative research with the World Bank could offer valuable 

insights into the cross-border effects of clean vehicle policies, ensuring that California’s progress 

in reducing emissions does not inadvertently exacerbate environmental challenges in other regions, 

particularly in low-income countries. 

In Chapter 3, we evaluated the health benefits of ZEV adoption in Los Angeles by modeling 

the reduction in air pollutants such as fine particulate matter and ozone and applying racially and 

ethnically specific dose-response curves. This approach allowed us to more accurately assess how 

different communities, particularly disadvantaged and minoritized populations, benefit from 

reduced air pollution exposure. Our findings suggest that applying racial and ethnic-specific dose-

response curves reveals a larger health benefit for these populations, who are more susceptible to 

air pollution. As a result, previous assessments that used generalized dose-response data may have 

underestimated the potential public health gains from air quality improvements, particularly 

among vulnerable groups. Furthermore, we scaled down air pollution concentration maps to a 
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high-resolution grid (1 km x 1 km), providing more localized estimates of air quality 

improvements. 

However, despite the advancements in our analysis, data limitations prevented us from 

conducting the assessment at an even finer scale. Specifically, the absence of racially, ethnically, 

and age-stratified baseline mortality rates at the census tract level posed a challenge. Addressing 

this data gap is essential for producing more accurate estimates of health outcomes related to air 

pollution and for ensuring that environmental justice (EJ) considerations are fully integrated into 

health assessments. 

For Chapter 3 future research, we are developing a comprehensive health assessment model 

that incorporates EJ perspectives by integrating fine-scale, stratified baseline mortality rates with 

air pollution exposure data. This model will improve the estimation of health outcomes across 

different racial, ethnic, and socioeconomic groups. As part of this effort, we are working on a 

project that utilizes Bayesian statistics to estimate census tract-level baseline mortality rates in 

California. This approach will allow for more precise assessments and provide policymakers with 

the data needed to design equitable interventions that address the disproportionate pollution 

burdens faced by vulnerable communities, thereby maximizing the public health benefits of ZEV 

adoption and other environmental policies. 

In Chapter 4, we conducted a national analysis of the equity and reliability of EVCSs by 

utilizing user-generated data and reviews. Our analysis highlighted significant disparities in public 

EVCS availability and reliability, particularly in DACs and among populations without access to 

at-home charging. While public EVCS infrastructure is critical to supporting electric vehicle 

adoption, particularly for residents of multi-dwelling units (MDUs) and renters, it is also important 

to recognize that the majority of charging will occur at home. However, data on at-home charging 
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is challenging to obtain, as there are no public reviews or centralized records similar to those 

available for public charging stations. 

For Chapter 4 future research, we aim to assess the ability of households to install and utilize 

at-home charging infrastructure. Given the scarcity of available data, we plan to obtain public 

building permits and use artificial intelligence to streamline the process of identifying EVCS-

related applications. This approach will allow us to analyze the characteristics of early adopters of 

at-home charging and assess the potential for charging infrastructure in different regions. 

Additionally, we aim to investigate potential racial and ethnic disparities in access to at-home 

charging infrastructure, which could have significant implications for the equitable adoption of 

electric vehicles. By filling this gap in the data, we hope to provide a more comprehensive 

understanding of the barriers to electric vehicle adoption and identify policy interventions that 

promote equity in the clean energy transition. 
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